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data protection legislation and individual decision-making about who 
should use data and for what purposes. Solid Pods and FAIR Data 
Points enable data collaboratives where data reuse results in shared 
benefits rather than representing an extractive process. 

This technical transformation from application-centric data reuse to 
data-visiting of FAIR data objects supports the Internet of FAIR 
Data and Services (IFDS), where access is strictly controlled under 
local access conditions. FAIR-ORL supports the shift in the 
choreography of access and ensures data generators have data 
sovereignty. This change is particularly pertinent for personal, 
sensitive data, like health data, which should be used to build 
individual and local health under locally determined access 
conditions. 

The African Health Data Space 

The Africa Health Data Space is a collaborative initiative to improve 
health data management and analytics across Africa. It focuses on 
generating continuous, real-time, high-velocity clinical observational 
patient data from resource-limited communities that have not been 
well-represented in digital health data. The initiative involves 
deploying FAIR Data Points in health facilities across multiple 
African countries, including Uganda, Kenya, Tanzania, Ethiopia, 
Nigeria, Rwanda, Namibia, Liberia, Guinea Bissau, Ghana, Tunisia 
and South Africa, with plans to expand further. The data remains 
securely stored in the health facilities, ensuring local ownership and 
compliance with regulatory frameworks. 

The federated Africa Health Data Space aims to enable ethical and 
efficient data sharing and analysis, supporting local and global health 
research and outbreak response. This initiative is part of a broader 
grassroots effort to strengthen national capacities for health data 
analytics and promote the use of health data at the point of care in 
Africa and beyond. The African Health Data Space responds to the 
pressing need for indigenous data collection and reuse approaches 
rooted in equity and data sovereignty. While global health policy and 
practice are meant to build population health, extractive practices in 
global health research represent a form of digital colonialism. HIV 
data from Africa have long been collected and stored by external 







10 

The Leiden University Institute of Advanced Computer Science 
(LIACS) curriculum includes the course Data Science in Practice. 
This course was particularly productive in promoting innovative 
solutions using FAIR-linked data. A second course, Regulatory 
Governance in Data Science, has supported students in investigating 
the regulatory and ethical frameworks for approaching data science. 
The quality of data curation determining the quality and 
representativity of AI is studied as an emerging problem. In this book, 
the last chapter introduces an undergraduate academic framework for 
teaching data science, emphasising advanced skills in cultural 
competence, representativity and social responsibility. 

VODAN is a subsidiary of the Africa University Network on FAIR 
Open Science (AUN-FOS), which promotes open science principles 
across African universities. It focuses on addressing global 
inequalities in access to, and the benefits from participation in, 
innovation and research. The network emphasises the importance of 
making data Findable, Accessible, Interoperable, and Reusable 
(FAIR) to support scientific advancements and community resilience. 
It has established programmes like the Digital Innovation and Skills 
Hub (DISH), which provides pre-university courses and skill 
development for vulnerable youth, drop-outs, and refugees, with a 
strong emphasis on data science and mental health support. The 
Globalisation, Accountability, Innovation and Care (GAIC) Research 
Lab drives the network, which explores how innovation can 
contribute to or disrupt communities and aims to create a more 
equitable and inclusive research environment in Africa and elsewhere. 

FAIR Implementation Network: GO TRAIN, GO BUILD and 
GO CHANGE 

This book is the result of an original meeting held in 2019 in Leiden, 
when the GO FAIR Implementation Network Africa was established. 
FAIR Africa of GO FAIR aims to promote adopting and 
implementing FAIR data principles across Africa. The essence of this 
network is to foster a collaborative environment that brings together 
African expertise, both within the continent and in the diaspora, to 
build an Internet of FAIR Data and Services. This initiative seeks to 
address the challenges of data governance, ownership, and 
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also right to think that from this time onwards, efforts should focus 
on user-friendly applications and tools. 

In the work ahead, we must bring together and learn from the 
experiences of Solid Pods, Linked Data Spaces, FAIR Data Points, 
and FAIR-OLR data reuse. Through collected action, we can ensure 
the security of data spaces based on federated FAIR data 
architectures, respond to emerging data privacy legislation, connect 
data siloes, and address other wicked problems needed to build 
investment and trust in health data capture and reuse. 

When the VODAN FAIR data community started its journey five 
years ago, we were led by the mantra of GO BUILD, GO CHANGE 
and GO TRAIN. GO BUILD has assured us that a FAIR Data Space 
is feasible, desirable, and doable. GO CHANGE has given us 
confidence that GO FAIR is context-sensitive, adaptable to specific 
places and times, and capable of structuring science and allowing new 
phenomena to be made visible. GO TRAIN then remains perhaps 
the most important of all. Training provides the basis for trust, for 
understanding, for accountability. Training allows for the right 
questions to be asked; it removes the mist of data-handling and makes 
it a transparent process. Training allows the proliferation of FAIR 
data by increasing the number of competent participants. It ensures 
that data handling integrates seamlessly with machine learning (ML) 
and AI and increases understanding that FAIR data curation is, in 
fact, a prerequisite for these things. Training will encourage the 
participation of a new generation in the Internet of FAIR data and 
Services. As we move into the next five years of this decade, keeping 
emphasis on GO BUILD, GO CHANGE and GO TRAIN will 
guarantee that we will arrive in a space where FAIR Data will be 
normalised, FAIR Africa will be a natural concept, and a FAIR World 
will be in reach.  



https://www.africanhealthdataspace.org/
https://www.africanhealthdataspace.org/
https://www.africanhealthdataspace.org/
https://doi.org/http:/doi.org/10.5334/dsj-2020-043
https://mundaneum.org/en/activite/mundaneum-machine-to-think-the-world/
https://mundaneum.org/en/activite/mundaneum-machine-to-think-the-world/
https://mundaneum.org/en/activite/mundaneum-machine-to-think-the-world/
https://mundaneum.org/en/activite/mundaneum-machine-to-think-the-world/


https://doi.org/10.1016/B978-0-443-13897-3.00013-8
https://doi.org/10.1016/B978-0-443-13897-3.00013-8
https://doi.org/10.1038/sdata.2016.18
https://www.who.int/publications/i/item/9789240020924
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Chapter 2 

Bridging Borders with FAIR Data:  
Transforming Digital Ecosystems for Maternal 

Health and Public Health Surveillance in Africa 
Samson Yohannes Amare 

Abstract 

This research documents an implementation study of a federated data 
architecture for managing patient data across eight African countries. 
The digital platform, deployed as a minimal viable product in 74 out 
of 88 signed-up health facilities, enabled localised data management 
with distinct entry forms prepared for one-time data entry. This 
process ensured the creation of FAIR (Findable, Accessible, 
Interoperable, and Reusable) data enriched with semantic and 
machine-readable features. Adaptations were made to accommodate 
country-specific resource constraints and regulatory frameworks. 
These choices were documented in a FAIR Implementation Profile 
and shared to make them globally accessible as practices for 
implementers along with specifications, which were made public. 
This process was supported by locally deployed tools as micro-
services, supporting FAIRification. Analytics derived from patient 
data contributed to more informed clinical decision-making and 
enhanced patient care. The availability of high-quality, FAIR-
compliant data enhanced research outcomes, supporting evidence-
based medical advancements. We found that the De Novo 
FAIRification of routine patient data through data visiting could be 
supported by workflows that are responsive to resource-limited 
African settings. The study found that the FAIR framework, which 
supports Ownership, Localisation, and Regulatory Compliance 
(OLR) of patient data, presents a viable new digital ecosystem that 
addresses challenges related to reusing sensitive, individual-level 
health data in low-resource settings. 

Keywords: De Novo FAIRification, FAIR by design, FAIR data, HMIS, 
patient data, digital health system, data visiting 
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posted about their work, progress, challenges, and opportunities, 
serving as a record of the work. The weekly meetings were video-
recorded and available to all community members, serving as further 
records of the implementation process. The documentation from the 
implementation process was archived as a resource for the research 
community. 

Teams established in each country represented in the VODAN Africa 
research group had one or more country coordinators. The 
coordinator was responsible for building the network in each country, 
keeping the ministries and bureaus of health informed, implementing 
introductions and follow-up activities, ensuring the deployment was 
implemented, and monitoring the FAIR data production. The 
country coordinator was responsible for ensuring regulatory 
compliance at both the national and regional levels, as well as for 
creating conditions that facilitated the execution of activities in their 
respective health facilities and research centres. To translate 
principles into practice, community members discussed 
implementation decisions to reach a consensus with their respective 
communities on the FSRs to be created or reused, as well as on the 
data pipeline to be established. The country coordinators were 
responsible for documenting and following up on the 
implementation research. In countries with multiple coordinators 
covering different regions, the coordinators worked together. 

The community was organised with specialised technical teams 
focusing on (i) semantic data modelling and linkage, (ii) software 
tooling, (iii) training/data stewardship, and (iv) deployment.  

Reusing existing tooling for open science 
Our approach to building cross-facility interoperability and federated 
data reuse (Sanders, 2008; Sanders & Stappers, 2014) focused on 
creating a high-quality data pipeline that adhered to the FAIR guiding 
principles, while translating these principles into the use and 
adaptation of products and services that help produce FAIR data. We 
used FAIR Implementation Profiles (FIPs) to provide a structured 
approach for documenting the choices made to implement each of 
the 15 principles and to offer guidance for implementing the 
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Analytical framework 
De Novo FAIRification, also known as FAIR-by-design, is a 
workflow where data is enhanced with semantic properties and made 
into machine-readable assets from the outset, during the creation of 
the digital data instance. This approach is proposed and followed by 
Jacobson et al. (2020) and Groenen et al. (2021). In contrast, other 
work follows FAIR by increment, implementing the FAIR principles 
retrospectively for legacy data. An example of FAIR by increment is 
the work by Smits et al. (2025), published in this volume.  

Mature FSRs support FAIRification processes and facilitate 
convergence among implementers. That said, the documentation and 
exploration of FAIRification tools, techniques, and practices is 
underdeveloped. This study addresses the critical need for software 
tools that operationalise the FAIR principles, either by design or 
increment. While Jacobson et al. (2020) and Groenen et al. (2021) 
describe a FAIRification workflow which can provide the basis for a 
structured and generalisable approach to data management on patient 
data generated in clinical settings, their work only supports a FAIR-
by-design approach and their proposed workflows have not been 
tested in the African context (Van Reisen, Stokmans, Basajja et al., 
2020). The absence of a solution tested in various contexts and with 
legacy data collection processes in health facilities underscores the 
necessity of context-specific adaptations to achieve scalable and 
sustainable FAIR-compliant data systems, which are more cognisant 
of a situation where data has a legacy (Jacobsen et al., 2020; Basajja & 
Nambobi, 2022) 

To enable FAIRification in various locations and countries across 
Africa, a new level of FAIRness, referred to as FAIR-Ownership of 
Data in Locale with Regulatory Compliance (OLR), was developed 
(Van Reisen et al., 2023). This approach identified the federated 
aspect of a FAIR architecture as fundamental. FAIR-OLR enables 
data to be owned by the entity responsible for its production, held 
locally, and maintained in compliance with regulatory requirements in 
the location where the data resides. The OLR principles strengthen 
the component of FAIR data sovereignty, acknowledging that FAIR 
data is fundamentally federated and AI-ready. 
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and capabilities, some facilities also installed AllegroGraph, a triple 
store, depending on service availability. 

At the central level, an external dashboard was developed to which 
facilities periodically synced aggregate statistics. This central server 
hosted publicly available, aggregated data and additional platforms, 
including AllegroGraph, which enabled remote queries on de-
identified, shared data triples using the SPARQL Query Language and 
the Resource Description Framework (RDF). The central 
infrastructure also supported federated analytics and federated 
learning. The main components of the platform are illustrated in 
Figure 1. 

 
Figure 1. VODAN Africa architecture for FAIR infrastructure in 

health facilities  

Source: Amare et al., 2023 

The main components included a metadata processing component, a 
data curation component, a data visualisation component (internal 
clinic and VODAN community dashboards), query functionality 
using a triple store, and reporting components. The platform 
employed a modular approach, allowing each facility to deploy 
different components of the architecture. 

Building on the experience of the VODAN research network, the 
Ubuntu operating system was selected as the platform host. Its open 
architecture facilitated the seamless integration of various systems, 
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CEDAR enables the creation of templates through an intuitive drag-
and-drop, machine-actionable (meta)data collection template 
designer. The platform uses the CEDAR Workbench as a data and 
metadata template engine. For each unique form, a separate template 
was created in CEDAR. Each template was set up to create the 
metadata by selecting vocabularies for each field. A list of controlled 
and preferred vocabularies was established during the vocabulary 
identification and selection process to represent each field and 
enhance interoperability. The CEDAR system is linked to BioPortal, 
which allows it to utilise semantic ontologies in the design process of 
the data curation templates. BioPortal enables selection from other 
Common Data Model (CDM) standards and well-established clinical 
vocabularies, such as Systematized Nomenclature of Medicine 
Clinical Terms (SNOMED-CT). Within a given template, each field 
was linked to preferred semantic ontologies identified in BioPortal. 
CEDAR then automatically assigns a unique Uniform Resource 
Identifier (URI) to each field. The list of controlled vocabularies and 
preferred ontologies was compiled in an Excel spreadsheet, and the 
ontologies were subsequently reposted in the VODAN Africa portal 
for easy selection by other groups, encouraging FAIR convergence. 

As shown in Figure 2, when new terms needed to be selected, they 
were created using an Excel sheet format based on the Simple 
Knowledge Organization System (SKOS) framework and 
subsequently transformed into RDF format via SKOS Play. RDF 
identifies a data-instance as a triple, an object-predicate-subject 
structure. The transformation of the data instance through SKOS 
resulted in an RDF Terse Triple Language (TTL), also known as 
Turtle, file. This results in a serialised description of the RDF triple 
graph of the instance, which identifies URIs and International 
Resource Identifiers (IRIs). This process links URIs and IRIs to value 
properties, which gives semantic meaning to the novel data instance. 
The novel triple was then uploaded to BioPortal to enable open 
ontology searches. It was further used for template creation in 
platforms such as CEDAR Workbench, Research Electronic Data 
Capture (REDCap), and other systems. The VODAN Africa portal, 
created based on OntoPortal, assembled the new ontologies. The new 
ontologies were also published on GitHub. 
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Figure 3. Platform development and FAIRification approaches 

followed in creating the VODAN Africa platform 

Semantic data modelling plays a crucial role in enhancing data 
interoperability, enabling remote querying, and supporting 
comprehensive data analytics both within individual healthcare 
facilities and across multiple institutions. 

To ensure data control and sovereignty as well as promote localised 
usage, data was required to be stored in residence at the point of 
production and primarily used within the originating facility. For this 
purpose, data was stored in the selected triple store tool, 
AllegroGraph. The process ensured that knowledge graph-based 
remote querying and analytics were supported, while the data 
remained within its original location. Access and control mechanisms 
were implemented at the port of the store in each facility, through 
data use agreements, and at the granular level, allowing permissions 
to be assigned at the level of individual triples. Additionally, the data 
was stored in other databases, including MongoDB, and was 
accessible through an internal dashboard. The internal dashboard was 
designed to enhance data ownership and usability for local 
stakeholders, providing them with direct access to data and actionable 
insights tailored to their specific needs. 

Integration and development of platform components 
To curate the FAIR (meta)data, CEDAR was used in the health 
clinics by installing it in the residence where the data was produced 
and curated. The registers were converted into CEDAR templates, 
which used controlled vocabularies during the process. 

Bulk upload 
To expedite the data curation process, it was necessary to upload the 
backlog data in bulk. Although the CEDAR system lacked the 
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Figure 5. Tool to automatically load prepared templates from the 
central CEDAR platform onto the local installation 

Initially, the localised version of CEDAR did not allow for the export 
of templates. The templates created by the data stewardship team had 
to be deployed on the localised systems, which meant recreating 
them. As there were many forms, creating a script in the system was 
more straightforward than migrating the templates to the local 
version. Using the bulk upload tool, a practical workaround was 
created. The template creation was done at metadatacenter.org and 
stored in JSON-LD format. We downloaded the templates from the 
remote CEDAR deployment and recreated them locally using an 
automated script that leveraged both APIs. This approach enabled a 
rapid rollout, which was practical given the large number of health 
facilities and templates needed. Alternatively, the JSON can be copied 
manually, saved locally, and synced with the installed tools. 

Different countries had different needs based on their infrastructure. 
Tigray in Ethiopia, one of the implementation sites, had low 
connectivity and, in addition to having limited resources, experienced 
a total communication blackout and war during the implementation 
study. The FAIRification of existing research and clinical data was 



48 

carried out by preparing the data in a CSV file and uploading them 
using the bulk upload tool to CEDAR. The data were then visualised 
on the dashboards and could be queried using SPARQL. 

CEDAR stores the data created via the templates in MongoDB in the 
form of JSON-LD. This data can be read directly by the system by 
adding the MongoDB extension to Laravel. The system was also 
made available as open-source software, providing a reusable FSR. 
MongoDB, a NoSQL database that utilises a document-based format 
and serves as a data source across various platforms, thereby 
enhancing interoperability through its schema-less design and 
widespread adoption for healthcare data. 

Data visualisation component 
In addition to data reuse for reporting requirements, healthcare 
workers wanted to utilise the data produced by facilities for clinical 
decision-making. VODAN Africa worked with local stakeholders to 
develop internal dashboards that reflected the specific clinical 
decision-making priorities for that health centre. The internal 
dashboard provided frequencies based on FAIR data generated by 
data stewards and health professionals, ensuring instant visual 
feedback on their work performance, including daily visits and other 
statistics chosen per discussions and agreements made through the 
data use agreement. In contrast to data curation activities prior to the 
initiation of the VODAN Africa federated data reuse platform, where 
data were produced for and reported to external groups, like 
ministries of health, through facilitating the reuse of their data for 
patient care, these dashboards posited clinics and hospitals as both 
data generators and the primary beneficiaries of data reuse, prompting 
them to produce more data of higher quality. Data were reused where 
they were initially produced, ensuring the appropriate distribution of 
benefits to data providers.  

