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From data silos to actionable
Insights: a comparative evaluation
of data access models and
practical guidelines for animal
health surveillance
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Background: Effective livestock disease surveillance depends on scalable,
privacy-conscious access to distributed diagnostic data, yet current systems
are constrained by fragmented datasets, inconsistent formats, and limited
interoperability.

Objective: This paper compares three approaches for accessing distributed
animal health data: direct data sharing, centralized access, and federated access
using Solid Pods. The comparison covers architectural properties, query perfor-
mance benchmarks, and the FAIR (Findable, Accessible, Interoperable, Reusable)
maturity of the data artifacts produced by each approach, with the aim of pro-
viding practical guidance for choosing the right strategy in livestock health
surveillance.

Methods: The three approaches were characterized along seven operational
criteria: data access mechanism, privacy and governance, integration workflow,
consistency, workflow scalability, ease of use, and total cost of ownership, using
the European Cattle Barometer as a testbed. Two experiments measured query
performance: centralized versus federated SPARQL on 76,295 cattle records
(740,056 RDF triples) across five Solid Pods, and vertical versus horizontal fed-
eration across 12 Pods. Queries were mapped to the Livestock Health Ontology
(LHO), run five times, with differences tested using Welch's t-test. FAIR maturity
was scored against the 41 indicators of the Research Data Alliance (RDA) FAIR
Data Maturity Model.

Results: Across the seven operational criteria, direct sharing scored high only
on ease of use but low on scalability, privacy, integration, and consistency.
Centralized access scored highest on data consistency and ease of automation,
while federated access scored highest on workflow scalability, privacy and gov-
ernance, and data integration. Centralized queries finished in 20.2 + 4.1 s versus
30.0 + 2.2 s for federated, 1.49 times slower (p = 0.003). Vertical and horizon-
tal federation performed comparably (p = 0.060) and returned identical results
(1,378 records). FAIR maturity of the published data was 6%, 60%, and 83% for
direct, centralized, and federated access, respectively.
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Conclusion: No single approach suits all situations: direct sharing for short-
term simplicity, centralized access for fast dashboards, and federated access
where data ownership and FAIR-aligned outputs matter. In particular, the choice
between centralized and federated access is a trade-off between query speed
and data sovereignty. These findings inform practical, scalable, and privacy-con-
scious data-sharing guidelines for livestock disease surveillance.

KEYWORDS

animal health surveillance, data sovereignty, fair principles, federated data access,

ontologies, solid pods, veterinary epidemiology

1 Introduction

In animal health surveillance, the value of data-driven decision-
making depends not only on the availability of large datasets but also
on the mechanisms enabling their integration, sharing, and reuse. In
One Health surveillance research, the persistence of “data silos” and
the lack of interoperability remain central obstacles, slowing analyti-
cal workflows and undermining the scalability of digital infrastruc-
tures (1, 2). Recent studies of integration architectures in smart
agri-food information systems also identify interoperability, semantic
alignment, and governance constraints across heterogeneous data
sources as the dominant obstacles to cross-organizational data reuse
(3). Efforts to operationalize FAIR (Findable,
Interoperable, Reusable) principles in animal farming data manage-

Accessible,

ment, for example, across dairy and fish-farming projects, have
shown that secure access protocols, semantic interoperability, and
metadata standards are non-trivial to deploy even within a single
coordinated project (4). At the policy level, the emergence of EU
Common European Data Spaces for agri-food explicitly contrasts
top-down centralized standardization against decentralized, feder-
ated data-exchange architectures, and frames data-access architecture
as a key determinant of whether FAIR properties survive across data-
sharing chains (5). These challenges are acute in veterinary epidemi-
ology, where relevant data are distributed across a wide range of
sources, including diagnostic laboratories, veterinary practices, gov-
ernmental and industry databases, slaughterhouses, and farms, and
are often stored in heterogeneous formats and governed by diverse
legal and institutional policies (6, 7). As in other privacy-sensitive
domains, issues of confidentiality, ownership, and stakeholder trust
further restrict the sharing of sensitive datasets (8).