Aggregate statistics were shared and displayed on the external 
community dashboard, shown in Figure 6. The community 
dashboard refers to the external dashboard of VODAN, presenting 
aggregate statistics aggregated from data across participating hospitals 
to facilitate cross-facility inference at the regional, national, or cross-
national level,  
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HMIS linkage component 
The data curated in the VODAN platform primarily came from 
abstract registers, which serve as inputs for HMIS reports. Health 
technology professionals, nurses, and other HMIS-related health 
workers use tally sheets to count and compile HMIS monthly and 
periodic reports. To facilitate the acceptance of FAIR data curation, 
the system was made interoperable with DHIS2, one of the most 
widely adopted reporting tools. VODAN programmes developed an 
automated extraction script that aggregated data into DHIS2 to 
automatically derive the required reports for health facilities. Figure 7 
illustrates the interoperability of the VODAN platform with the 
standard HMIS system, DHIS2. The DHIS2 JSON template data 
from the VODAN platform was aggregated and submitted using its 
API. 

Figure 7. VODAN platform to DHIS2 interoperability workflow 

DHIS2 JSON template data from the data storage component: 
Document database and triple store 
The data storage component manages various data types and stores 
data locally. Data was stored in the form of CSV files and legacy 
relational database systems. Those datasets and newly created data 
were transformed and stored in the MongoDB document database as 
JSON-LD and as a knowledge graph in a triple store using 
AllegroGraph. Data storage localisation was one of the key principles 
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study reported that DHIS2 tooling itself lacked local sovereignty and 
ownership. 

For ease of management, cost efficiency, and the aggregation needs 
of data system providers, many implementations continue to rely on 
relatively centralised computing models. In contrast to these 
assumptions, this research demonstrates that federated data 
infrastructures have significant potential for tracking, monitoring, and 
addressing clinical issues, while enabling data utilisation for research 
both during and after patient care. More research is needed to ensure 
the usability of the systems at the local level. The successful 
implementation of a federated data system requires consideration of 
enabling supporting structures, including substantial data stewardship 
programmes, infrastructure development, community engagement, 
and governance frameworks to ensure security, scalability, and ethical 
data use, as well as tools to handle access control and permissions for 
data access. 

Theoretical insights for further research 
The findings from the current study suggest that control over data 
must be complemented by control over the tools used to manage and 
process it, thereby ensuring greater data sovereignty and technological 
autonomy. In other words, this study found that control over data 
requires control over the tools to handle the data.  

This part of the discussion addresses: the design of the overall 
platform; the engineering of tools to make the platform operational 
with different elements connecting the components of the platform; 
the blending of FAIR by design and FAIR by increment; and 
adaptation for final deployment in varying context situations.  

Design of the overall platform based on data visiting 
Having established the requirements and specifications set by the 
community, following its analysis of the core of the problem, the next 
phase of the study involved the technical engineering of localised 
tools and in-residence data management, reinforcing the principles of 
data ownership, interoperability, and regulatory compliance within 
the regional healthcare ecosystem. This architecture relies on the 
principle of data visiting.  
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In contrast to data sharing, which requires the transfer of data to a 
centralised location outside of health facilities, data visiting aligns with 
the FAIR and FAIR-OLR principles by ensuring that data remains 
accessible without compromising ownership, security, or regulatory 
compliance. Remote querying techniques such as SPARQL and 
federated data analytics are commonly used to enable data visiting in 
healthcare research, epidemiology, and cross-border collaborations. 

Table 1. A comparison of data sharing and data visiting 

Concept Definition  Key characteristics 
Data 
sharing 

The process of 
transferring data from 
one entity to another 
often involves 
duplicating or moving 
datasets. 

Data is physically copied, transferred, 
or downloaded. It requires agreements 
on data ownership, security, and 
compliance. Data sharing increases 
risks related to privacy, security 
breaches, and unauthorised use. 

Data 
visiting 

A model in which data 
remains at its original 
location, and external 
users send queries to 
access and analyse it 
remotely. 

Data never moves; only results of 
queries are returned. Data visiting 
supports federated learning and remote 
analytics. It enhances data sovereignty, 
privacy, and regulatory compliance. It 
requires interoperable and secure 
infrastructures. 

The key distinction between data sharing and data visiting lies in how 
data is accessed and controlled. Data visiting refers to a privacy-
preserving approach in which data remains at its source and, instead 
of being transferred, researchers or algorithms visit the data through 
remote querying or federated analytics. This method is beneficial in 
sensitive domains such as healthcare, where data protection principles 
restrict direct data sharing. 

Data visiting enhances data sovereignty and ensures that data remains 
under the control of the entity that owns them. It enhances security 
and privacy preservation by complying with data privacy regulations 
and mitigating the risks associated with data movement. It also 
supports federated learning, enabling collaborative research and AI 
model training without exposing sensitive, participant-level data. 
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Finally, data visiting reduces duplication and storage costs, as it 
eliminates the need for multiple copies of large datasets. 

The implementation of a data-visiting framework and semantic 
interoperability across healthcare facilities has demonstrated the 
feasibility of integrating data-driven insights to enhance clinical 
decision-making for health workers at the point of care. 
Simultaneously, these frameworks facilitate collaboration at regional, 
national, and international levels, enabling the generation of broader 
health insights. We found that, in a data-visiting, federated 
framework, smaller healthcare facilities can leverage high-quality 
machine learning diagnostic models that are securely trained on large-
scale datasets from major hospitals, thereby enhancing diagnostic 
accuracy and clinical decision-making in settings with limited data. 
These findings present a significant opportunity for future research, 
particularly in exploring how larger hospitals can provide relevant, 
data-driven insights to support decision-making in smaller clinics. 
Further investigation is required to fully realise the potential for these 
collaborative, AI-driven healthcare models. 

Engineering of tools and standardisation of common data models 
The federated reuse of participant-level data from disparate systems 
necessitates standardisation, which requires a common data model 
for data exchange, such as FHIR. In observational health research, 
standardisation enhances data quality and the efficiency of cross-
database comparisons (Voss et al., 2015). Cross-standard 
collaboration, as between FHIR and OMOP/SNOMED, can further 
enhance such standardisation to strengthen interoperability within 
and across communities. This study demonstrated that the use of 
controlled vocabularies and semantic ontologies in triple-reading 
machine-readable RDF syntax facilitates the computation of sensitive 
data stored in a federated manner across facilities and countries. The 
study found that the standardisation workflow could be deployed in 
the African digital health data context. 

Blending FAIR by design and FAIR by increment  
While current FAIRification efforts often focus on the retrospective 
implementation of FAIR, this work focuses on De Novo 
FAIRification, also known as FAIR-by-design, blended with 
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tools. Remote access via distributed queries and federated analytics 
enabled data utilisation while adhering to data protection regulations, 
although further refinement of these mechanisms is required. To fully 
leverage these capabilities, it is essential to implement robust security 
measures and comprehensive data privacy protections to ensure 
compliance and safeguard sensitive information. 

Conclusion 

Grounded in the FAIR principles and the need for Localization, 
Ownership, and Regulatory Compliance (FAIR-OLR), the VODAN-
Africa research group developed and implemented a system capable 
of curating and managing FAIR data. This system was deployed 
across 74 health facilities in Africa, enabling the production and use 
of FAIR data at the point of care and service delivery. 

This study allowed for an examination of the successes and challenges 
of software development in environments that differ significantly 
from mainstream implementation settings, such as those in Europe 
and the United States, where FAIR principles are widely promoted. 
Best practices for FAIR biomedical data remain disproportionately 
skewed toward Western nations, with low- and middle-income 
countries (LMICs) underrepresented in the FAIR implementation 
landscape (Bezuidenhout, 2020).  

The study highlighted the successful deployment of a federated 
architecture for managing sensitive patient data, localised and retained 
in-residence, across eight African countries. The research explored 
the development of an overarching platform, the integration and 
enhancement of its components, and its subsequent deployment to 
realise De Novo FAIRification. Each of the 74 health facilities in 
which the system was implemented had its own distinct data entry 
forms prepared for one-time data input. This approach ensured the 
production of FAIR data enriched with semantic and machine-
readable features.  

Conducted as an ethnographic study of engineering implementation, 
the research objective was to test the feasibility of using the FAIR 
Guidelines for patient data curation. The implementation focused on 
data curation for ANC, OPD, and COVID-19 by the data clerks at 
participating health facilities. A dashboard was provided to each 
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health facility to generate insights from the data curated in the health 
facility. A cross-country dashboard showed the surveillance insights 
generated through federated data reuse from participant repositories. 
The surveillance was conducted across borders, in full compliance 
with specific regulations in each location and under the control of the 
health facility. 

This experience provided valuable insights into the tools and 
methodologies developed during the implementation process. 
Importantly, the success highlighted the potential of federated 
architectures, supported by lean microservices, suitable for low-
resource settings. The result of this research offers documented 
practices that can be adopted globally and locally by other 
implementers. It laid the groundwork for federated data curation, 
infrastructure, and data pipelines.  

Various adaptations were documented to address the unique resource 
constraints and regulatory frameworks of the different countries. This 
is the first step towards establishing a health data environment for a 
Personal Health Train setup, supported by federated AI and machine 
learning in Africa. This research has the potential to inform the 
development of FAIRification processes in various settings, adapted 
to local contextual conditions. 
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Chapter 3 

Introducing Data Sovereignty Over Patient Data:  
Patient Data Ownership in Residence of Health  

Facilities in Kenya 
Reginald Nalugala, Putu Hadi Purnama Jati, Samson Yohannes 

Amare, Maxwell Omare, Jacinta Wairimu, Charles Kahiro, 
William Nandwa, Seth Okeyo, Dennis Kinoti, Aliya Aktau, 

Albert Mulingwa & Mirjam van Reisen 
Abstract 

This study examines clinical patient data stewardship through the 
perspective of data sovereignty. Data sovereignty underscores the 
authority of nations, communities or entities to manage data within 
their jurisdiction. The study recognises the problem that digital 
system for patient care and preventive medicine lack data integration. 
Against these two major problems, the study highlights the need for 
a paradigmatic shift in patient data handling to solve these problems. 
To ensure explicit control over the data, the study identifies the new 
expectations of patient data stewardship and health data handling. 
The research highlights that federated data handling can ensure data 
ownership across jurisdictions. The study found that such 
infrastructure is best served with data curation based on localised 
machine-actionable metadata. The study concludes positively on the 
feasibility of the establishment of frameworks for localised patient 
data control by care providers and patients; the feasibility of systems 
for improved digital patient data-driven care and services, and the 
possibility to base analytics on conditional access to metadata. It 
follows that there is an urgent need to enact legislation for inclusive 
health data representation. The study found that the idea of the Africa 
Health Data Space, based on the value of data sovereignty, is a 
contribution to realise the required paradigm shift. 

Keywords: Patient data, health information system, DHIS2, data 
sovereignty, health data management, DHIS, FAIR-OLR 
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system in Africa meant that it would continue giving space for 
international researchers to siphon out its health data to the West at 
the expense of Africa (Van Reisen et al., 2021) and there was no 
legislation addressing this (Van Reisen et al., 2022). Africa has become 
disadvantaged in this regard because of poor data infrastructure and 
human resource expertise to handle the introduction of required 
technology to make sure data remains in jurisdiction (Van Reisen et 
al., 2022). As a result of the unpreparedness and lack of ability to 
respond effectively to the COVID-19 pandemic, it became evident 
that the overall digital health systems existing in Africa were wholly 
inadequate to perform data surveillance, storage, distribution and 
control over patient data in jurisdiction to support national strategies 
regarding the prevention, treatment and vaccine research (Van Reisen 
et al., 2022). Despite concerns over the lack of control over patient 
data in Africa at large and the lack of adequate national responses to 
the COVID-19 pandemic that were tailored to national realities, Van 
Reisen et al (2022) showed big discrepancies across African nations 
in terms of patient data handling.  

Hence, to study how and in what way the COVID-19 pandemic 
prompted change in national policies, a case study approach on a 
country-by-country basis is prudent to avoid over-generalisation. 
Considering the problems experienced in the response to the 
COVID-19 pandemic, the study of Inau et al. (2022) showed that 
policy directions in Kenya were in line with the observation that data 
control in jurisdiction was necessary, however, it was unclear how 
such an objective could be achieved. This was particularly the case in 
the absence of a national policy on handling patient electronic medical 
records (EMR) and the Health Information System (HIS). These 
systems were based on the foreign donor-driven District Health 
Information System 2 (DISH2). In view of the findings of Inau et al 
(2022) the question concerning the national policy to protect patient 
data handling in jurisdiction, is a pressing concern. This justifies 
focusing on Kenya as a case study. 

Concerned about the lack of patient data sovereignty on the African 
continent, this research addresses the question as to how Kenya is 
preparing to hold data in residence and contribute to future research. 
This study presents findings of a study approaching the data 
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stewardship of clinical patient data from a perspective of data 
sovereignty.  

Theoretical considerations 

The conceptual framework of the study considers the sovereignty 
issue of countries, communities and entities, such as health facilities 
on the one hand, and the available operationalisation of these notions 
in an implementation architecture. It is argued that data sovereignty 
should be considered also at an individual level, and some may argue 
that this is the more relevant issue to consider. Value-driven 
Ownership of Data and Accessibility Network (VODAN) Africa is 
leading the advocacy for the principle of data ownership, which 
asserts that personal data should remain the property of the data 
subject.  

In the scope of this study, the overall focus is on how governments 
can ensure adequate preparation and response to health challenges 
for the population they serve, and we investigate the relation of this 
responsibility versus those of communities and entities, in case health 
facilities, that produce the data. How such a framework may translate 
into a cross-border architecture supporting health insights is the main 
scope of this study. Therefore, the question of sovereignty is 
discussed alongside the framework that may serve to advance 
sovereignty in a practical way. 

Sovereignty of digital data by countries, communities and 
entities  
The principle of data sovereignty emphasises the right of nations, 
communities or entities to govern data within their jurisdiction 
(Hummel et al., 2021). Hummel et al. (2021) link data sovereignty to 
digital colonisation and refer to the problem of the exertion of power 
and influence by a dominant culture over minority cultures, a point 
emphasised in the literature (Wakunuma & Masika, 2017, Reuters, 
2020; Cross et al. 2021). Pacheco (2021), Kukutai and Taylor (2016), 
Baker and Koons (2020), and Jansen (2016) focus on this power 
dynamic, investigating data sovereignty of indigenous communities. 
Citing the work of Baezner and Robin (2018), Hummel et al. (2021) 
observe that data sovereignty involves the ability to exercise control 
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over data flows, strongly basing their argument on indigenous 
(localised) data sovereignty.  

However, Hummel et al. (2024) advance the discussion by pointing 
to the problem of national sovereignty over patient data. Their 
observations are made in relation to conclusions offered by the 
German Ethical Board. The German Ethical Board found that health 
data sovereignty should shape international opinion on where country 
data should be stored and made available (Ethikrat, 2017). 

The tension between national sovereignty, community sovereignty 
and sovereignty by entities, such as health facilities, requires further 
consideration. Muroki and Arimi (2017) concretise this problem 
further, in addressing a situation in which national sovereignty may 
conflict with the rights of cross border (indigenous) communities 
concerning the control over their health data, as well as the 
responsibilities invested in the clinics operating in the border area. 
Focusing on specific challenges affecting cross-border communities, 
Muroki and Arimi, (2017), identified a major gap resulting to the poor 
handling of data of the cross-border communities with clinics not 
allowed and not able to share patient data across the borders. Data 
was collected by the researchers from 2014 onwards in borders 
between Kenya and Uganda and Kenya and Tanzania. The analysis 
showed that existing national health systems in the period 
investigated, did not have an integrated mechanism for tracking and 
tracing patients across national borders. This caused challenges to 
ensure a continuum of care in health facilities serving populations 
using health services across borders. Muroki and Arimi (2017) found 
that national health systems lacked mechanisms to track patients 
across national borders leading to loss of follow up to patients in need 
of ante-retroviral therapy (ART), non-adherence and multiple 
registration by mobile and cross-border people living with HIV 
(PLHIV) as they strive to access ART and other related HIV services. 
The East Africa Community (2017) pointed to the need to have data 
integration without losing control of national sovereignty in the 
member states of the community. The East Africa Community (2017) 
also pointed to the relevance of Findable, Accessible, Interoperable, 
Reusable (FAIR) guidelines in offering a solution to this problem.  
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policy will bring about an efficient and effective service delivery to 
citizens. 

Working within the framework of the Health Act (2017, revised in 
2019, 2021) the Health Act Section XV, article 104, directs the 
Ministry of Health to administer health information banks, including 
an interoperability framework, data interchange, and security 
(Republic of Kenya MOH, 2021; Republic of Kenya, 2015 & 
Republic of Kenya, 2019). Another survey conducted by the Ministry 
of Health and Kenya Bureau of Standards (Republic of Kenya MOH, 
2014) and released in 2022, brought out the difficulty of retaining 
health data at the place of production. Despite good data produced 
by different research agencies, that data is not retained nor easily 
accessed due to poor data interoperability systems, and there remains 
a serious risk of data loss (Republic of Kenya, 2014, Republic of 
Kenya, 2023). 

Research approach 

This is an exploratory case study research, a branch of research that 
tends to assist in investigating a problem that is still emerging and 
under-investigated. Data from exploratory studies tends to be 
qualitative.  

Implementation of the study: The VODAN research group 
A group of researchers involving nine countries in Africa came 
together in 2020 to address the curation of patient data from COVID-
19 for future use and storage in local health facilities. The researchers 
grouped under the programme of the Virus Outbreak Data Network 
(VODAN), established as a response to the pandemic, in 2024 
rebranded as the Value-driven Ownership of Data and Accessibility 
Network (VODAN).  

The mission of VODAN-Africa is to create open-source innovation 
by African engineers and health workers to enhance health data 
interoperability problems in Africa. The VODAN-Africa works 
closely with researchers from Europe, Asia, and the Americas and is 
linked to the research carried out at Leiden University on the use of 
FAIR-Data for improved health outcomes.  
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by the Ministry of Health. They understood that the data was 
transported outside the country for the exercise of carrying out 
operations over the data.  

The participants in the four health facilities in Nairobi, Kenya where 
the DHIS2 was used, found it to be very inadequate. The data is 
aggregate and gives little information for the clinicians and health 
workers. In the communications, DHIS2 was reported as an avenue 
for transporting patient data outside the country for analysis 
conducted outside Kenya. The overall conclusion among participants 
was that DHIS2 has not rendered control to the Kenyan government 
with regard to patient data management. 

The participants in the study reported that the Kenyan policy lays a 
good foundation for making sure data is stored in Kenya for better 
use and support to the wellbeing of the country. However, the weak 
area not addressed with this ICT Authority mandate is the discussion 
of FAIR data and curation. According to participants, it remains 
vague on how health data can be stored, controlled, and shared, for 
research while allowing any independent agency to access, control, 
and also for the patient data. The examples that were given are the 
tech start-ups that are not under an organised government health data 
infrastructure. Hence the gap remains how to make sure that data is 
controlled by the government through the respective Ministry of 
Health and local health facilities.  

DHIS2 and KHIS were heavily criticised by the majority of 
participants for not providing data that would lead to better health 
outcomes in the health facilities. The concern that the ownership of 
digital patient data was unclear and that the health facility did not 
benefit from data insights to improve health services, provided a 
fertile ground for participants in health facilities to agree to carry out 
the implementation study. 

The participants in the four health facilities were interested in 
understanding whether data could be held under control of the facility 
while contributing to better health outcomes. The participants were 
also interested in discussing other features of the data; particularly the 
economic aspect of where the data is produced and how to ensure 
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value of the data comes to Africa and wanting to understand whether 
(self)-employment and benefits is generated - in Africa. 

Implementation of the FAIR-OLR infrastructure 
VODAN-Africa proposed an intervention to the four facilities in 
Kenya, together with 84 facilities in other African countries. The 
infrastructure could be implemented by the health facilities for them 
to test whether the problem of low rendering of digital data could be 
solved.  

The solution proposed by VODAN-Africa was that data is created 
and held in the facility where the data is produced under the 
regulatory framework of the county and national state jurisdiction. 
This delivers a resource in which the data remains an asset for the 
health facility, both in terms of providing improved insights to help 
health care services improve as well as contributing to other uses of 
the data which may also help services (surveillance, 
pharmacovigilance and clinical studies).  

The installation of the data infrastructure required a lot of 
preparation. There was a need to develop software to allow a new 
application which would test how data can be collected, stored and 
curated within local health facilities and remain available and 
interoperable with data held in other facilities elsewhere. Therefore, 
VODAN-Africa built a platform that comprises a network of systems 
fitted with sets of tools to produce, use, and reuse FAIR data. This 
system builds on the globally known and widely used standards that 
allow FAIR-data management, expanded with the OLR principles, to 
localise the data sovereignty to the health facilities. By the time the 
project was finished in 2022, 88 health facilities had been accessed 
and 74 were producing data in eight countries across Africa, including 
in the four facilities in Kenya. 

Figure 1 gives a synopsis of an elaborated architecture for data 
ownership and retention in places where data is produced. The data 
is retained in the health facility, and through computations data is 
visible or searchable for visualisation or querying. The FAIR Data 
Point provides the elements necessary to make the data findable and 
discoverable, while access is mediated by stringent permission 
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possibility to localise the data, because it did not appear to 
participants as serving any functional purpose. 

Difficulties in using the data generated at the health facility within the health 
facility 
Difficulties concerning the deployment approaches of creating in-
facility repositories for DHIS2 data management contributed further 
to a sense of helplessness concerning the complexity of choosing this 
option. Since DHIS2 uses an online deployment approach raised the 
issue of in-country server hosting and app management which in 
most cases is applied as internal hosting within the Ministry of Health 
(MOH) or at a government-operated/sanctioned data centre. An 
offline deployment style also presents significant challenges around 
advanced hardware requirements, accessibility, and maintenance, data 
exchange barriers as well as localised human capital capable of 
handling bug fixing and upgrades.  

Lack of patient-centred data curation 
A further concern, highlighted in the conversations following the 
FAIR-OLR-based intervention, is that DHIS2 is not specifically 
designed as a patient-centred system and its primary functionality 
serves public health actions related to disease surveillance, 
programme monitoring, and reporting on health indicators. As a tool 
for the collection, validation, analysis, and presentation of both 
individual and aggregate data, it provides the capability to authorised 
users to access facility-level data through the built-in pivot table tool 
and Geographic Information System (GIS) features as well as 
allowing users to compare data across facilities and districts and to 
view trends in data over time. However, the data does not inform 
clinicians on individual patient data analytics, as an EMR does, nor 
does it provide interoperability for analytics across the EMR, as data 
based on FAIR-OLR principles can generate. 

Bias of data use at higher echelons of the health system 
In the reality of the health service practice, often the analytical 
capabilities are limited to only the higher levels of the national health 
reporting hierarchy. These serve to aggregate data for reporting on 
programme outcomes and this has administrative relevance. 
However, this system of offering this capability to the higher level (in 
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The Kenya Team has concluded it will join the development of the 
concept of the Africa Health Data Space as a transnational space that 
connects data curated as FAIR in an ethical African health data quality 
of care and surveillance. Based on the experiences, the team believes 
the Africa Health Data Space can serve the entire population, 
especially as it can easily involve vulnerable populations.  

The Africa Health Data Space is inspired by the aspiration of the 
development of a European Health Data Space which aims to 
regulate the transmission and sharing of health data across the EU. 
According to the Kenya team, there is no reason why Africa should 
not develop its patient health data management to the same 
standards, particularly since the implementation in Kenya was 
successful. It considers that it is only logical that the Africa Health 
Data Space will have a similar role for Africa.  

To unleash the full potential of health data for individuals and society 
in Africa, a Health Data Space should aim to ensure patient data is 
safe within health facilities, can be visited under clear permission for 
health research, and will reduce healthcare costs while the quality data 
produced in Africa following FAIR-OLR principles can add new 
value to the health sector in Africa. This will decrease the 
independence of the health sector from external donors. It will 
contribute to data sovereignty, strengthening the role of the Kenyan 
government in realising its aims to achieve universal access to health, 
and it can balance the sovereignty of the country, communities, 
entities, such as health facilities, and even individual patients, since 
the permission workflow can have granular variation to meet any 
concerns, in line with regulatory frameworks. 

The African Health Data Space will lay the foundation to ensure that 
the services are contributing to better-informed health care. Health 
facilities will benefit from the use of data in the health facilities and 
the data analytics across the facilities. The objective is to create a 
better representation of patients in remote and vulnerable settings. It 
stimulates a data space that is set up with inclusiveness (including data 
from facilities in remote and vulnerable settings).  
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build the expertise necessary to create and build relevant ethical and 
locally owned data infrastructures. 

Discussion 

The VODAN-Africa approach showed the curation of 
comprehensive data that were supportive of Kenya government 
policy on the interpretation of Sustainable Development Goal (SDG) 
3 within the wider health sector. A case in point is the need to identify 
a proper health infrastructure tool that would store data within all 
hospitals to strengthen the Kenyan capacity for research, vaccine and 
medicine development, and patient treatment.  

This study has analysed that the continent of Africa will no longer be 
a spectator excluded from representation and will be strongly 
represented at the global health level. Without data being curated at 
its point of production most developing countries, would continue in 
their poverty perpetuity. Africa is now ready to lead in the emerging 
tech community. It means that growth in data intelligence should 
open opportunities for innovations that can help developing 
countries dig into this untapped healthcare economic empowerment 
of its unemployed youth.  

This research has validated fundamental points by challenging 
existing paradigms on value creation for the health sector. The 
findings by the Kenya team of VODAN-Africa show that developing 
countries have the potential to have a competitive advantage in digital 
health data production and sharing with the international community. 
By controlling their digital health data, the shift in the paradigm of 
economic development in countries of Africa and Asia has just 
started, where now, the value of health data can be invested in health 
services and exchanged for money as a resource owned by the health 
facilities who produce and curate the data.  

Conclusion 

This study explored the findings of an investigation into clinical 
patient data stewardship, approached through the lens of data 
sovereignty. The study was implemented in Kenya.  
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Chapter 4 

GO TRAIN:  
A Protocol for Metadata Creation for the  

FAIRification of Patient Data Health Records 
Aliya Aktau, Samson Yohannes Amare, Mirjam van Reisen, 
Getu Tadele Taye, Tesfit Gebreslassie Gebremeskel, Putu Hadi 

Purnama Jati & Ruduan Plug 
Abstract 

This research investigates the components required to create FAIR-
compliant data architectures for patient health information systems. 
It highlights the interplay between terminology, ontologies, 
vocabularies and semantic data, which collectively enable structured 
and interoperable data environments. Among the ten assessed 
requirements for achieving FAIR data, eight were deemed both 
feasible and relevant, including FAIR patient data production, multi-
functional access and control services, data visualisation, and 
enhancements in FAIRness through repositories and bulk uploads. 
DHIS2 compliance and CEDAR workbench federation were found 
unsuitable due to limited data quality and software usability 
challenges. The GO TRAIN pillar is pivotal in operationalising the 
requirements by equipping stakeholders with essential skills through 
capacity building, technical training, and knowledge dissemination. 
GO TRAIN ensures the implementation of FAIR-compliant systems 
by focusing on access-control processes, decision-making tools, and 
advanced data visualisation techniques. Training led to a culture of 
continuous improvement, embedding FAIR principles into 
organisational workflows. 
Keywords: FAIR guidelines, health information systems, FAIR data 
stewardship training, electronic health records, CEDAR, DHIS2 
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Introduction  

Operationalisation of data curation (Wilkinson et al., 2016) as 
Findable, Accessible (under well-defined conditions), Interoperable, 
and Reusable (FAIR) is a non-trivial but important problem to resolve 
the need to compute large volumes of data for Machine Learning 
(ML) and Artificial Intelligence (AI). However, Strawn (2021) 
observes that FAIR guidelines provide a policy prescription and not 
an implementation. Stocker, et al. (2022) point out that there has been 
a remarkably fast and widespread policy uptake on the FAIR 
proposition in the European Union (EU), pertaining to the curation 
of scientific data as an asset of the EU investments in research. The 
digital data assets represent value. Stocker et al. (2022) also find that 
the operational practices of FAIR data curation stayed behind the 
political recognition of the relevance of it. While the policy that was 
put in place, to require recipients of research grants to deploy their 
data as FAIR in repositories where the data would be findable, was 
put in effect in 2020, the understanding of how to carry out the 
curation in a practical protocol was not available (Stocker et al., 2022).  

While Jacobsen et al. (2020) discuss a theoretical protocol which 
serves as a data curation plan, they also do not propose an operational 
set of steps for the process of the creation of FAIR data as semantic 
machine-actionable instances. Semantic data refers to data that is 
enriched with meaning, using ontologies and vocabularies. It adheres 
to principles that allow machines to understand and interpret the data 
meaningfully. Semantic data enables data integration, querying, and 
reasoning across heterogeneous datasets. Semantic data uses Linked 
Data, the technique of connecting pieces of data through shared 
semantics, enabling integration and discovery represented in a. 
Resource Description Framework (RDF) which is a standard model 
for representing semantic data. While the semantic web is not new, 
the FAIR guidelines are inherently Federated and Federated AI 
Ready, which adds a new layer of complexity to semantic web 
solutions (Taye et al., 2024). 

The reference protocol for this process of FAIR data curation, can 
be referred as the FAIRification process (Jacobsen et al., 2020). The 
problem of the lack of operational clarity on the FAIRification 
process was particularly pressing in efforts that were seeking to 
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expand adoption of FAIR-data in new regions, hitherto being left 
behind (Lin et al., 2022; Van Reisen, Stokmans, Basajja et al., 2020), 
suppressing the ambition underlying the idea of FAIR guidelines, that 
it would help connect data globally. The Go FAIR Foundation 
proposed three actions for obtaining global uptake and progress, 
namely GO BUILD, GO CHANGE and GO TRAIN, progress in 
all three domains depend on clarity about the operational 
FAIRification steps that provided the basic building blocks for 
building, training and changing FAIR-based architectures (Taye et al., 
2024). 

Looking at the scenario of potential building blocks, the lack of 
available scenarios for concretising the FAIRification process was 
even more pressing in granular data curation in FAIR format when 
such data was held in federated containers, included personal and 
sensitive data, and was subject to different regulatory frameworks 
relevant to different jurisdictions of provenance of the data (Van 
Reisen et al., 2022). A proof of concept was carried out in 2020 to 
demonstrate information retrieval from separately held data 
containers in hospitals located in two different continents through 
SPARQL (Basajja, Van Reisen & Oladipo, 2022b). The results 
showed the need for a more rigorous set of specifications and 
requirements for the FAIRification process (Van Reisen et al., 2022). 
This was particularly needed to concretise the skills for data stewards 
to be trained to carry out the FAIRification process (Oladipo et al., 
2022) in line with the GO TRAIN workflow, that is necessary to 
accompany GO BUILD and GO CHANGE to stimulate the 
expansion of FAIR data uptake (Van Reisen, Stokmans, Mawere et 
al., 2020). 

Wilkinson et al. (2016) recognise the FAIR-guidelines as community 
specific, and Mons (2018) builds on this by emphasising the need for 
community specific decision-making in the FAIRification process. 
Following Jacobsen et al. (2020), Van Reisen et al. (2022) 
acknowledge the community specific experiences of Value-driven 
Ownership of Data and Accessibility Network (VODAN) and 
document these as an example of how decisions are made, adapted 
and assessed within a particular context of purpose of a research 
group. They point to the relevance of situational awareness and 
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recognition of design choices and dilemmas, relating to the academic 
or societal challenges that should be solved. 

The 15 facets of a mature FAIR architecture create the digital objects 
which are FAIRified as semantically enriched instances which are 
readable by humans and machines (Mons, 2018). The VODAN 
research group has attempted to establish FAIR datasets in health 
facilities, containing patient records linked to an ontology for disease 
classifications, enabling automated reasoning about health trends. 
This chapter describes the results on establishing a protocol of steps 
for FAIR metadata creation. The research question is: How are the 
GO TRAIN, GO BUILD and GO CHANGE modes of the 
FAIRification process represented in the design of a De Novo 
FAIRification workflow for data handling by the VODAN research 
community? 

Methodology 

The objective of the study focuses on introducing FAIRification in a 
FAIR agnostic situation. In this case, the success of the FAIRification 
relies on instructions that clarify the steps that translate the FAIR 
principles into a concrete set of operational actions that clarify what 
the FAIRification process is, what it results in and why it would be 
carried out. The purpose of this study was to establish a protocol for 
the data FAIRification process.  

Location of the study 
The study was carried out in Africa, in Uganda, Nigeria, Kenya, 
Ethiopia, Zimbabwe and Tanzania. Somalia was later added, but not 
part of this study report. The study was implemented in the Research 
group of the Virus Outbreak Data Network (VODAN), which was 
in 2024 rebranded as the Value and Ownership of Data Access 
network (VODAN). The VODAN research network was established 
in 2020 as a response to the lack of data from the African region 
during the Covid-19 pandemic (Van Reisen et al., 2022). VODAN is 
a network of researchers and research stakeholders, investigating the 
global application of FAIR data, with a particular focus on 
implementation in non-Western regions.  
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The study was undertaken with a view to using the FAIRification 
process for the creation of interoperability and reusability in patient 
data, which were monitored for the surveillance of the spread of the 
novel coronavirus (COVID-19) pandemic. This was important 
because COVID-19 data from Africa was missing, even though 
patient data existed. However, using and sharing this data was 
challenging due to its sensitive nature as personal and health 
information. This environment provided a good case for studying the 
deployability of FAIR data as secure and privacy preserving digital 
assets that could render relevant information to help monitor the 
COVID-19 pandemic in Africa. The overall research that was carried 
out on the potential to analyse patient data federated across health 
facilities and reposited in containers in health facilities, was carried 
out by VODAN. The design of a FAIR-data architecture of VODAN 
was set in a real-life natural environment. 

Study design 
The study is an ethnographic case study design study. An 
ethnographic design study is useful in case of a wicked problem 
(Buchanan, 1992), which is a problem that is new, has not been 
researched and needs thorough exploration. Sanders (2008) provides 
a scheme of different types of design studies; this study can be seen 
as a participatory design study, with expertise provided by the lead 
researchers. The participation of key stakeholders was important to 
steer priorities of the design to make sure the design would fit the use 
of it, as intended by the stakeholders. 

Reasoning for the focus on patient data for FAIRification 
The study took place as stand-alone research in the context of the 
research by VODAN. The decision to focus on patient data as the 
foundation for the FAIRification process in this study is based on the 
combination of its academic and societal relevance.  

Patient data provides a compelling academic case for FAIRification 
due to its intrinsic characteristics. It represents routine data that is 
inherently well-structured, with a widely shared understanding of its 
semantics and schema across diverse geographic and cultural 
contexts. Unlike many other datasets, patient data exhibits minimal 
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interpretative variability, making it a highly suitable candidate for 
testing the application of FAIR principles in diverse settings. 