Centralized data access approaches, such as those implemented in
national surveillance programs in Netherlands (9, 10) and France (11),
and in the centralized phase of the Cattle Barometer, a cross-country
dashboard integrating laboratory-confirmed bovine respiratory dis-
ease diagnostic data from multiple European laboratories (12, 13)
show that aggregating data into a single repository can enhance inte-
gration and support sophisticated analytical dashboards. However,
these systems are hard to scale: they depend on a single central server
as a point of failure, need case-by-case re-engineering to onboard each
new data provider (6, 14), and raise General Data Protection
Regulation (GDPR) and data-ownership concerns that labs are often
reluctant to accept (8, 15). These limits motivate the federated alterna-
tives evaluated in this study, which preserve data providers’ autonomy
by enforcing access control at each data source rather than at a central
custodian (16).

Federated access, particularly approaches based on Personal
Online Data Stores (Pods) developed by Tim Berners-Lee (16, 17),
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offers an alternative by enabling in-place querying of distributed data-
sets while preserving data sovereignty. Comparable federated infra-
structures have been demonstrated for distributed analytics in human
healthcare (18) and for life sciences data sharing more broadly (19,
20). Despite their conceptual promise and adoption in other fields
(18-20), no study has yet empirically compared direct, centralized,
and federated access on the same real animal-health data, and evi-
dence on the technical performance of federated querying relative to
centralized systems remains particularly limited. Within livestock
specifically, recent work has proposed decentralized trust frameworks
for secure supply-chain data exchange (21) and federated learning,
distributed model training, not data querying, for cattle health moni-
toring from IoT sensor data (22); neither addresses federated data
access via query languages such as SPARQL, benchmarks query-
response performance across access architectures, or assesses FAIR
data maturity, the combination this study provides. This study offers
a comparative technical evaluation of three data access approaches for
animal health surveillance: (i) direct data sharing, in which laborato-
ries manually exchange diagnostic files (CSV/Excel) with the data
analyst, and the analyst performs cleaning, harmonization, and inte-
gration on each file individually; (ii) centralized access, in which labo-
ratory data are automatically ingested into a single central repository
where harmonization, anonymization, and ontology mapping are
performed once via a managed pipeline; and (iii) federated access, in
which SPARQL (a standard query language for linked data) queries
are executed in parallel over lab-controlled Solid Pods (secure, access-
controlled data vaults that each laboratory hosts and manages inde-
pendently). In both centralized and federated architectures, data were
mapped to the Livestock Health Ontology (LHO) to support semantic
interoperability. LHO is a shared vocabulary that gives all laboratories
a common data structure. The three approaches are compared against
seven operational criteria (data access mechanism, privacy and gov-
ernance, consistency, integration workflow, workflow scalability, ease
of use and implementation, and total cost of ownership), comple-
mented by empirical query-performance benchmark tests. As FAIR
(Findable, Accessible, Interoperable, Reusable) principles describe
properties of data and digital objects (23, 24), rather than properties
of access architectures, the FAIR maturity of the data artifact pro-
duced by each approach (the concrete data output it generates, that is,
the dataset together with its accompanying metadata) is assessed
separately against the 41 indicators of the Research Data Alliance
(RDA) FAIR Data Maturity Model (25). This standardized framework
enables a quantitative comparison of how well each approach’s pub-
lished data conform to community FAIR criteria. To our knowledge,
this is the first empirical comparison of direct, centralized, and feder-
ated data access in animal health surveillance, evaluated on the same
real multi-laboratory data across four countries and three livestock
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species. The findings provide a basis for practical guidance for select-
ing a data access strategy in animal health surveillance.

2 Materials and methods
2.1 Data sources and case studies

This study builds on the Cattle Barometer, a surveillance tool
developed within the DECIDE project to collect diagnostic test
results for bovine respiratory disease (BRD) across multiple
European laboratories (12, 26). From 2016 to 2023, a total of 76,295
records for 7 BRD pathogens: Bovine coronavirus, Bovine respira-
tory syncytial virus, Bovine parainfluenza virus type 3, Histophilus
somni, Mycoplasma bovis, Mannheimia haemolytica, and Pasteurella
multocida were collected from veterinary laboratories located in
Belgium, Netherlands, Ireland, and France. The raw data, originally
delivered as spreadsheets (CSV/Excel), included information on
sample type, diagnostic test, pathogen, result, and location (prov-
ince, country). The case study was extended with additional spe-
cies, pig and poultry diagnostic data, processed through the same
harmonization and mapped to Livestock Health Ontology (LHO)
as RDF (Resource Description Framework), a standard for repre-
senting data as linked statements. The pig data contain 23,249 PCR
test results from Spain covering 2020-2023. They track key respira-
tory agents, mainly the Swine influenza virus, Mycoplasma hyo-
pneumoniae, and Lawsonia intracellularis, and include routine
fields such as sample type (e.g., tissue, fluid, swab, feces), produc-
tion stage (finishing, sow, nursery, weaning) (27). The poultry data
comprise 1,889 records from 2014 to 2022, including Infectious
Bronchitis (IB) strains (e.g., QX, 793B, D274, D181). To ensure
comparability across access models, the datasets were cleaned, ano-
nymized, and harmonized into a common schema (i.e., mapping
each lab’s differing field names, codes, and terminology to a single
shared structure), using a dedicated data-processing pipeline
developed within the DECIDE project (28), which served as the
baseline input for all three data access approaches.

10.3389/fvets.2026.1962800

2.2 Data access approaches

Figure 1 presents the classification of the three data access
approaches considered in this study: direct sharing, centralized access,
and federated access. For the centralized and federated approaches, the
harmonized data described in section 2.1 were additionally mapped to
the LHO) and serialized as RDE a graph-based format that represents
data as subject-predicate—object statements called triples, where each
triple encodes one attribute of a record. Mapping templates, example
shapes, and queries for the LHO/RDF conversion are available in the
LHO repository (29). Each approach is described in detail in the follow-
ing subsections. The technologies underlying each approach were
selected based on suitability for the use case, interoperability, and com-
patibility with existing DECIDE project infrastructure. Because the
harmonized data is mapped to a shared ontology (the Livestock Health
Ontology), RDF was selected as the underlying data representation: as
a graph-based, subject-predicate-object format explicitly designed to
encode ontology-structured, semantically linked data, RDF and its
associated tooling (e.g., SPARQL, Comunica) are well suited to repre-
senting and querying ontology-mapped diagnostic records across het-
erogeneous laboratory sources. Comunica was selected as the federated
query engine because it is open-source, actively maintained, and modu-
lar. Solid Pods were chosen because they enable each laboratory to
retain its data in its own distributed storage rather than a central reposi-
tory, are built on an open, freely accessible platform, natively support
RDF and linked-data storage consistent with the ontology-mapped
representation already adopted, and implement W3C standards for
identity and access control (WebID, ACL). R or Python script, and
Quarto supported the shared data-cleaning, anonymization, and ontol-
ogy-mapping pipeline underlying both approaches: R or Python imple-
ments the cleaning and mapping logic, while Quarto automates
execution whenever new laboratory files arrive, avoiding manual repro-
cessing. Any general-purpose business-intelligence tool could be used
for visualization; Tableau was chosen here because it was already freely
accessible to the team through an existing institutional license. Azure
Functions were used for the federated query API to match the DECIDE
project’s existing cloud infrastructure and provide serverless scalability
for the query engine itself without dedicated server provisioning. Direct.

Approach

Direct data sharing

Data access

Centralized access
approaches

Mechanism Evaluation
Manual aggregation
of laboratory data
Characterisation:
Automated data 7 operational criteria
ingestion pipeline + FAIR maturity
(41 RDA indicators)

Federated access

FIGURE 1

Federated querying
over Solid Pods

Classification of the three data access approaches, their data-handling mechanism, and their evaluation.
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FIGURE 2

Direct data access workflow, showing manual aggregation and cleaning of laboratory data into CSV files before visualization, adapted from (30)

License: CC BY 4.0. Source: Burleigh Dodds Science Publishing Open Access page.