Furthermore, the societal relevance of this focus cannot be 
overstated. Patient data from resource-constrained regions in Africa 
and Asia has historically been underrepresented in global health 
surveillance efforts (Van Reisen et al., 2021). This lack of inclusion 
represents a significant gap, particularly during critical periods such 
as the COVID-19 pandemic, when comprehensive and equitable data 
sharing is crucial for effective response strategies. This is particularly 
the case for pregnant women and the maternal health domain. The 
urgency to address this gap provided a unique and timely impetus for 
attempting FAIRification in these contexts.  

The sense of urgency of the need of FAIRification in health was 
compounded by the fact that the East Africa Health Commission has 
already adopted FAIR as the guidelines of choice in 2017 (EAHRC, 
2017), for the creation of an interoperable health information system 
(Van Reisen et al., 2021) whereas the study of the equivalence of 
FAIR guidelines and digital health policies in countries (Uganda, 
Kenya, Zimbabwe, Nigeria, Kazakhstan, Indonesia) has all showed 
positive trends to adoption of FAIR-relevant principles (Van Reisen 
et al., 2022) during research carried out in 2019/2020. The lack of 
interoperability and the proliferation of competing vertical digital 
health pipelines; the silos of health data, the unavailability of (quality) 
health data in Ministries of Health and in health facilities at point of 
care, all contributed to a sense that FAIR interoperable and reusable 
workflows would help integrate the patient data in the health system 
and that this was overdue and much needed (Van Reisen et al., 2021).  

The global COVID-19 pandemic further underscored the critical 
need for interoperable and reusable patient data to inform 
surveillance, policy, and intervention strategies for prevention and 
treatment. FAIRification in health during the pandemic was expected 
to provide a stronger engagement from researchers and stakeholders 
operating within the ecosystem. It was expected that the societal 
relevance would help in motivating them to engage with and support 
the challenging and innovative process of FAIRification. The urgency 
of the pandemic created a conducive environment for experimenting 
with the development and operationalisation of a FAIRification 
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workflow, particularly in FAIR-agnostic situations where established 
practices or tools were absent. 

Timeline of the study 
The study was carried out from 2020 to 2022. The study was carried 
out in the following steps:  

1. Exploration of the problem 
2. Design of a first protocol 
3. Evaluation 
4. Agreement on a set of principles and requirements 
5. Design of a new protocol 
6. Training of the protocol 
7. Establishment of a FAIR data-curated structure 
8. Test of the FAIR data production 
9. Evaluation of the FAIR data production and 
10. Deduction of key principles of the final protocol 

All these phases were carried out within a collaborative assessment of 
the wider research group. The first author was the lead researcher on 
ontology creation and was in charge of integrating interoperability in 
the ten steps. The second first author was the technical lead to 
investigate how the interoperable system could be deployed in a 
federated fashion. The third author was the PI of the research 
programme and was responsible for ensuring the alignment of the 
decisions regarding the data-curation in relation to the overall 
objectives of the research program. Taye was responsible for 
translating the research into a training manual (2024). All other 
authors contributed to the decisions regarding the design of an 
operational implementation strategy. 

Input by experts 
To create a workflow for VODAN, on the operational steps to create 
FAIR data and metadata, expertise was obtained from groups of 
experts available in 2020. The following groups were identified as 
relevant as a resource on data and metadata creation. 

GO FAIR Foundation 
The GO FAIR initiative was launched in 2016, and the GO FAIR 
Foundation was officially established in 2018. The GO FAIR 
Foundation was created to accelerate the implementation of the 
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2021 - Material was provided by the CEDAR, which was selected for 
expert input, based on the Requirements and Specifications 
developed at the end of 2020 (VODAN, 2021). Throughout 2021 
trainers of CEDAR worked with the first author to develop a 
workflow that would correspond with the Requirements and 
Specifications (VODAN, 2021). During the 2021 provision of 
expertise, data stewards in VODAN were trained by the first author, 
with support of CEDAR, to test whether the workflow could be 
integrated within the work of the data stewards. 

Data collection and analysis 
The data used for this research is the elements of work that lay down 
discussions, considerations, decisions, workflows, tools, assessments 
and evaluations carried out during the ten steps. These included video 
recordings, notes, formal documentation, workflows, and write ups 
of assessments carried out during the whole of the design process. 

The researchers created a detailed archive of the material collected 
and developed during the study. All the material was archived in 
digital folders. Detailed material was archived by the first researcher. 
Assets shared in the VODAN research group, were archived in the 
VODAN community folder in Open Science Framework (OSF). 
Some of the material was also stored in publicly available format, such 
as on YouTube. In preparation of the analysis carried out for this 
study, the material in the digital folders was revisited and retrieved to 
generate a chronological order. The analysis of the data focuses on 
the chronology of the FAIRification process developed in the 2020-
2022 period. The material was labelled based on the addition that the 
material demonstrates in function of the FAIRification process that 
was designed. In a subsequent step, the key materials were selected 
for discussion in this study. The materials are discussed in 
chronological order.  

Purpose of the analysis 
This analysis aims to systematically document the development of a 
FAIRification process in the absence of established operational steps 
and tools for FAIRification, tailored to the agnostic context of the 
VODAN researchers at the start. The research undertaken followed 
a dynamic and iterative methodology. It is acknowledged that this 
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documentation does not claim the operational workflow utilised was 
optimal, nor does it remain the optimal approach given the 
emergence of new tools and workflows since its implementation. 
Instead, the purpose of this documentation is to capture the initial 
phase of FAIRification, contributing to the foundational efforts of 
engineering a FAIR-based ecosystem across Africa and Asia. 

Theoretical framework: FAIRification of data 

The FAIRification process is the operational workflow of realising 
the 15 facets of the FAIR guiding principles, which ensure that data 
is Findable, Accessible, Interoperable, and Reusable. The 
FAIRification process relies on the creation of metadata that provides 
meaning to the data (Mons, 2018). These principles or facets are 
organised into four categories, and certain elements are particularly 
relevant to the FAIRification process, as indicated in table 2. 

Table 2. Categories of FAIR principles  

Principle Description Type 
Findable 
F1 Data and metadata are assigned a globally unique and persistent 

identifier (e.g., DOI, UUID). 
Relevant 

F2 Data is described with rich metadata. Critical 
F3 Metadata clearly and explicitly include the identifier of the data 

they describe. 
Critical 

F4 Data and metadata are registered or indexed in a searchable 
resource. 

Critical 

Accessible 
A1 Data and metadata are retrievable by their identifier using a 

standardised communications protocol. 
A1.1: 
 
The protocol is open, free, and universally implementable. 

Critical 

 A1.2: 
 
The protocol allows for authentication and authorisation where 
necessary. 

Critical 

A2 Metadata is accessible, even when the data is no longer 
available. 

Critical 

Interoperable 
I1 Data and metadata use a formal, accessible, shared, and broadly 

applicable language for knowledge representation. 
Critical 

I2 Data and metadata use vocabularies that follow FAIR 
principles. 

Critical 
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Principle Description Type 
I3 Data and metadata include qualified references to other 

(meta)data. 
Critical 

Reusable 
R1 Data and metadata are richly described with accurate and 

relevant attributes. 
Relevant 

R2 Metadata is released with a clear and accessible data usage 
license. 

Relevant 

R3 Metadata is associated with detailed provenance. Critical 
R4 Metadata meet domain-relevant community standards. Critical 

FAIRification focuses heavily on metadata quality, accessibility 
protocols, and adherence to community standards (I2, R1.3) to ensure 
data usability across domains. The metadata creation is the critical 
element defined in the FAIRification workflow by Jacobsen et al. 
(2020), which focuses on the semantic metadata creation as the 
critical step to creating interoperability and reusability.  

 
Figure 1. FAIRification process  

Source: Jacobsen et al., 2020 

Jacobsen et al. (2020) provide a foundational academic framework 
outlining a structured methodology for transforming existing datasets 
into FAIRified resources. The authors emphasise the iterative and 
context-dependent nature of FAIRification. They highlight that while 
the principles are universal, their implementation often requires 
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Figure 2. Steps towards Proof of Concept of patient data in federated 

data-stores  

Source: Van Reisen & Oladipo, 2020 

The M4M workshops led to the successful Proof of Concept of a 
cross-continental querying of data between Leiden (the Netherlands) 
and Kampala (Uganda) with ten simple FAIR Data Points (Van 
Reisen & Oladipo, 2020). 

Design of a first protocol to produce FAIR granular patient 
data 
The first protocol developed in collaboration with DSW has been 
described by Basajja, Suchanek et al. (2022). The objective of the 
exercise was to produce patient data on COVID-19 diagnoses and 
treatment. DSW produced the vocabulary based on FAIR-guidelines, 
with unique identifiers, standardised ontologies and linked data 
triples, in a format for COVID-19 registrations provided by the 
World Health Organization (WHO) eCRF. This process of creating 
data as new instances through metadata at the source is referred to as 
De Novo FAIRification (Groenen et al., 2020) or FAIRification by 
Design.  

The use of the form for data registration proved functional; the 
protocol demonstrated that it was possible to produce granular 
patient data that remained in the place where it was produced, with a 
multipronged functionality (the data could be used for different use 
cases), with queries run over the data through a data-visiting 
procedure. Plug et al. (2022) defined the terminology describing the 
underlying process. The process was accompanied by a detailed 
investigation of the regulatory frameworks to ensure that the 
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not duplicate the digital input process, the DHIS2 forms were used 
to define the terminologies in the templates for data entry. Such a 
procedure would avoid duplication of effort to produce the data 
instances and ensure the data instance was produced only once, with 
automatic output from the Minimum Viable Product (MVP) to 
DHIS2, ensuring the compliance with R1, R2 and R8. 

R10: Federation of the CEDAR Workbench 
The CEDAR Workbench is used as the tool of preference, requiring 
the workbench to be federated to align with the needs in an African 
internet setting, the requirements for patient data to be handled and 
reposited in place of jurisdiction and on the African continent, and to 
ensure that offline facilities remain included in the health information 
system. 

The following is the architecture of the data handling process: 

 
Figure 3. VODAN Architecture of Patient data Handling in the 

Health Facilities (2021) 

Handling of multiple and parallel data catalogues in a health 
facility 
The VODAN research group decided to focus on DHIS2 reporting 
forms for the OutPatient Department (OPD) data registration and 
the Antenatal Care (ANC) registration.  

The following figure presents the different patient data catalogues 
(OPD and ANC) to be handled in the next phase of the research. 
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Figure 7. Creation of new ontologies 

The VodanaPortal was designed to control the creation of linked data 
ontologies for the VODAN research group. By leveraging ontologies 
to standardise healthcare data for interoperability and enhanced 
analysis, the VodanaPortal supports integration of ontologies. The 
portal supports federated data sharing by health facilities. The 
VodanaPortal assists in tracking and analysing health-related data to 
support decision-making of infectious diseases and maternal health. 
Overall, the VodanaPortal supports FAIR data principles for 
managing maternal health and infectious disease data as an ontology 
repository, similar to BioPortal, community and domain specific to 
the VODAN research group. 

(v) Training of the protocol and certification requirements 

The VodanaPortal supports collaboration and training among 
students, researchers, health practitioners, and policymakers and 
provides training on FAIR principles and data sharing. During the 
scope of this research, one group of data stewards was trained with 
established certification requirements. 

(vi) Evaluation of the FAIR data production  

Based on the procedure applied, VODAN produced in 2023 a quality 
data pipeline production, amounting to 20.000 patient data and 
300.000 triples from 12 health facilities in four countries (Ethiopia, 
Kenya, Nigeria and Uganda). An evaluation was carried out over the 
quality and (re)useability of the data, involving an inspection of the 
quality of terminology, vocabulary, ontologies and semantic data.  
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3. Lack of relevance of the DHIS2 reporting format 
The analysis identifies at least two critical challenges; the 
incompleteness of DHIS2 data and the lack of consistency 
concerning variables in the DHIS2 reporting forms, which 
significantly compromises data quality and reduces its utility for risk 
stratification (Amare et al., 2025). The assessment showed great 
variability of variables included in the DHIS2 forms across countries, 
limiting the value for a cross-country analysis of the data. The 
researchers found that data quality was found to be mediocre and 
often incomplete. In mapping the data, the experience was that often 
data terminology is not well related to clear definitions and controlled 
vocabularies, nor to ontologies and the terms are not available in 
linked data structures based on existing standards (Amare et al., 2025). 
The quality of the data collected through DHIS2 requirements was 
questioned by the health workers, who were asked to provide quality 
data for the VODAN FAIRification process, on the ground that 
DHIS2 is not linked to the patients not the EMR systems, and that 
DHIS2 only provides aggregate data that is difficult to check, and the 
provenance of the data is not traceable. Additionally, it only provides 
aggregate data rather than patient-level detail, limiting its utility for 
FAIR data applications. The detail of the mismatch is further 
elaborated by Jati et al. (2025), Amare et al. (2025a), Amare et al. 
(2025b). 

Feasibility and relevance of identified requirements 
The feasibility and relevance of the original requirements and 
specifications (VODAN, 2021), referred under section (iii) for 
developing a data handling architecture aligned with the FAIR 
principles for patient health information systems, was assessed as 
follows: 

R1: One-time FAIR patient data production  
This is a feasible feature, but requires strong integration with existing 
resources, a strong access-control capability (a process in GO BUILD 
which is outside the scope of this paper), and requires integration with 
EMR systems where feasible. 
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interrelated roles of terminology, ontologies, vocabularies and 
semantic data, in enabling structured and interoperable data 
environments. The study assessed ten requirements for achieving 
FAIR maturity within patient health information systems. Eight 
requirements were identified as both feasible and relevant. These 
include one-time FAIR patient data production, multi-functional 
access and control services, functionalities for improving patient 
health and wellbeing, data visualisation at health facilities and within 
the VODAN community, and enhancements in FAIR maturity 
through triple-store repositories, FAIR Data Points, and bulk upload 
processes.  

Two requirements, DHIS2 compliance and federation of the 
CEDAR workbench, were found to be unsuitable. due to inherent 
respective data quality and usability challenges, requiring structural 
adjustments through GO CHANGE. DHIS2 compliance was 
deemed unfit due to variability in data forms, poor data quality, lack 
of connection to controlled vocabularies and ontologies, and the 
absence of traceable provenance. Similarly, the CEDAR workbench 
federation requirement was identified as problematic due to persistent 
data entry issues, usability challenges, and a poor user experience that 
demotivated data clerks and stewards. These challenges necessitate 
structural changes within GO CHANGE to resolve fundamental 
system design flaws and ensure alignment with FAIR principles. 

This study affirms the indispensability of a systematic, multi-phased 
approach, which incorporates training as a vital component, to 
building sustainable FAIR data architectures for patient health 
information systems. By addressing both societal needs and academic 
feasibility, the proposed approach demonstrates the practical 
application of FAIR principles to patient data while establishing a 
scalable framework for FAIRification across other domains. This 
alignment between academic rigor and societal urgency exemplifies 
how FAIR principles can address real-world challenges, advancing 
data stewardship practices and improving the FAIR maturity of data 
in healthcare and life sciences. 

The research emphasises the critical role of the GO TRAIN phase in 
operationalising the identified feasible requirements. By focusing on 
capacity building, technical training, and knowledge dissemination, 
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GO TRAIN ensures that stakeholders are equipped with the 
necessary skills to implement and sustain FAIR-compliant systems. 
Key contributions of GO TRAIN include training healthcare 
professionals on access-control processes, empowering stakeholders 
to use advanced decision-making tools, and building expertise in data 
visualisation, querying, and bulk data uploads. GO TRAIN also 
fosters a culture of continuous improvement and innovation, 
embedding FAIR principles into multidisciplinary organisational 
workflows to ensure long-term effectiveness and adaptability of the 
system. It is concluded that the GO TRAIN task is an essential 
cornerstone for translating theoretical FAIR principles into practical 
implementation by ensuring the technical expertise, institutional 
capacity, and continuous improvement needed to operationalise and 
sustain FAIR-compliant data systems in healthcare and beyond. 
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Chapter 5 

De Novo FAIRification: A Literature Review 
Zhengyu Lin 

Abstract 

Examining existing literature is essential for understanding the 
current state of De Novo FAIRification. This chapter aims to 
evaluate the body of literature on this topic, highlighting key 
approaches, challenges, and best practices. The study reveals that 
research on De Novo FAIRification is still in its early stages, with 
limited studies available. While the concept holds promise, more 
extensive research is needed to explore its full potential and practical 
implementation. The review discusses the limited available 
publications in extant literature regarding De Novo FAIRification. 
Currently, De Novo FAIRification has primarily focused on newly 
developed systems. Unlike post-hoc FAIRification, which requires 
significant manual effort and time to transform collected data into 
machine-readable formats, De Novo FAIRification minimises the 
disruption to ongoing workflows. Moreover, De Novo FAIRification 
can facilitate better collaboration and data sharing among researchers 
and institutions. By ensuring that data is findable, accessible, 
interoperable, and reusable from the outset, De Novo FAIRification 
supports open science initiatives and promotes transparency in 
research. This can lead to more robust and reproducible scientific 
findings, as well as increased innovation through the reuse of data 
across different disciplines. However, future research must also 
address its application to legacy systems, which present unique data 
management challenges. Expanding the scope to include legacy 
systems is crucial for ensuring that all systems, both old and new, can 
benefit from strong data quality consistency and provenance 
traceability. This will enhance the quality of the findability, 
accessibility, interoperability, and reusability of data across various 
contexts and applications. 

Keywords: FAIR data, FAIRification workflows, De Novo FAIRification, 
FAIR by design, ad hoc FAIRification, FAIR by increment  
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Introduction  

FAIRification is making data findable, accessible, interoperable and 
reusable (FAIR) (de Oliveira, Borges, Rodrigues, Campos, & Lopes, 
2022). The current method, known as post-hoc FAIRification, 
involves labour-intensive, semi-manual conversions of collected data 
into machine-readable formats after data collection (Kersloot et al., 
2021). As a result, significant time and budget inefficiencies hinder 
the effective and timely implementation of FAIR principles in 
research workflows.  

De novo FAIRification places a strong emphasis on automating the 
FAIR process in real time while gathering data (Groenen et al., 2021). 
Although De Novo FAIRification has several benefits, including the 
removal of labour-intensive processes, and time and cost savings, its 
application in real-world projects is not common (Groenen et al., 
2021).  

Examining the body of previous literature is crucial to 
comprehending the current state of De Novo FAIRification. The 
objective of this chapter is to evaluate the body of existing literature 
on the subject, highlighting important approaches, difficulties, and 
best practices that have been previously recorded. In order to provide 
a thorough grasp of the existing situation and identify any gaps that 
can be filled by further study, this review attempts to answer the 
research question: What is available in extant literature regarding De 
Novo FAIRification? 

Research design 

This study adopts a literature review approach to investigate existing 
research on De Novo FAIRification. The literature review follows a 
systematic methodology to ensure a comprehensive and unbiased 
analysis of the available studies. Specifically, two complementary 
methods are employed: the systematic literature review and the 
snowballing approach. 

A systematic literature review is conducted to ensure a broad yet 
targeted collection of literature while minimising selection bias. The 
snowballing approach is then applied to complement the systematic 
literature review by identifying additional studies through reference 
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Figure 4. Complete literature review result of the De Novo 

FAIRification  

As shown in Figure 4, none of the references in the two publications 
mentioned above examine the application of De Novo FAIRification 
further demonstrating the shortage of scholarly research on the 
subject before 2021. The absence of De Novo FAIRification in the 
grey literature database also indicates this scarcity. 

 
Figure 5. Result of progressive literature review extension 
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Furthermore, as shown in Figure 5, while 16 papers have cited these 
two foundational studies, none of them extend research on the 
implementation of De Novo FAIRification. 

Moreover, there are limitations in the scope of De Novo 
FAIRification implementation. The 2021 project on De Novo 
FAIRification focuses solely on newly developed information 
systems.  

Discussion 

Currently, there is a significant lack of research on the 
implementation of De Novo FAIRification, and only one project has 
attempted it. More research should be conducted on De Novo 
FAIRification. 

Moreover, there are limitations in the scope of De Novo 
FAIRification implementation. The 2021 project on De Novo 
FAIRification focuses solely on newly developed information 
systems. There is no research on how to apply this technique to 
historical systems. This lack of research ignores the unique needs of 
historical systems in data management and sharing. Therefore, there 
is an urgent need to research how to implement De Novo 
FAIRification for legacy systems so that these systems can follow the 
FAIR principles and thus improve the findability, accessibility, 
interoperability, and reusability of their data. 

Conclusion 

This study employed a literature review to assess the current state of 
research on De Novo FAIRification. The findings indicate that 
research on this topic is still in its early stages, with very few studies 
available in the literature. While the concept shows promise, there is 
a clear need for more extensive research to explore its full potential 
and practical implementation. 

Automation of FAIRification in De Novo workflows not only saves 
time and reduces budgetary constraints but also enables a more 
efficient and timely application of the FAIR principles, ensuring that 
data remains compliant and accessible from the moment it is 
gathered. The integration of De Novo FAIRification into existing 
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workflows can streamline data management processes, reducing the 
need for extensive manual interventions. This approach ensures that 
data is FAIR-compliant from its inception, eliminating the need for 
retroactive adjustments. By automating the FAIRification process, 
organisations can achieve higher data quality and consistency, which 
is essential for reliable and reproducible research. 

Moreover, the current focus of De Novo FAIRification has primarily 
been on newly developed systems. However, it is crucial that future 
research also considers its application to legacy systems, which 
present unique challenges in data management. Expanding the scope 
of De Novo FAIRification to include legacy systems will be essential 
to ensure that all systems, old and new, can benefit from the 
advantages of the FAIR principles. This will enhance the findability, 
accessibility, interoperability, and reusability of data across a broader 
range of contexts and applications. 
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Treatments and vaccines developed based on studies in the general 
population may not be suitable for these groups. The absence of 
robust pharmacovigilance and infectious disease surveillance systems 
for maternal and child populations, especially in LMICs, where 
infectious diseases contribute significantly to maternal and infant 
mortality, further complicates the detection and response to 
outbreaks in this population. The exclusion of pregnant women from 
key vaccine trials, such as those for COVID-19, Ebola, and hepatitis 
E, has fuelled vaccine hesitancy and worsened health outcomes for 
mothers and children (Gianfredi et al., 2023). Clinical trials ensure the 
safety, efficacy, and proper dosing of vaccines and treatments. 
Including women of reproductive age, pregnant and lactating women, 
and their infants in such trials is crucial for developing tailored 
interventions. Given the challenges in clinical trial inclusion and 
surveillance, real-world data is essential to strengthen trials, 
pharmacovigilance, and disease monitoring for women and children 
in LMICs. 

Given (i) the recognised importance of the reuse of routinely 
collected health data to address shortcomings in infectious disease 
surveillance and (ii) the exclusion of pregnant and lactating women 
and infants and children from clinical trials and the barriers to the 
reuse of routinely collected data (which generally cannot be shared 
outside of the health system), new approaches are needed to enable 
the reuse of these data. Chen et al. (2022) cited addressing the need 
for FAIR data as foundational to leveraging participant-level data held 
in federated repositories for AI and other approaches to building 
reliable predictions for improved treatment and care. Van Reisen et 
al. (2023) extended the FAIR principles to address the need for data 
sovereignty and equitable benefit sharing through full ownership by 
the data producer in localised repositories and under the regulatory 
compliance (FAIR-OLR) of individual data catalogue instances. 
Amare et al. (2023) found that the FAIR-OLR guidelines should 
apply to software tools, data reuse workflows, and data 
transformation. Amare et al. (2023) found that federated AI ready 
(FAIR) infrastructure must be based on local workflows that address 
the specific needs of each data producer while enabling a cross-data 
producer interoperability layer. Amare (2025) documented the 
development of a federated platform for data reuse, which was 
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for users. Hence, further improvements to the CEDAR Workbench 
are needed to fully support federated architectures. 

The federation of sensitive patient data is becoming increasingly 
important, as data is too big to move, continuous updates are needed, 
and privacy concerns prevent the movement of, or direct access to, 
sensitive, patient-level health data. Federated data reuse is especially 
important for data collected and managed during routine care, which 
needs to ensure regulatory compliance and in situations where 
patients generally have not consented to sharing their data for 
research or surveillance purposes. Through ensuring data sovereignty, 
interoperability, and reuse in a privacy-by-design approach mediated 
by the institutions where data is produced, federated data reuse 
provides a compelling approach for improved insights to assist 
decision-making by clinicians and health workers and through 
responsible, ethical AI.  

Data reuse at point of care facilitates needs improvements that benefit 
maternal and child health services. Beyond improving patient care, 
federated reuse of routinely collected health data can improve the 
design and conduct of clinical trials and the granularity, regularity, and 
quality of pharmacovigilance-related reporting and infectious disease 
surveillance. Our work confirmed that there were no technical 
barriers to federated data reuse from different types of health facilities 
in both low and high-resourced settings in Africa, including conflict-
affected health facilities and facilities with limited Internet 
connectivity. While implementations must be co-created with health 
facility stakeholders to ensure optimisation for their specific resource 
constraints and setting, these advances provide a compelling option 
for addressing the complex challenges of data reuse that benefits 
patients and the local health facility while ensuring data privacy, 
complying with local and national data protection legislation, and 
preventing extractive data reuse that benefits end users without 
providing information or benefits to data producers. This approach 
is essential for maternal and child populations, which are often 
excluded from clinical trials and for whom data is often siloed, 
preventing their reuse to understand how pregnancy exposures affect 
short and long-term outcomes for infants and children. 
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This study presents a strategy for adapting and retooling the CEDAR 
Workbench for federated deployment in resource-constrained 
environments in Africa. It focuses on redesigning its architecture, 
data modelling, template standardisation, and alignment with public 
health objectives, emphasising the importance of FAIR-OLR 
principles in ensuring data sovereignty and regulatory compliance.  

The GO CHANGE workflow, which adapts technological 
innovation to context, is particularly pertinent to the engineering 
tasks documented in this article. The study tested the change of the 
existing centralised FAIR instances CEDAR Workbench to serve the 
purposes of a federated FAIR data handling workflow in low-
resource areas in Africa. The study found that the GO CHANGE 
workflow is particularly pertinent as the study location outside the 
mainstream implementation locations (Europe and the United States) 
required the engineering to take account of circumstances of a 
different digital environment purposefully, varied from existing 
systems in Europe or the United States . 

The requirements and specifications for the architecture included: 
one-time FAIR patient data production (R1), multi-pronged 
functionality (R2), patient health and wellbeing functionality (R3), 
visualisation of data at health facilities (R4), visualisation of data 
within the VODAN community with permission (R5), use of a triple-
store repository (R6), establishment of a FAIR Data Point (R7), and 
bulk upload capabilities (R8). The architecture was tested in diverse 
contexts, including health facilities in Tigray (Ethiopia) that were 
disconnected from the Internet, demonstrating the feasibility of 
deploying federated patient data triple stores compliant with FAIR-
OLR principles. This confirms that software tools must adhere to 
FAIR-OLR compliance to ensure effective implementation. 

In the tested infrastructure, each health facility acts as the data 
handler, retaining all rights and responsibilities as the producer of 
patient data, including the responsibility for ensuring data quality and 
accuracy. Each facility serves as the Single Source of Truth, where 
data is entered only once as semantic, machine-actionable entities, 
forming the foundational resource for multiple functionalities. This 
architecture has been successfully tested and validated in practice. 
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The integration of FAIR principles with a Single Source of Truth 
framework enhances data accuracy, eliminates redundancy, and 
enables value creation across systems. This study demonstrates how 
a FAIR-OLR approach strengthens data management and public 
health infrastructure. Ensuring the inclusion of women of 
reproductive age, pregnant and lactating women, and their infants in 
research and surveillance is vital. Given persistent challenges in 
clinical trial participation, leveraging real-world data is essential to 
improve pharmacovigilance, disease monitoring, and tailored medical 
interventions for this vulnerable group, while strengthening support 
for better prevention and treatment of women visiting health 
facilities.  
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intention and actual use of technology. We selected UTAUT as the 
theoretical framework for our research because of its versatility and 
wide use for analysing technology adoption in different contexts. 

 
Figure 1. UTAUT model  

Source: Venkatesh et al., 2003 

In UTAUT, four primary constructs are identified as directly affecting 
behavioural intention and further use of technology: performance 
expectancy, effort expectancy, social influence and facilitating 
conditions.  

Performance expectancy 
Performance expectancy refers to the extent to which an individual 
perceives that using a specific technology will improve their job 
performance or facilitate attaining desired results. It derives from 
concepts such as perceived usefulness in the Technology Acceptance 
Model (TAM) and relative advantage in Diffusion of Innovation 
Theory. Performance expectancy includes attitudes and beliefs, which 
Ajzen (1991) identified as important predictors of behaviour in his 
Theory of Planned Behaviour. 

Effort expectancy 
Effort expectancy denotes the usability associated with the 
technology. It is based on notions such as perceived ease of use in the 
Technology Acceptance Model and complexity in alternative 
frameworks. The framework highlights the significance of intuitive 
interfaces and reduced learning curves in promoting acceptance. 
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country coordinators and data stewards provided coordination 
support, and the health facilities began implementing the FAIR-OLR-
based system.  

Study preparation 
Eighty-eight health facilities agreed to participate in the preparatory 
phase. The interest was higher than the initially planned number of 
30 health facilities. The study sites also differed from the initial 
research plan to deploy in Uganda, Ethiopia, and Zimbabwe. Kenya 
was added because the Nairobi metropolitan area was very interested 
in participating in the study. Similarly, in Nigeria, a very active team 
supported by the executive research director expressed a high level of 
interest and was able to secure funding for participation. Somalia was 
added in 2022 because the study country coordinator engaged the 
MoH in supporting training and installation, carried out with the 
coordinating support of the regional bureau. In Ethiopia, the study 
was supported by the MoH and the Regional Bureau of Health. Given 
the high level of interest and engagement, the research team extended 
the target number of facilities from the original target of 30 to 88.  

The planning process was carried out in three steps: 

1. MoH approves the intervention. 
2. Health facility participates in preparatory training and signs an 

MoU. 
3. The relevant health facility staff participated in the first round 

of interviews conducted for the implementation study.  
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Figure 4. Health facilities selection process 

Following the preparatory phase, 66 health facilities fulfilled the 
preparatory conditions for continuation into the implementation 
phase of the study.  

Table 1. Health facilities numbers by country 

 
Country Health facilities total 

Ethiopia 20 

Kenya 3 

Nigeria 21 

Somalia 19 

Uganda 3 

TOTAL 66 

As shown in Table 1, the division of health facilities was as follows: 3 
health facilities in Uganda, three health facilities in Kenya, 19 health 
facilities in Somalia, 20 health facilities in Ethiopia, and 21 health 
facilities in Somalia. The 20 health facilities in Ethiopia were divided 
over two sites: the metropolitan Addis Ababa region and the northern 
province of Tigray. The deployment was divided across the North 
Central and Southwest regions in Nigeria. The implementation phase 
in the 66 health facilities consisted of training for installation, training 
for using the data, installation of the hardware and software, data 
production, and, finally, the post-intervention interview. 

Selection of health facilities 
The study country coordinators in Ethiopia, Nigeria, and Somalia 
showed interest in implementing the study widely. 
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Figure 5. Number of VODAN-Africa health facilities by country and 

facility type 

Figure 5 summarises the number of selected health facilities by 
country and facility type (public, private, or both public and private). 
Most or all facilities were public in Somalia, Nigeria, and Ethiopia. In 
contrast, Uganda and Kenya had higher levels of private ownership. 
Most participating sites were public health facilities directly overseen 
by the MoH or regional health bureaus.  

Data collection 
The survey was conducted in the pre-intervention phase with the 
assistance of the country coordinators. All 66 health facilities 
participated. 

Pre-implementation survey: Investigation of the conditions in the 
health facilities 
A 19-question paper survey was provided to the health facilities for 
completion by the people in charge of health facility data production, 
the director, manager, or medical head of the facility, and selected 
staff, nurses, and HITs. As shown in Table 2, in most cases, the health 
facility director, manager, or medical head completed the survey.  
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Post-implementation interviews 
The post-implementation interviews were conducted via 
teleconference after MVP installation. The country coordinators and 
data stewards participated in the post-implementation interviews. 
Seventeen respondents were selected based on their active 
involvement in the implementation. The respondents were selected 
from 48 health facilities and did not include Somalia. No interviews 
could be conducted with the country coordinator and data stewards 
in Somalia because war had broken out in the region following the 
deployment, and it was difficult to reach the participants, who were 
engaged in urgent humanitarian efforts. Table 3 shows the country-
level distributions and participant roles for the post-implementation 
interviews. 

The semi-structured interview included 41 questions related to (i) 
experiences, (ii) challenges during contracting, set-up, or 
implementation, and (iii) expectations. Following the semi-structured 
approach, participants could answer questions in the format and 
order that followed the natural flow of the conversation. The 
interviewer then had to ensure all topics had been adequately covered. 
Table 3. Post-implementation interview respondents by country and 

role 

  
Country Country coordinator Data stewards Health facilities monitored 

Ethiopia 2 2 20 

Kenya 1 3 3 

Nigeria 2 7 21 

Somalia N/A  N/A  0 

Uganda 1 0 4 
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In this architecture, represented in Figure 7, a double functionality 
was assumed in which the DHIS2 data templates formed the basis for 
the analytics. The data input was required only once and resulted in 
output to DHIS and to the Fair Data Point (FDP), with data insights 
available at the clinic level. Data insights were enabled via a health 
facility-specific data dashboard.  

 
Figure 7. VODAN-Africa general architecture  

Source: Van Reisen et al., 2023 

Insights obtained across health facilities are also visualised collectively 
via a community dashboard. Publishing the metadata via an FDP 
enables re-use of the data for additional workflows or insights. 

Quantitative results 
The quantitative results from the pre-implementation survey are 
structured around the three main themes that emerged from our 
thematic analysis: type of health facility, technical infrastructure, and 
data production. 

Digital infrastructure available in health facilities 
As shown in Figure 8, computer availability in health facilities in the 
participating sites varied across Uganda, Kenya, Somalia, Nigeria, and 
Ethiopia.  
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Figure 9. Internet availability in the participating health facilities by 

country 

We did not collect data on the reliability or speed of the Internet in 
each country, which is a critical factor in the successful 
implementation of new healthcare systems. 

Patient data processing 
Figure 10 illustrates the utilisation of electronic systems, paper-based 
registries, or a combination of both methods by each facility. 
Understanding their current condition according to the categories 
enabled us to establish a baseline prior to the beginning of the FAIR-
OLR intervention. A clinic that had primarily utilised paper records 
may require additional time and help to transition to digital systems, 
in contrast to one that has been managing patient data electronically 
for years. Facilities using a combination of paper and digital systems 
have some electronic experience; thus, their transition to a fully 
interoperable digital framework may be faster. 
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Figure 10. Percentage of patient data collection method 

All health facilities in Somalia and Nigeria collected patient data using 
paper-based methods. Most health facilities in Ethiopia collect patient 
data using paper-based methods, with only a few employing fully 
computerised systems or a combination of both paper- and 
computer-based approaches. Most health facilities in Uganda used 
paper-based and computer-based systems, while others relied only on 
paper-based methods. One healthcare facility in Kenya implemented 
a fully computerised method for patient data collection. 