2.2.1 Direct data sharing approach

Direct data sharing refers to the manual or semi-manual exchange
of data between data providers and data analysts, typically via spread-
sheets or CSV files sent by email or uploaded to shared drives. This is
often the approach used by default to share data in research projects
and was the initial foundation of the Cattle Barometer use case (12).
The initial tutorial developed for the first version of the tool can be
accessed at https://decide-project-eu.github.io/case-studies-website/
tutorials/cattle-barometer.html. As shown in Figure 2, the workflow
involved cleaning raw data using widely adopted tools such as statisti-
cal programming environments (e.g., R) or general-purpose scripting
languages (e.g., Python), with results stored in static formats that
lacked structured access control. Aggregated insights were then visu-
alized using a commercial business-intelligence dashboard tool (e.g.,
Tableau). As indicated by the return (backward) arrow in Figure 2,
this cycle must be repeated manually each time a new batch of data is
received, since every update requires the data to be cleaned, harmo-
nized, and integrated again from the beginning (30).

2.2.2 Centralized access

In centralized data access, the workflow is transitioned from
manual exchange to a unified, automated infrastructure. Laboratories
submit anonymized diagnostic results under a data-transfer agree-
ment, formatted per a shared data script, as CSV/Excel files retrieved
through a dedicated API (28); once received, this automatically trig-
gers the R/Quarto pipeline that performs cleaning, harmonization,
and mapping without further manual intervention, reducing human
error and improving scalability. Access to the Cattle Barometer’s cen-
tralized repository and dashboard, the case study evaluated in this
study, is administered by Ghent University, under the DECIDE proj-
ect’s data management lead, who grants and revokes read and down-
load permissions on a per-collaborator basis; access and changes to
the underlying data and code are logged through the repository’s
version-controlled infrastructure.

As illustrated in Figure 3, the standardized datasets were inte-
grated into a central computing environment for downstream analy-
sis. The raw laboratory data, typically in CSV, PDE, or Excel format,
were processed using custom R scripts that performed filtering,
renaming, mapping, and variable normalization. The outputs were
merged into a single flat-file CSV with ten standardized fields,
enabling compatibility with visualization platforms such as Tableau.
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To ensure semantic interoperability, the integrated dataset was also
converted to RDF and mapped to the Livestock Health Ontology
(LHO) (31). Query outputs from the RDF store could then be
accessed programmatically or visualized interactively in Tableau.
Source code for this workflow is available at https://github.com/
decide-project-eu/cattle-use-case-barometer.

2.2.3 Federated access: decentralized approach
using pods

In contrast to the centralized architecture, federated access using
Pods emphasizes data ownership, security, and in-place querying of
distributed data (16). Instead of aggregating all diagnostic data into
a single repository, this model enables each laboratory to retain con-
trol over its own data. Each lab’s data is stored on Solid Pods, personal
online data stores developed using W3C web standards for identity,
access control, and interoperability (17) as shown in Table 1. Pods are
decentralized web storage that offer a standards-based mechanism
for data publishing and sharing, empowering data providers to
manage their information while enabling structured collaboration.
Access grants are issued and revoked directly by each lab owner via
their Pod’s WebID-based ACL (Table 1), which specifies read,
append, write, and control permissions per requester; because grants
are tied to an individual WebID rather than a shared credential, every
access event is inherently traceable to the requesting party, providing
governance accountability by construction.

This federated access was implemented using Bovi-Analytics
Pods'. Federated queries were executed using the open-source
Comunica query engine’, accessed through a dedicated API
endpoint’, as shown in Figure 4. Comunica query engine
dynamically queries the RDF datasets hosted on the Bovi-Analytics
Pods at runtime, without pre-aggregation or relocating the
data (32).

Each pod exposes livestock diagnostic data in RDF format, a
graph-based structure for encoding knowledge using subject, predi-
cate, and object triples. For example, a single triple might record that
a specific sample tested positive for a given pathogen: Sample_123,
LHO:hasPathogen, LHO: MB, meaning “Sample_123 (subject) has

1 https://solidserver.bovi-analytics.com
2 https://comunica.dev/
3 https://decide-federated-functions.azurewebsites.net/api/FedQuery
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FIGURE 3
Centralized data access workflow, where multiple data silos transfer data into a single computing server.

TABLE 1 Access control list (ACL) settings for demo samples (public-read) and the pod owner (data provider).