Roles assigned for data control 
The pre-implementation survey identified the data controllership 
roles related to patient data handling. A data controller is an individual 
or legal entity determining how and why personal data is processed. 
They are charged with the establishment and management of the data 
filing system. 
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Table 4. Performance expectations before and after MVP 
implementation 

Country Pre-implementation phase Post-implementation phase 
Ethiopia The patient data collection 

using a paper-based system 
results in a lack of detailed 
information during the patient 
referral process (lack of 
interoperability).  
Participants feared data loss 
due to the absence of backup 
practices in the health 
facilities. 

The MVP dashboard was 
considered very informative 
and helpful. 
There were complaints about 
the slowness of the data entry 
process. 

Kenya Data management systems in 
health facilities align with 
high-performance 
expectations. 
Digital patient data 
management is perceived to 
enhance operational 
effectiveness in health facilities 
and improve health workers 
job performance. 

The MVP is perceived as 
promising in digital data 
handling and interoperability.  
Patient data analysis based on 
the FAIR data principles is a 
potential improvement that can 
help decision-making in health 
facilities. 

Nigeria Participants were afraid of 
data loss due to the absence of 
digital data in the health 
facilities. 
The current processes for 
patient data handling are 
perceived to be inadequate. 

FAIR implementation is seen 
as providing an opportunity to 
make data interoperable, which 
is perceived to enhance the 
data insights. 
The MVP dashboard is seen as 
very helpful in describing the 
current situation for patients. 

Somalia Paper-based systems lack 
efficiency in fast-paced 
healthcare environments. 
There is no specific data 
storage method available 
across all health facilities. 

N/A  







222 

Table 5. Expectation of effort before and after MVP implementation 

Country Pre-implementation phase 
summary 

Post-implementation phase 
summary 

Ethiopia The current procedure for 
patient health records cannot 
provide digital patient data. 
Paper-based data causes 
problems. 
Data reporting is not done 
regularly. 

A user-centred approach is 
needed to demonstrate the 
value of the system. 
There were complaints about 
the double effort required to 
complete the patient register 
and the MVP simultaneously. 

Kenya Issues reported include data 
loss and erroneous data input. 
Users believe that the system 
requires significant work. 

The MVP needs to be more 
user-friendly to avoid 
confusion. 
One of the health facilities 
reported slowness in using the 
MVP system, which clashes 
with their current system. 
 

Nigeria There are insufficient shelves 
for paper-based patient files. 
The process for accessing 
patient data is slow. 
Natural disasters pose a risk 
for data storage. 

The MVP improves the current 
patient data flow. 
The current record production 
of the MVP is cumbersome 
and needs to be more user-
friendly. 
The focus should be on making 
the system appealing, not just 
achieving results. 

Somalia The paper-based method is 
time-consuming. 
Errors occur in counting 
diseases. 
No storage system exists; full 
paper registers can be lost 
anytime. 

N/A  

Uganda Patient volume and system 
capacity affect the perceived 
effort to use the data 
management system. 
Effort expectation varies 
across health facilities. 
Facilities with fewer patients 
report no challenges. 

The adoption of the MVP 
takes time. 
Data input is time-consuming. 
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care. Participants also highlighted the importance of training to 
demonstrate the broader value of data to the health care services. In 
Uganda, support by health facility management was reported as 
critical for the sustainability of the MVP. 

Facilitating conditions 
Facilitating conditions, reported in Table 7, refer to the perception of 
the resources, infrastructure, and support available to help individuals 
adopt and use a system or technology effectively.  

In Ethiopia, nine out of twenty health facilities lacked computers. The 
health facilities that owned computers used them for DHIS2 
reporting and other tasks. The use of computers for the MVP was 
more difficult due to the unreliable electricity and Internet connection 
due to the war and Internet blockade in Tigray.  

In Kenya, the survey before the deployment of the MVP showed that 
health facilities felt that the hardware and software were in place and 
functional. Users did not report any technical obstacles to the MVP. 
After the installation of the MVP, unstable Internet and electricity 
were reported as problems when using the system. However, the 
health facilities arranged generators to tackle the electricity issues. The 
health facilities felt that training was needed not only for the data 
stewards but also for all staff members who had good technical skills. 

Infrastructure availability varied in Nigeria; most health facilities 
owned computers, but seven did not. Moreover, the available 
computers were not used for health data capture. Most facilities 
lacked an Internet connection; where it was available, it was not 
stable. The FAIR-based implementation revealed that the Internet 
and electricity were two major implementation obstacles. The health 
facilities suggested that a standalone system would have improved the 
implementation effectiveness. 

In Somalia, computers were available in the health facilities; however, 
they were not used for patient data management, and the medical staff 
did not use computers for daily work. Due to the outbreak of war, 
the facilitating conditions perceived following the deployment could 
not be studied. 
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The participants in the health facilities in Uganda reported that 
hardware and software were in place and functional. Following the 
introduction of the MVP, the health facilities expressed a need for 
additional personnel and computers to manage the data produced 
effectively. Unreliable electricity and limited Internet access weakened 
MVP adoption. This was overcome by health facilities putting 
additional support, such as generators, in place. 

Table 7. Facilitating conditions 

Country Pre-implementation phase 
summary 

Post-implementation phase 
summary 

Ethiopia Nine out of twenty health 
facilities did not have 
computers. 
Computers are used in 
facilities for DHIS2 reporting 
and other tasks. 

Unreliable electricity and 
Internet connection remain 
issues when running the 
system. 
 

Kenya The necessary hardware and 
software for the current 
system are in place and 
functional. 
Users perceived no technical 
obstacles. 
Indicates high enabling 
conditions. 

Unstable Internet and 
electricity are problems when 
using the system. 
Health facilities prepare 
generators for unstable 
electricity. 
Training is needed not only for 
the data stewards but also for 
staff with good technical skills. 

Nigeria Infrastructure conditions at 
health facilities vary. 
Most facilities have 
computers, but seven do not. 
Available computers are not 
used for medical recording.  
Most facilities lack an Internet 
connection, and where it is 
available, it is not stable. 

Unreliable electricity and 
Internet connection remain 
issues when running the 
system. 
The interviewees feel that the 
system should be standalone. 

Somalia  
Infrastructure, like computers, 
is available in health facilities. 

N/A  
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Country Pre-implementation phase 
summary 

Post-implementation phase 
summary 

Computers are not used for 
patient data management. 
Medical staff do not use 
computers for daily work. 

Uganda The necessary hardware and 
software for the current 
system are in place and 
functional. 
No technical obstacles were 
reported, suggesting high 
enabling conditions. 
Not all computers are used for 
data collection. 

Health facilities need more 
personnel and computers to 
handle the data. 
 

Discussion 

This chapter emphasises the vulnerability of centrally located data 
infrastructure in conflict-affected areas and the urgent need for 
federated and sustainable digital health systems. This corresponds 
with findings of case studies illustrating how humanitarian efforts are 
obstructed when data systems malfunction during digital blackouts 
and sieges, particularly when timely health information is essential 
(Amare et al., 2024; Taye et al., 2024; Kahsay, 2024, Gebreslassie et 
al., 2024; Stocker & Medhanyie, 2024).  

This study shows that the FAIR-OLR data principles offer potential 
for improving the reliability and utility of global information systems 
(Van Reisen et al., 2023). However, it also points to the importance 
of exploring the significance of contextual factors in Africa for 
adopting FAIR-based infrastructure, particularly in low-connectivity 
environments and war situations. The inconsistency in adopting 
FAIR-OLR principles throughout the continent highlights the 
necessity for adaptable strategies (Amare et al., 2023).  

The UTAUT framework is used to examine the contextual factors 
that affect adopting a FAIR-based health system in health facilities 
within the VODAN-Africa project.  
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other significant stakeholders play a crucial role in legitimising and 
advocating for the FAIR-OLR-based system, underscoring the 
importance given to ensuring the alignment of governance 
frameworks with findings that emerged from the implementation 
study. Training programs and capacity-building initiatives were crucial 
in altering user perceptions and cultivating ownership among 
healthcare professionals and data stewards. 

The assessment provided important insights into the complexity of 
the MVP implementation. The data visualisation dashboard and other 
key features were effectively implemented, improving data 
interoperability and the potential to use data for clinical decision-
making and maternal and child health-related surveillance. Obstacles, 
including system slowness, the need for dual data entry, and an 
inadequate user interface suggested the need for additional 
modifications to enhance usability and operational efficiency, 
especially in resource-constrained environments. 

Research participants highlighted the importance of technical 
inefficiencies, disparities in infrastructure accessibility, and issues 
regarding data ownership and security as challenges for MVP 
implementation. Results suggested that the FAIR-OLR patient data 
system was a viable option for areas with inconsistent electricity and 
Internet access but that additional refinements would be needed to 
address these added challenges. 

The implementation of the MVP following FAIR-OLR guidelines has 
led to policy changes, mandating electronic medical records, localised 
data handling, and the prioritisation of patient data sovereignty, 
including ownership within jurisdictions. There is growing interest in 
leveraging linked interoperable data systems under strict access 
controls (I-Beat, 2025). Further research on the ongoing impact of 
FAIR-OLR on healthcare data quality is essential for continued 
product development, particularly in integrating FAIR-OLR into 
EMR systems across African health facilities to build cross health 
facility interoperability. Future research should focus on subregional 
differences to enhance the effectiveness of continental 
implementation strategies in support of the African Health Data 
Space. 
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The deployment of the MVP was designed around the principles of 
FAIR-data with Ownership, Localisation, and Regulatory Framework 
(Van Reisen et al., 2023). The MVP architecture also integrated 
components for real-time data capture, analytics, and reporting, 
enabling healthcare providers to make informed decisions at the point 
of care. 

Results 

The results of the evaluation of the MVP are based on an assessment 
and follow-up interviews. The findings are organised into four main 
thematic areas: (1) infrastructural challenges, (2) system performance 
issues, (3) user interface and functionality, and (4) capacity building 
and communication support. Each section draws on both 
quantitative data based on the feedback form and qualitative 
interview insights to provide a comprehensive overview of the 
barriers and facilitators met during the implementation of the MVP.  

Infrastructural challenges 

Access to electricity 
Many participants in several health facilities reported unreliable 
electricity and limited internet connectivity, which directly impacted 
system functionality. The result from the first assessment shows a 
significant challenge highlighted by the survey respondents relating to 
infrastructural issues, particularly the lack of adequate power supply 
and reliable internet access. The diagram below shows how many 
hours of uninterrupted electricity per day in the Facility. 

 
Figure 3. Hours of uninterrupted electricity per day in the facility  
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The diagram illustrates that electricity remains a significant challenge 
for most health facilities in operating the system. Specifically, eight 
health facilities have access to uninterrupted electricity for only 2 to 
4 hours per day, while six facilities operate with uninterrupted 
electricity for 5 to 10 hours. Notably, only one health facility has 
continuous electricity availability for 20 to 24 hours. 

Many regions face infrastructural challenges related to electricity 
shortages that disrupt data collection. One country coordinator (P1) 
described the situation, noting that an unstable power supply forced 
health facilities to revert to paper-based data collection before the 
digital entry: 

Yeah, so there was a complete, I mean, a very difficult situation in regard to electricity 
and charging the computers. So, what we were doing was that first, they collect the 
data in papers and then it is after getting the data in papers that they were entering 
them into the platform. So yes, always we like electricity. Could be a challenge but, 
not in the sense that what happened in other countries, like in Nigeria or Uganda, 
where you have the VODAN MVP and he provided this VODAN MVP along 
with all accessories to the health facility, anywhere, collecting the data. (Interviewee 
#KQOD89, March 23, 2023, online interview, Leiden, interviewed by 
Abdullahi A. Kawu) 

Interestingly the participant explained how the MVP was still 
operational despite the challenge of electricity. The interviewee 
underscores the critical role of infrastructure - especially electricity 
and charging facilities to computers, in the successful deployment of 
digital health systems. The interviewee suggests that the lack of 
electricity hindered direct digital data entry, necessitating a hybrid 
approach (paper-based first, then digital). The comparison to Nigeria 
and Uganda implies that providing comprehensive solutions (such as 
power backups and necessary accessories) can improve system 
adoption and efficiency in low-resource settings. 

Indicating that health facilities reverted to the solution of installing an 
uninterruptible power supply (UPS) to create greater reliability with 
regard to electricity availability, a data steward (P12) reported that 
while some facilities managed to partially address the electricity issue, 
these measures were only temporary:  

To some certain degree. I would tell you in some of the facilities, the issues were 
resolved, but it was not a permanent resolution. It being all these health facilities rely 
on the national grid and the national grid in Nigeria, is epileptic. It is not for you to 
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The findings reinforce the importance of sustained capacity building, 
stakeholder collaboration, and context-specific adaptations of the 
FAIR principles. A multifaceted approach that integrates technical, 
infrastructural, and human-centred solutions is necessary to 
overcome implementation barriers and advance FAIR-based digital 
health initiatives in Africa. 

The FAIR-based patient data recording system offers a valuable 
model for implementing FAIR-compliant systems for interoperability 
in the health domain in low-resource environments. The findings 
reinforced the importance of sustained capacity building, stakeholder 
collaboration, and context-specific adaptations of the FAIR 
principles.  
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Chapter 9 

The Potential of Adoption of FAIR Guidelines in  
Digital Healthcare in Kazakhstan 
Aliya Aktau 

Abstract 

Expanding the implementation of the FAIR Guidelines to more 
countries can diversify existing data and help researchers draw right 
insights from it. This exploratory study focuses on the use of the 
FAIR Guidelines for health data in Kazakhstan. For this, initiatives 
in the field of digital health were studied to understand how digital 
health is organised in Kazakhstan. Kazakhstan is a country with a big 
land surface, and comparatively small population and digital health 
can help solve problems of remoteness. The study investigated 
whether the FAIR Guidelines are aligned with the regulatory and 
policy framework for health data in Kazakhstan. It is concluded that 
implementing the FAIR Guidelines in the digital health system in 
Kazakhstan would solve problems at a technical and policy level, as 
well as assist integration of digital healthcare solutions in smarter 
ways. While the technical advantages are clear in terms of its relevance 
for public health and scientific research, and it can improve 
personalised medicine in Kazakhstan, the study also found that 
political and policy uptake of FAIR in Kazakhstan requires an 
improved understanding. This is mostly an issue of capacity building 
which requires training, not only of technical leadership, but 
especially also in administration and political leadership. The capacity 
building will also require adapting the FAIR architecture to meet the 
specific needs and requirements for data integration in the context of 
Kazakhstan. 

Keywords: FAIR Guidelines, Kazakhstan, data management, scientific 
data, scientific research, public health, patient data 
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towards Western geographies or people of Caucasian descent, causing 
bias in the representativeness of data. The integration of more diverse 
populations for empirical and theoretical reasoning can address this 
issue (Van Reisen, Stokmans, Basajja et al., 2020). Expanding the 
implementation of FAIR Guidelines to non-European geographies is 
necessary to overcome biases in health and medical studies (Van 
Reisen et al., 2021). Failing to integrate data from non-European 
geographies may negatively affect the prediction and treatment of 
various diseases, because AI solutions, among other things, will be 
based on biased data if data is inherently biased. 

Research gap 

The FAIR Guidelines have been implemented in Europe, Australia, 
North America and Africa. The inclusion of countries not commonly 
available for research is important for the diversification of data and 
to provide a richer and more inclusive perspective on health data at 
the global level. Thus, the inclusion of Kazakhstan has been chosen 
for this research as a case study to test the feasibility of FAIR 
adoption in Kazakhstan. Up until the time of writing (2021), there 
have been no articles or publications in Kazakhstan that mention the 
FAIR Guidelines (Lin et al., 2022). A search for references to 
publications on FAIR in Kazakhstan did not yield any results. 
Kazakhstan is a non-English speaking country, hence, the keywords 
searched were in both official languages of the country: Kazakh and 
Russian. A few Russian language articles were found that mention 
FAIR in research communities, but these did not mention 
Kazakhstan (Lin et al., 2022).  

From the lack of literature on FAIR in Kazakhstan, it can be deduced 
that FAIR-based research and medical data from Kazakhstan are not 
included in international research. Hence, the adoption of the FAIR 
Guidelines for research data would contribute to global data 
diversification and potential improvements to make solutions 
relevant to Kazakh populations. As the FAIRification of data would 
benefit the information position of Kazakhstan, we could expect that 
it would lead to better informed tools for decision-making in health 
in the country.  







https://fairsharing.github.io/FAIR-Evaluator-FrontEnd/#!/
https://fairsharing.github.io/FAIR-Evaluator-FrontEnd/#!/
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data in health is rapidly increasing and, to deal with this volume of 
data, emphasis needs to be placed on data quality. In addition, data 
should be made easily accessible for interested parties and medical 
personnel, who should be able to interact with one another to provide 
better medical services and conduct medical research. Accordingly, 
since 2013, Kazakhstan has been focusing on the development of an 
integrated information environment that can serve as the foundation 
for tailored and preventive medicine (Ministry of Health, 2013). To 
strengthen people-centred health systems, the country has started 
developing an integrated data infrastructure. Efforts have been made 
to introduce the Interoperable Platform (OECD, 2018), which was 
initially planned to be launched in 2020, and has been promoted as a 
solution to the problem of data fragmentation (Abishev & Spatayev, 
2019). The platform contains instruments and services that will 
ensure interoperability throughout the digital healthcare sector by 
using a common set of registers and classifiers. This platform 
contains an electronic health record repository, analytic data storage 
using business intelligence tools, and a patient portal. However, at the 
time of writing, the platform has not yet been launched, thus, data 
remains fragmented on the level of healthcare organisations and do 
not interact with each other. As data is still not findable, accessible, 
or interoperable, it cannot be reused by stakeholders. Hence, the 
informational value of health data is not fully utilised in Kazakhstan.  

The cost of resolving this issue in a FAIR manner would be offset by 
the saving of billions of euros (European Commission, 2018). In 
addition, making data FAIR will address data management issues in 
healthcare and research and allow meaningful patterns to be 
discovered, which will contribute to better decision-making. The key 
today is not the problem of collecting, publishing, and storing 
information but ensuring the findability, accessibility, interoperability, 
and reusability of data. Thus, the effective management of data by 
making it FAIR can help to address issues within the healthcare sector 
and medical research in Kazakhstan. 

Policy stream 
The Ministry of Health in Kazakhstan has recognised most of the 
problems related to digital health, as set out above, and is pursuing 
changes and policies in accordance with national strategies 
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development of this FDP can contribute to cancer research 
worldwide, as well as in Kazakhstan, thereby improving the health of 
millions of people around the world. An FDP for healthcare in 
Kazakhstan could be deployed either: (i) as a stand-alone web 
application, through which data owners share their own data and data 
consumers gain access to the data, thus, contributing to Kazakhstani 
research and medicine, or (ii) as part of a larger interoperable system, 
providing accessibility functionality globally. 

The FAIRification process for non-processed data involves several 
steps (GO FAIR, n.d.). Requirements for findability and accessibility 
can be achieved at the metadata level, whereas interoperability and 
reusability require more work at the data level. The FAIRification 
process for data includes: the analysis of the database structure 
together with field names, defining a semantic model that can 
determine the dataset accurately and in a computer-actionable way, 
capturing terms, Uniform Resource Identifiers (URIs) and 
descriptions, making data linkable (which can be done using the 
Semantic Web and Linked Data technologies), configuring access 
licences and usage rights, and rich metadata for the dataset. In 
addition, as a final step, the FAIRified data needs to be deployed or 
published together with the metadata and a licence. Thus, metadata 
can be found by search engines and the data can be accessed under 
well-defined licences. 

For the FAIRification of cancer data, the OpenRefine tool was used. 
OpenRefine is a software tool that enables the pre-processing of data, 
i.e.: cleaning it, transforming it into a machine-readable format, and 
extending it with web services and external data. Thus, cancer data 
was converted to a machine-actionable format via OpenRefine, and 
made interoperable and reusable for further needs. The data in 
OpenRefine was then linked to the FDP and described using 
extended metadata. 

By installing the mock FDP, it was concluded that the deployment of 
the FDP is feasible in terms of technical readiness compounded by 
the range of healthcare reforms undertaken to improve data 
infrastructure and health outcomes in Kazakhstan. However, the 
acceptance of FAIR requires a change in attitude and social norms 
among stakeholders, therefore, it needs to be introduced carefully, 
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focusing on the value it can bring to healthcare and society in 
Kazakhstan and globally. An understanding of the relevance of the 
FAIR architecture for public health and scientific research in 
Kazakhstan is necessary. There must be deeper knowledge about how 
the FAIR architecture can improve science and healthcare, and an 
understanding of what the future benefits of the adoption of FAIR 
are. 

Regarding subjective norms, these are critical for the national mood 
and the political relevance of any problem at a particular point in time. 
If a problem is perceived as urgent, researchers and entrepreneurs 
may reach out to decision-makers in the government. Regarding 
perceived behavioural control, the feasibility of the adoption of FAIR 
at the technical level is possible, however, it also requires a deeper 
understanding of the implementation of FAIR. This is critical for the 
formulation of policies in that it relates to the feasibility of the 
implementation of an agenda. Changing the perception of the 
relevance of FAIR data stewardship can be done by building the 
capacity of researchers and stakeholders interested in the 
development of scientific research and public health in Kazakhstan 
and around the world. 

Conclusion 

The inclusion of Kazakhstan in large-scale studies can diversify 
research data, which can contribute to better-quality data. This, in 
turn, can have implications for prevention, prediction of disease risks 
and treatment of diseases, in Kazakhstan and globally. The integration 
of more diverse populations is essential for empirical and theoretical 
reasoning on a global scale. While several digital health reforms have 
been launched in Kazakhstan in recent years, the findability, 
accessibility, interoperability, and reusability of health data remains a 
challenge. The opportunities presented by the FAIR Guidelines for 
healthcare in Kazakhstan are numerous and align with national 
interests in digital health. 

This research looked at the current stewardship of digital data on 
cancer patients in Kazakhstan. Global research on cancer patients is 
advancing precision treatment which potentially would benefit health 
provision in the country. The evaluation of the FAIRness of cancer 
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It is concluded that the introduction of FAIR Guidelines should be 
carried out from the bottom up, with support of people in high 
offices, by promoting FAIR workflows and communicating what it 
can bring to healthcare in Kazakhstan. The acceptance and adoption 
of innovation can only be achieved if national actors can relate to the 
issues and solutions at hand. Public policy formulation may then 
ensure the inclusion and even mainstreaming of the FAIR Guidelines 
in digital healthcare. The idea of making data FAIR, should be seen 
as a practical proposal to help create a favourable environment in 
which high-quality data is the foundation of better medical treatment 
and research. 
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Introduction  

Harmonised data for infectious disease modelling for maternal and 
child health remains underdeveloped. The East Africa Health 
Research Commission (EAHRC) initiative, called Reach, prioritised 
support for greater interoperability of patient records across health 
facilities in the region (EAHRC, 2017). In part, this was motivated by 
studies by Muroki et al. (2019) on the need for better tracing of the 
use of health facilities by patients living in cross-border areas in East 
Africa. Muroki et al. (2019) suggested that the analysis of patient data 
across health facilities, regions and countries could help health 
surveillance efforts. Similarly, regulatory authorities, such as the US 
Food and Drug Administration and the European Medicines Agency, 
encourage using routinely collected data to support the design and 
conduct of clinical trials (Ammour et al., 2023). 

Suk et al. (2014) found that the emerging field of digital epidemiology 
offers promising approaches to monitoring factors like vaccine 
hesitancy through leveraging social media and other alternative data 
sources. This field aims to combine insights on disease transmission 
with health behaviours but must address methodological challenges, 
data quality, accessibility, and privacy concerns. Van Reisen et al. 
(2024) describe the relevance of Findable, Accessible, Interoperable 
and Reusable (FAIR) Data for the creation of an integrated dataspace 
that can contribute to dynamic healthcare analytics, better health 
facility services, improved surveillance, pharmacovigilance, clinical 
studies, and interdisciplinary research. The FAIR data principles 
support data interoperability but determining the optimal balance 
between heterogeneous data for local concerns and structured, 
uniform datasets for cross-facility interoperability remains 
challenging. 

A proliferation of patient data recording tools has resulted in 
inconsistencies in the information recorded across facilities and 
regions in the same country (Hahn et al., 2013; Taye et al., 2022). 
Callard (2025) discusses the importance of surveillance within and 
across health facilities to understand the determinants of stillbirths in 
Namibia. Callard (2025) also notes that different information is 
recorded across systems, which causes duplication, missing records 
and incompatible information. The lack of trustworthiness of the data 
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hampers research into the causes of stillbirths. Callard (2025) 
concludes that simple interventions can significantly improve the data 
available for understanding stillbirths and other adverse maternal 
outcomes. Her research highlights the importance of aligning data 
capture with related clinical work to avoid overburdening health 
workers.  

Striking the right balance between data heterogeneity and 
standardisation remains a complex but critical question. Van Reisen 
et al. (2024), Amare et al. (2025), and Aktau et al. (2025) suggest real-
time digital patient data, the most granular form of patient data, 
should be the basis for cross-facility, cross-country health data reuse 
for the African Health Data Space. Van Reisen et al. (2024) 
demonstrate the ability to securely reuse electronic health record 
(EHR) data from different health facilities that use different EHR 
systems in various countries to address ANC priorities. 

Van Reisen et al. (2024) report that the District Health Information 
System (DHIS) is widely used across African regions as a basis for 
electronic patient data capture. They propose a one-time data entry 
based on the DHIS2 electronic records for tracking infectious 
diseases in pregnant women. Van Reisen et al. (2024), Amare et al. 
(2025), and Aktau et al. (2025) suggest that DHIS2 templates could 
streamline health facility data collection and cross-country data 
analytics by uniformly recording patient data. Amare et al. (2025) 
challenge the assumption that DHIS2 templates offer a compatible 
set of data points for cross-country infectious disease surveillance, 
arguing that this requires further investigation. 

Research aim 

This research compares the content, interoperability, and quality, as 
it relates to ANC surveillance, of the data captured using the DHIS2 
templates for cross-country analytics in infectious diseases in 
maternal health with the use of an eCRF. The research question 
investigated is: How does the quality of data entered for interoperable 
re-use, guided by the FAIR data principles, using DHIS2 templates 
for cross-country analytics in infectious diseases in maternal health, 
compare to data entered using eCRF? 
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We used a chronological study design. ANC data were recorded in 
four African countries at a single time point. The existing data capture 
process was then described to determine which new templates should 
be developed. 

The Value-driven Ownership of Data and Accessibility Network 
(VODAN) Africa is pioneering a federated African Health Data 
Space (AHDS) (Van Reisen et al., 2024) to help health facilities 
maximise the potential of the clinical and research data they generate. 
Using FAIR data as a basis for generating insights from the data 
through federated machine learning while ensuring data provenance 
can strengthen the health system. The novel federated data reuse 
workflow makes patient data FAIR while ensuring data Ownership, 
Localisation and Regulatory compliance (OLR) (Van Reisen et al., 
2023), promoting data sovereignty. 

Study setting 
In 2023, the VODAN Africa team collected 9 months of ANC 
patient data from the outpatient departments (OPD) of 12 health 
facilities in Nigeria, Ethiopia, Kenya, and Uganda. The 12 health 
facilities, listed in Table 1, were Railway Clinic, Tunga-Primary Health 
Care, Minna, General Hospital Lapai, Olabisi Onabanjo University 
(OOU) Health Center, and Federal University Lokoja (FUL) 
University Medical Centre (from Nigeria); Pumwani Hospital and 
Beacon of Hope Hospital (from Kenya); Lira Hospital, Ark Specialist 
Hospital, Kampala International University Teaching Hospital, and 
Hoima Referral Hospital (from Uganda); as well as Ayder 
Comprehensive Specialized Hospital and Mekelle General Hospital 
(from Ethiopia).  
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data variables for this data capture across the four countries and their 
alignment with WHO recommendations. 

Stage 2: Assessment based on interviews and discussions 

Stakeholders were interviewed to assess qualitatively the existing data 
workflows described in Step 1. 

Stage 3: Presentation of a workflow based on an eCRF 

This section presents the preparation of an eCRF-based data capture, 
comparing the quality and potential for interoperability and re-use 
across the two systems. 

Workflow 
The data flow in most health facilities starts from the initial 
registration of patient charts during care/service. In places with 
electronic medical records (EMRs), data is encoded into the system 
from which aggregate reports go to the HMIS systems; in Africa, this 
is mainly to DHIS2. In places with no EMR, the data from the patient 
charts is extracted to abstract registers, and the numbers are then 
placed in tally sheets for aggregation and sent to HMIS reports. 

Figure 1 shows how health facility logbooks and different country 
registers were used to identify the variables included in the VODAN 
central register. The logbook and registers often did not sufficiently 
describe the process or variables and needed to be supplemented with 
stakeholder interviews. 

In the FAIR data pipeline, data were acquired from the abstract 
registers and converted to FAIR, and the aggregate HMIS reports 
were automatically generated. The VODAN research team collected 
data on ANC variable types and how each country and facility 
collected, recorded, and reused ANC data. 
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During a research group meeting in August 2024, researchers 
determined that capturing the OPD registries was inefficient. The 
generalist nature of OPD data limited the types of questions that 
could be addressed with OPD data (research meeting, notebook, 
SYA, 22 August 2024). The research team determined that limitations 
in OPD data could be addressed as countries moved towards 
introducing EMRs. Kenya was introducing the EMR Afya_ke EMR, 
while Ethiopia was using OpenEMR. Health facilities in Nigeria were 
interested in experimenting with Bahmni Open EMR, and Uganda 
was also exploring EMR implementation (research meeting, 
notebook, SYA, 22 August 2024). Potential collaboration with the 
Systematized Nomenclature of Medicine (SNOMED) for integrating 
structured data capture in Bahmni Open EMR was investigated and 
positively assessed as a way forward (research meeting, notebook, 
SYA, 22 August 2024). The use of SNOMED for cross-EMR 
interoperability aligned with experimental efforts to integrate a FAIR 
layer in an EMR used in a health facility in South Africa (research 
meeting notebook, SYA, August 2024). 

Based on the review of the interview findings, the VODAN Africa 
team decided to develop an eCRF to understand the potential 
advantages of patient data FAIRification based on quality data 
reporting as the basis for selecting data points for an EMR-based data 
capture, addressing the data capture duplication problem. The team 
opted to select universal fields based on the data available in patient 
data capture systems in each facility, experiment with a FAIRified 
ANC data capture system to allow testing of the data quality and 
interoperability, and use the outcomes to develop a harmonisation 
layer for EMR-based data capture systems.  

eCRF development 
The development of the eCRF is only a step towards ensuring that 
critical fields are identified and tested for cross-country data capture 
to support meaningful decision-making in health facilities for 
patients, surveillance, pharmacovigilance, and clinical trials. Testing 
available fields across countries can inform future data capture 
systems that follow new workflows in health facilities based on 
EMRs. At the time of development, the creation of the eCRF served 





https://bioportal.bioontology.org/ontologies/VODAN_ANC
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layer would support interoperability and data reuse across health 
facilities and countries facilitating the reuse of patient data for 
surveillance, pharmacovigilance and clinical trials in the context of 
ANC and beyond. 
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Introduction  

It is estimated that two million stillbirths occur annually (Hug et al., 
2021). These estimates are derived from Demographic Health 
Surveys, as facility or Ministerial records of these deaths do not exist 
or are of poor quality (Haider et al., 2021) Furthermore, 
approximately 6 million stillbirths and neonatal deaths are not 
recorded into Civil registration documents, which translates to them 
being uncounted. Sub-Saharan Africa and other low middle income 
countries (LMICs) experience the highest number, 99%, of these 
perinatal deaths. Yet these countries have limited data of reliable 
quality (Lawn et al., 2005).  

The Millennium Development Goals (MDG), followed by the 
Sustainable Development Goals (SDG) included targets to reduce 
neonatal deaths [SDG3.2.2]. They also included targets to increase 
birth and death registration [SDG17.19.1, SDG17.19.2] (World 
Health Organization (WHO), 2018). 

International efforts were expanded to strengthen health 
management information systems (HMIS) and civil registration and 
vital statistics (CRVS) as it was understood that improved quality data 
was essential to directing policy and decision makers to inform service 
provision and access to care in order to reduce neonatal deaths and 
thus meet SDG targets and track health outcomes for mothers and 
their babies (Setel, 2020; Setel et al., 2007). While Akuze et al. (2021) 
reported an improvement in quality of neonatal data, de Bernis et al. 
(2016) highlighted the oversight of not including stillbirth targets in 
the SDG. Therefore, a similar improvement in reduction is not 
evident (Hug et al., 2021). Nevertheless, previously operating in 
parallel systems, the last decade has seen a convergence of efforts 
directed towards strengthening healthcare delivery, HMIS, CRVS and 
improving data quality. There is a growing understanding that 
improvement in each of these systems impacts on population health 
outcomes, thus necessitating greater collaboration amongst 
stakeholders. Multilateral efforts are ongoing to increase capacity for 
HMIS, CRVS and service provision. This includes strengthening data 
processes such as data collection, analysis and use. Increasingly, 
stakeholders are advocating for collaboration and working together 
to make data reliable, visible and usable at source of generation 
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registers, DHIS and CRVS a triangulation of these data systems 
would be ideal to identify data gaps. 

 
Figure 1. Three main parallel reporting pathways of event data from 

facility to national level 

National maternal death, stillbirth and neonatal death review 
committee (NMSNDRC); DHIS district health information system; 
CRVS civil registration and vital statistics; Namibia Statistics Agency 
(NSA). The report for the confidential inquiry for the period 2018 to 
2021 highlighted major discrepancies between the number of 
stillbirths and neonatal deaths reported into DHIS and the e-
Notification platform of the CRVS (MOHSS, 2022). This invited the 
question, how can perinatal mortality data recording and reporting be 
optimised in the maternity departments in the Khomas region, 
Namibia? 

The purpose of this study was to inform improvements in data quality 
(accuracy, completeness and timeliness) so that data recorded at 
service points would align with data reported to the national level, 
thereby strengthening the reliability of perinatal (disaggregated to 
stillbirth and early neonatal) mortality rates which are used to inform 
decision-making around service and care provision at all levels. The 
study had the following objectives: 

Objective 1: To determine accuracy and completeness of both DHIS 
and e-Notification data and examine variances as compared to the 
facility birth or death register (source data) 

Objective 2: To map out the processes and stakeholders involved in 
recording and reporting of perinatal mortality data from source to 
District Office 
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researchers within the Namibian context (Dlodlo & Hamunyela, 
2017; Forsingdal & Munyika, 2020; Kapepo & Yashik, 2018; 
Nuuyoma & Ashipala, 2020). 

Data collection 
Data collection from field observations, process mapping exercises 
and interviews were conducted in all five participating facilities from 
1 January 2023 to 31 May 2024. The intervention period at the 
participating facility spanned from 1 January 2024 to 30 April 2024. 