ACL rule Applies to Principal Read Append Write
.acl#public (sample data) Resource Everyone v - - - ‘
.acl#owner (provider) Resource + default Lab owner WebID (.../ v v v 4
(contained) profile/card#me)
“v” means granted; “—” means not granted. “Resource + default” means acl:accessTo to the container and acl:default for items inside it. Public read applies only to demo/sample TTLS files;

production Pods remain restricted.

Lab1 Data
Pod1 Read Data
Lab1 Data
— Community Solid Server Pod
https://solidserver.bovianalytics.com/decide_lab1 APl access & Authentication Request
- -
Lab2 Data COMUNICA
Pod2 Read Data Fedrated SPARQL engine Resulted data is accessible to
Q Lab2 Data (Comunica) ML Models
Community Solid Server Pod P . . .
— Y APl access & Authentication Request hllps.//declde-fedgrated- (Modelsllo( Predictions & Predictions & Visualizations
https://solidserver.bovianalytics.com/decide_lab2 functions.azurewebsites.net nsights) (Pathogen Spread, Risk
/api/FedQuery Analysis)
Lab(n) Data Pod (n) Read Data
G Q Lab(n) Data
A 5 -
I, Semmunitysclidssiveried APl access & Authentication Request
@ https://solidserver.bovianalytics.com/decide_lab (n)

FIGURE 4
Decentralized data access workflow, using solid pods and a federated SPARQL engine to query distributed datasets for predictions and visualization.

pathogen (predicate) Mycoplasma bovis (object), with additional ~ submitted through the API, the engine traverses each pod, extracts
triples recording that same sample’s type, diagnostic test, country,  the relevant RDF triples based on the defined filters, and assembles
and result. These are semantically aligned with the LHO to ensurea  the results into a structured response that can be processed
shared vocabulary across species and labs. When a query is  subsequently.
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2.3 Characterization of data access
approaches

The three access approaches were evaluated along the seven
operational criteria defined below; the full per-approach charac-
terization is provided in Supplementary Data Sheet S1. These
seven criteria are assessed qualitatively: each approach is rated
high, moderate, or low based on its design properties and our
implementation experience, rather than by a numeric or weighted
scoring rubric. Ratings were assigned through joint discussion
and consensus among the authors, with the corresponding author
finalizing the classification based on that discussion, to limit the
influence of any single individual’s assessment. FAIR maturity of
the data generated by each approach is assessed separately: a qual-
itative analysis of how each approach addresses the FAIR princi-
ples is provided in Supplementary Data Sheet S2, and a
quantitative assessment against the RDA FAIR Data Maturity
Model (41 indicators) in Supplementary Data Sheet S3. The seven
operational criteria are:

Data access mechanism: The data access mechanism refers to how
a data analyst obtains data. This may range from manual file
exchanges between providers and analysts, through automated access
via a central interface, to in-place queries against a federated query
endpoint that retrieves data from multiple distributed sources (6,
16, 17).

Data privacy and governance: This criterion captures where access
control is enforced. Privacy may be managed manually through bilat-
eral agreements between providers and analysts, centrally by a single
data custodian, or per-source via Access Control Lists (ACLs) at each
provider’s data store (8, 15).

Data integration workflow: The integration workflow refers to
where data harmonization occurs. Harmonization may be per-
formed analyst-side (after data is received), centrally during
ingestion into a managed pipeline, or in-place at query time
using a shared ontology to align data semantically across sources
(6, 14).

Data consistency: Data consistency refers to how versioning
and structural alignment are maintained across providers and
updates. Inconsistent versions or schemas across sources can
introduce errors in downstream analyses; consistency is improved
by automated pipelines, version control, or schema-enforced data
publishing (14).

Workflow scalability: Workflow scalability refers to how
operational effort grows with the number of laboratories or
data sources. A scalable workflow can onboard new providers
with minimal incremental effort, whereas a non-scalable
workflow requires manual re-engineering for each new
source (3, 6).

Ease of use and implementation: This criterion captures the
setup cost and ongoing operational effort required for both data
providers and analysts. It includes the technical expertise needed
to deploy the system, the learning curve for end-users, and the
maintenance burden over time.

Total cost of ownership (TCO): TCO captures the personnel,
infrastructure, and maintenance costs over the system’s lifecycle.
It includes one-time setup costs, recurring infrastructure costs
(e.g., servers, storage, query engines), and ongoing maintenance
effort (e.g., ACL
management).

software updates, ontology evolution,
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2.4 Experiment setup for performance and
scalability test

2.4.1 Experiment 1: comparison of a centralized
versus federated query response time on the
DECIDE cattle respiratory barometer dataset

To benchmark data access architectures, an experiment was
designed to compare query response time of centralized and fed-
erated querying approaches in terms of query response time
(mean and standard deviation over five runs) and result correct-
ness (whether both architectures return the same row set), exe-
cuted on the same cattle respiratory barometer dataset (76,295
records/740,056 RDF triples) with the same SPARQL query (Q1).
In the centralized setup, each lab’s raw Excel files were initially
processed using dedicated R scripts for cleaning, filtering, SHA-
256 anonymization (a one-way cryptographic technique that con-
verts sensitive identifiers, such as farm IDs, into irreversible
codes), and mapping to a standardized cattle schema®. This pro-
cess was automated through a GitHub-managed Quarto pipeline
that detects incoming files, transforms them, and exports the
cleaned data directly to the Barometer dashboard. For the produc-
tion dashboard,the final dataset, consisting of 76,295 records
across 10 standardized columns (~27.35 MB), was exported as a
flat .csv file and integrated with Tableau’. For the query-time
benchmark, the same cattle data (740,056 RDF triples) were con-
solidated into a single RDF file hosted on a Solid Pod and queried
with Comunica (@comunica/query-sparql v5.2.0) using query Q1.

In the federated setup, the same cattle respiratory barometer
dataset converted to RDF was uploaded to five Solid Pods hosted
at https://solidserver.bovi-analytics.com/, with controlled read
access managed via ACLs. Each lab maintained its RDF data inde-
pendently, uploaded via the PENNY tool, and structured using
the Livestock Health Ontology (LHO) to ensure semantic consis-
tency. The RDF triple counts per lab were as follows: Lab 1:
227,310 triples, Lab 2: 148,574 triples, Lab 3: 267,168 triples, Lab
4: 5,980 triples, Lab 5: 91,024 triples, and Total RDF triples across
all five cattle Pods: 740,056. A federated SPARQL query (Q1) was
executed targeting Mycoplasma bovis-positive swabs, as shown
below in Table 2.

Queries were executed using the Comunica SPARQL engine
(33) (“@comunica/query-sparql” v5.2.0) deployed as an Azure
Function on an App Service Standard plan (S2: 2 dedicated cores,
3.5 GB RAM). Earlier Comunica versions exhibited query failures
(HTTP 500 errors) at larger data volumes; v5.2.0 incorporates an
upstream federation-planning optimization that we helped vali-
date, and all experiments reported here use this corrected version.
The engine fetches TTL files from each Solid Pod. Each query was
executed five times to compute the mean and standard deviation.
Differences in query time were assessed with a two-sample Welch’s
t-test (unequal variances) in Python, with significance at o« = 0.05
(N =5 runs per configuration). No pre-aggregation was per-
formed, and all data remained in their original Pods. For

4 https://decide-project-eu.github.io/case-studies-website/tutorials/cattle-
barometer.html

5 https://github.com/decide-project-eu/case-studies-website
6 https://github.com/djsf-kobayashi/penny
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TABLE 2 Federated SPARQL query (Q1).

PREFIX LHO: <http://www.purl.org/decide/LiveStockHealthOnto/LHO#>

SELECT? Sample? Pathogen? Breed? SampleType? DiagnosticTest? Country?

Province? SampleResult

WHERE
{

? Sample a LHO: CattleSample;

LHO:hasPathogen? Pathogen;

LHO:hasSampleType? SampleType;

LHO:hasCountry? Country;

LHO:hasProvince? Province;

LHO:hasBreed? Breed;

LHO:hasDiagnosticTest? DiagnosticTest;

LHO:hasResult? SampleResult.