Participant discussions 
Prior to conducting this study, the researcher worked in the public 
health sector and the National Maternal Stillbirth Neonatal Death 
Review Committee, which drew attention to data gaps and 
discrepancies between multiple streams of data supposedly reporting 
the same information but reporting different results. Though partially 
familiar with the public health care system, the researcher was not 
familiar with the private sector. This study provided an opportunity 
to review the entire process for all maternity departments providing 
obstetric and neonatal services in Windhoek for both public and 
private sectors. 

Qualitative data were gathered through field observations, key 
informant interviews (KII) and focus group discussions (FGD). 
Participant discussions were requested with healthcare workers active 
in labour wards and neonatal units, facility based HIS officers, and 
HIS officers based in regional or national offices. Additional 
interviews were planned with key individuals supporting health 
facility staff with the CRVS e-Notification processes for births and 
death and other informants involved in maternal or neonatal care in 
either the public or private sector. 

For pragmatic reasons interviews planned to conduct one FGD per 
facility under review and individual KIIs with key stakeholders. As 
this study investigated the processes of data management, as opposed 
to knowledge, attitude or, experience, this limitation was deemed 
appropriate as facility processes would be illuminated through FGD 
and, in most cases, only one or two staff members managed the 
processes outside of maternity wards (e.g., DHIS or MHAISS 
offices). 
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The researcher conducted nine FGDs and eight KIIs involving 38 
consenting participants. One respondent agreed to participate and 
completed the consent form without signing it. Those responses were 
withdrawn from the responses received. This deviation was reported 
to the institutional review board in November 2023. Participants 
comprised 39 participants of different range of cadres and working 
experiences. Amongst the participants were Enrolled 
Nurse/Midwives (3), Registered Nurse/Midwives (10), Unit (7) and 
Department Managers (2), Medical Officers (2), Obstetricians (3), 
Paediatricians (2), HIS Officers (3), clerical staff (1), one systems 
designer, and one Police Officer. The total duration of the KIIs was 
4 hours 31 min (mean 33:52), while the total duration of the FGDs 
was 6 hours 59 min (mean 46:33). The FGD and KII informed the 
process maps, modifiable factors and challenges and strengths of the 
system. 

Field observations 
The process mapping for this study was informed by the work of 
Kalman (2002) and Antonacci et al. (2021) who outlined individual 
steps required in process mapping, starting with obtaining the buy-in 
from facility and department management. The FGD participants 
(mapping team) included Midwives from the maternity departments, 
supervisors responsible for reporting data, facility statistics officers 
compiling facility reports. A suitable date and time were agreed with 
facility participants and management for the release of their staff to 
ensure least possible disruption to service or quality care. Facilities 
relieved their participating staff from normal clinical duty for the 
duration of the mapping exercise and interviews. Mapping exercises 
and interviews were held in venues identified at each facility. Rough 
process maps were drawn during interviews and facility discussions, 
using sticky notes, marker pens and subsequently converted into 
graphics using PowerPoint. Semi structured questions guided the 
interviews and FGD. Interviews and FGD were conducted in 
English, recorded on an Android Phone and transcribed verbatim 
into a Word Document (MSWord). These data were used to provide 
additional information into the process maps and identification of 
modifiable factors that could be targeted with an optimisation 
strategy. 
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Quantitative event data 
Birth and death events were abstracted from birth (orange) or death 
(purple) registers respectively, colour coded and captured into a 
purposely designed Excel spreadsheet. Thereafter, maternal or 
neonatal discharge events were captured from the Midnight Census 
inpatient register (MC) (blue), a DHIS tool, and discharge events 
recorded into a second Excel sheet. Finally birth and death 
notifications for the relevant facilities were abstracted from the e-
Notification platform (green) into a third Excel sheet. All recorded 
birth and death events and their individual data elements (e.g., time 
of birth, sex, facility) were matched for agreement between the three 
data sheets. Where events were unmatched or disparate data elements 
were found, these were reviewed by the researcher to identify genuine 
errors in data recording or potential transcribing errors made by the 
researcher. This ensured a robust data set. 

Data analysis methodology 
Qualitative data were analysed using descriptive analysis. Process 
maps were finalised after multiple iterations and edited or refined 
using information gleaned from transcripts of interviews and FGD. 
Time values for specific activities were not recorded as these were 
dynamic and inconsistent based on the facility, volume of events, staff 
availability, student presence and other clinical or administrative 
duties. 

Quantitative data were assessed for accuracy, completeness and 
timeliness and will be reported elsewhere. 

Relevance 

Counting every stillbirth and newborn death is essential for 
identifying and assessing causes of death. And, analysing underlying 
causes of death for contributing factors can inform appropriate 
responses to identified maternal and child health care needs. Without 
relevant mechanisms to generate, report and use robust data, these 
deaths, even if counted correctly, will be meaningless. Namibia must 
improve her health information platforms and the parallel reporting 
structures. Likewise, it is imperative that facility data is owned by and 
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individuals or individual facilities may be recognisable to their fellow 
health care workers. Participants were made aware of this prior to 
signing consent. 

Risks for harm to participants were low as this study required a 
secondary review of routinely collected facility data. The topic for 
discussion during key informant interviews and focus group 
discussions were mostly of a technical nature, though some 
participants expressed incidences of distress in their work situation 
relating to perinatal mortality. This did not require any follow-up or 
counselling intervention. 

Data for this study were captured electronically and stored on a 
personal laptop and backed up daily onto google drive. The laptop, 
the research folders and individual data files were each password 
protected. Only the researcher had access to password protected data. 
Portions of interviews were made available to an audio transcriber 
and research supervisor as required, but only with the understanding 
that they adhere to the same ethical guidelines outlined herein. 

MOHSS, MHAISS and participating facilities were offered a feedback 
meeting to engage with the preliminary research findings and provide 
comments or request changes. During feedback sessions each facility 
was invited to participate in the planned intervention strategy. One 
facility, IHK, responded to the invitation. 

Theoretical framework 

The two frameworks considered for this study were the Performance 
of Routine Information System Management (PRISM) framework 
(Aqil et al., 2009), and the conceptual framework for process mapping 
described by (Antonacci et al., 2021). 

The PRISM framework and its assessment tools were designed to 
evaluate the performance of individual aspects or whole components 
of information management systems for the purpose of identifying 
systems and knowledge gaps needing redress (Aqil et al., 2009; 
Lippeveld et al., 2000). The authors posit that multiple factors 
potentially influence the quality of data and thus hinder or enable the 
overall performance of any health system. While they argue that 
routine HIS are fraught with multiple challenges, these also hold 
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positive aspects that warrant strengthening. Moreover, performance 
within systems is directly or indirectly influenced by the environment 
in which they operate. Guidelines and tools for conducting systems 
evaluations using the PRISM framework were tested and found to be 
sensitive in different settings (Aqil et al., 2009). Input, Processes, 
Outputs, Outcomes and Impact are the overarching components of 
PRISM. Inputs relate to Routine Health Information System (RHIS) 
determinants that determine the quality of data at collection while 
Processes determine how effectively the entire data cycle from 
collection to feedback is managed. Outputs and Outcomes relate to 
RHIS and health systems performances while Impact, relates to 
population health status. Only routine HIS determinants and 
processes are relevant to this study as they focus on the data recording 
and reporting aspects within the data cycle. 

Research found that data quality improvement activities targeting one 
or more of the PRISM determinants were effective in improving 
accuracy, completeness and timeliness of data (Lee et al., 2009). Even 
though the PRISM framework is useful in evaluating the overall 
performance of routine health systems, Objective 2 of this study was 
to illustrate the processes and stakeholders for recording perinatal 
mortality data to gain insight into the pathway from data generation 
to transmission. Process maps, on the other hand, were used in 
various settings, at macro and micro levels and are used to visually 
illustrate existing or desired processes (Antonacci et al., 2021; Cobos 
Muñoz et al., 2020). For this reason, process mapping (PM) was 
included as an additional resource, to offer a visual representation of 
the processes involved in the data management at facility level. 

According to de Savigny and Cobos Muñoz D (2018) process 
mapping (PM) is a smaller step in the broader field of Enterprise 
Architecture and a tool used to visualise intricate process flows, 
stakeholders and their activities and relationships. Process maps can 
be used to reflect processes or workflows in their current form (as-is) 
or to design future processes in their desired form (to-be) (de Savigny 
& Cobos Muñoz D, 2018; Kalman, 2002). At macro level these maps 
can be used to identify and prioritise systems gaps and bottle necks, 
whereas the maps at micro level can identify root causes of flow 
interruption or delays (Kalman, 2002). There also seems to be a 
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statistics. The final part discusses the recordkeeping burden 
experienced by midwives/nurses in the process of patient care during 
birth and death events. The process maps depicted in this section 
illustrate the three major data streams. Yellow was added to reflect 
monthly tally sheets (DHIS) and other administrative documents, 
whereas grey indicates records used by parties external to the facilities 
(e.g., Mortuaries, MHAISS). 

Micro level of a large facility in the public sector 
After matching, a total of 5,018 unique birth and 109 unique death 
events were identified at baseline and during the intervention period 
(Table 1). Events recorded into birth (98.5%) and death (93.6%) 
registers were most complete, whereas the Midnight Census tool 
(95.7% and 38.5%) was least complete for each event. This was due 
to the non-recording into the MC of stillbirths and neonatal deaths 
occurring in labour and postnatal wards. This became a major focus 
for the intervention. 

Table 1. Unique events identified for participating facility at 
baseline and intervention 

 2023 % 2024 % Total % 
Births  n=2,705 100 n=2,313 100 5,018 100 
Registers 2,644 97.7 2,297 99.0 4,941 98.5 
DHIS 2,562 94.7 2,241 93.5 4,803 95.7 
CRVS 2,608 96.4 2,267 98.0 4,875 97.2 
       
Deaths n=60 100 n=49 100 109 100 
Registers 55 91.7 47 95.9 102 93.6 
DHIS 3 5.0 39 79.6 42 38.5 
CRVS 54 90.0 45 91.8 99 90.8 

While Table 1 indicates the total number of events recorded into each 
data stream, Table 2 indicates the number of events duplicated into 
each data stream. For comparison purposes across data streams an 
error rate (ER) was calculated. Duplications were common in both 
DHIS and CRVS data streams. The number of duplications and 
omissions reduced during the intervention strategy, most remarkably 
for DHIS entries. Maternal entries for birth data reduced from an ER 
of 15.8/1,000 to 3.5/1,000 events during the intervention. 
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Figure 5. Patient and data flow at macro level for the private sector 

Similar reporting gaps exist in the private sector (Figure 5). The 
private sector is not mandated to report data to the MOHSS. 
However, neonatal deaths and stillbirths are considered notifiable 
events and should be reviewed and reported, but this is not readily 
done. Nevertheless, facility staff do record e-Notifications into the 
CRVS platform. However, if community deaths occur and a private 
medical practitioner certifies that the death resulted from natural 
causes the body may be taken to a private undertaker. However, often 
private medical officers and private undertakers do not have access 
to the e-Notification platform if they are not linked to a private 
facility. In such cases e-Notifications are not possible without the 
collaboration of public mortuary staff by moving bodies to the private 
undertakers via the public mortuaries, further complicating the 
system. As with public mortuaries, private undertakers do not report 
data to the MOHSS. 
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Recording burden 

 
Figure 6. Records into which birth and death events must be 

recorded 

The process mapping exercise illuminated a critical aspect of the 
recording process that may have been tangible, but not necessarily 
obvious or visible. Data elements for each event are captured into 
multiple paper records, needlessly increasing the recording burden for 
staff that are already overwhelmed by a high clinical and 
administrative workload. Figure 6 illustrates the number of records 
midwives are required to complete for each event, while Figure 7 
depicts how often a particular data element must be recorded into 
different paper records. 
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Figure 7. Minimum set of data elements recorded into multiple 

paper records 

The above illustrates the basic recordkeeping requirements for each 
event and record. Additional recordkeeping entries are required for 
other data processes and care delivery for the mother-child dyad, 
which were not captured in this study. 

Data quality improvement initiative 
The implementation strategy focused on adding value without adding 
additional recording burden; improving mechanisms for recording or 
reporting processes that were low-cost and sustainable; identifying 
errors, duplications or omissions early, and, above all, retaining data 
ownership of data or potentially designed tools with the facility with 
minimal post intervention support from the researcher. 

Some of the identified modifiable factors that could easily be 
addressed were the non-recording of stillbirths and neonatal deaths 
into the MC form, reducing duplications resulting from use of 
multiple MC forms for each day and identifying duplications or 
omissions occurring in either of the data streams. The facility team 
agreed to standardise recording of names following the Surname, 
First name format in all of its records, thereby increasing the ability 
to recognise if an event had previously been recorded. Furthermore, 
each baby (stillbirth, neonatal death, referral to another facility) would 
be recorded and coded in the MC as an individual entry, while the 
relevant maternal entry would not be affected. Lastly, when a second 
or third MC page was opened for the same day, the Z-line, a 
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Figure 8. Dashboard display for mortality 

data for the participating facility on 14 
March 2024 

 
Figure 9. 

Performance tracker 
for Z-lining MC 

forms 

Missing sign offs at Facility 1, reduced from an ER of 434.8/1,000 at 
baseline to 113.4/1,000 for the intervention period, with a steady 
decrease during the intervention period. This suggests that the 
verification process implemented, along with the dashboard, had a 
positive effect of identifying incomplete and unsigned notifications. 
Furthermore, missing e-Death notification sign offs reduced from an 
ER of 463/1,000 to 88.9/1,000 events in the same timeframe. 

The agreed upon activities, adhering to name formats, Z-lining MC 
forms and cross-verifying entries between data streams decreased 
errors, duplications and omissions. Recording stillbirth and neonatal 
death events into the MC forms reduced the number of perinatal 
deaths that were initially missed. Completing the dashboard and its 
automated tabulation and calculation of monthly tallies improved the 
timeliness of monthly reporting upline, while the back-end controls 
reduced counting and calculation errors. 

Discussion 

Birth registers, though not complete, are still the more accurate data 
source at present, though this is not supported in another African 
setting (Chiba et al., 2012). Manual data extraction from registers is 
time consuming and fraught with risk for errors (Shamba et al., 2021). 

Beginning at facility level the data systems are outdated and ill 
coordinated, requiring multiple duplicate entries, thus reducing 
oversight of what was recorded where and adding to the overall 
clinical workload experienced by staff. Gonzalez et al. (2024) report 
that rigid documentation requirements may add to burnout risks 







352 

populated by midwives in the department, without support from the 
researcher. Dashboards are known to support and encourage staff to 
interact with the data they generate (Development Gateway, 2020)  

In the use of electronic records, data integrity may need other back-
end controls in software to prevent manipulation or falsification of 
data (Gass et al., 2017; Kim et al., 2020). This may require conditional 
formatting to limit fields to texts, numbers or use drop-down menus. 
These were some of the considerations during the design of the 
dashboard. Reports of deliberate data fraud or bypassing mandatory 
fields with zero values or incorrect data are not uncommon 
(Medhanyie et al., 2017; Mulissa et al., 2020). Therefore, individual 
integrity and supervision are key and cannot wholly be replaced by 
back-end or front-end controls. Moreover, data and cybersecurity 
must remain essential to all data processes and should be 
strengthened for this dashboard. Potential errors or shortcomings in 
the existing dashboard design are not excluded. Some built in logic 
functions might not be discernible without intentional and focused 
audits and Douglas et al. (2010) suggests some errors may remain 
undetected (Chiba et al., 2012). Other input errors, while 
recognisable, may be difficult to rectify retrospectively due to 
software constraints. Errors in existing paper-based systems must be 
corrected prior to migrating from paper-based to electronic systems 
(Douglas et al., 2010; Shamba et al., 2021; Sites, 2023). 

The practical interventions, recording formats, Z-lining, daily 
verification and adding death event entries into the Mc came at no 
additional financial cost. The Excel dashboard was designed and 
implemented by the research at no cost to the facility. However, 
opportunity cost and time spent on the design and implementation 
were not costed. Had these been done by a professional designer, fees 
for design, copyright and software licenses may have applied. 
Nevertheless, this exercise illustrates that effective solutions to in-
house problems can be found locally. 

Finally, the implementation of the dashboard allowed staff to extract 
important data from their paper-based records and have these 
available to visualise or analyse these as required, but without losing 
ownership of their data. In terms of FAIR data principles, facility data 
was made findable, accessible, and usable/re-usable, while retaining 
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Ambassadors. The VODAN Africa research group is headquartered 
in Uganda and is a subsidiary of the Africa University Network on 
FAIR Open Science, headquartered in Kenya. 

To explore the FAIR-OLR principle and its implementation in Africa, 
the first researcher is a member of the VODAN-Africa research 
project. A FAIR-OLR-based platform was installed in 74 health 
facilities in 8 African countries: Uganda, Nigeria, Ethiopia, Kenya, 
Tanzania, Tunisia, Somalia, and Zimbabwe, from February 2021 to 
June 2023. 

The architecture of the VODAN Africa platform, which was tested 
in 2021 and 2022, is shown in Figure 1. The data entry application is 
installed in each health facility, and when the patient data is produced, 
it is made available in various formats and used for different purposes. 
This data has also been stored in AllegoGraph with semantically 
correct metadata based on the VODAN-A portal vocabulary. 

 
Figure 1. The VODAN-A MVP architecture  

Source: Van Reisen, et al., 2022 

This architecture allows export functionality to be used with other 
health information systems in Africa, such as DHIS and Impilo. The 
researcher observed the development of FAIR-OLR based on the 
regular meeting of VODAN-Africa and discussed the technical 
details with the VODAN-Africa technical experts. 
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