FILTER (? Pathogen = LHO: MB)

FILTER (? SampleType = LHO: Swab)

FILTER (? SampleResult = LHO:1)

}

Executed against the five cattle Solid Pods, this query retrieves all cattle samples testing

positive for Mycoplasma bovis (MB) from swab specimens, returning each matching sample’s
pathogen, breed, sample type, diagnostic test, country, province, and result.

demonstration purposes, the complete implementation has been
uploaded to the GitHub repository and is available here’.

2.4.2 Experiment 2: comparison of federation
scalability for vertical vs. horizontal data access

In this experiment, we expanded the number of Pods from five
Pods in the previous experiment to twelve Pods, and included data
from additional species (cattle, pigs, and poultry) to test the scalability
of federated access. The aim was to observe how performance varies
as the data volume and pod count grow, reflecting real-world sce-
narios of distributed veterinary diagnostics.

Two types of federation were tested: vertical (species-specific) and
horizontal (mixed species). For vertical federation, Pods 1 to 5 repre-
sented cattle data from five separate labs, Pods 6 to 11 held pig data from
six different labs, and Pod 12 contained poultry data. Although each
group was species-specific, the datasets across labs were still heteroge-
neous, with differences in format, structure, and terminology. These
variations were semantically harmonized using the LHO to enable con-
sistent federated querying across vertically aligned Pods. In the horizon-
tal federation setup, the same data was redistributed across six
mixed-species Pods, with each pod containing combined cattle, pig, and
poultry data, resulting in even greater heterogeneity in both content and
ontology structure complexity. Both test types used the same complex
SPARQL UNION query (Q2), targeting Mycoplasma bovis-positive
swabs (cattle), Mycoplasma hyopneumoniae-positive tissue samples from
finishing pigs, and Infectious Bronchitis QX-positive samples from broiler
poultry. This query retrieves matching records from all three species in
a single federated request, as shown below in Table 3.

7 https://github.com/decide-project-eu/
data-access-guidelines-best-practices-wpl-decide
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3 Results

3.1 Centralized vs. federated query
performance

Table 4 reports mean query times: centralized access completed
in 20.2 +4.1s, while federated access completed in 30.0 +2.2s,
making federated access 1.49 times slower (Figure 5). A two-sample
Welch’s t-test confirmed that the difference between centralized and
federated query times was statistically significant (p = 0.003). Because
the data format, query, and underlying stored dataset were held con-
stant, this overhead stems from federation itself, network roundtrips
to five separate Pod endpoints, multi-source query planning, and joins
across results from multiple endpoints rather than a single in-memory
dataset. Centralized querying thus significantly outperforms federated
querying in terms of data processing time. However, this comes at the
expense of flexibility and in-place access. Federated querying intro-
duces performance overhead but enables in-place access to distributed
data sources, which is an essential capability in collaborative, multi-
institutional settings. Both centralized and federated queries returned
identical result sets (569 records), confirming query correctness across
architectures.

3.2 Vertical vs. horizontal federation

As shown in Table 5 and Figure 6, the total number of RDF
triples are 807,221 and reduces to 806,025 once processed with a
query, a 1,196-triple gap caused by shared ontology statements
(e.g., pathogen and breed type declarations) that each pod’s export
embeds independently. Because an RDF graph and any triple that
is identical across pods is represented only once, regardless of
whether it is matched by the query’s filter conditions. A federated
query merges the pods into a single RDF graph, so identical state-
ments are counted once.

Vertical federation (12 species-specific Pods) completed in
30.1 £ 1.6 seconds. Horizontal federation (6 mixed-species Pods)
completed in 34.1 + 3.4 s. A Welch’s ¢-test indicated no statistically
significant difference between vertical and horizontal configura-
tions (p = 0.060); the borderline p-value reflects the modest
sample size (n = 5), and the practical interpretation remains that
the two configurations perform comparably. Horizontal federa-
tion was only 1.13 times slower than vertical federation, a small
difference. Both configurations returned identical results (1,378
records: 569 cattle, 59 pigs, 750 poultry), confirming that the fed-
eration strategy does not affect query correctness. Because the
vertical configuration used 12 species-specific Pods and the hori-
zontal configuration 6 mixed-species Pods, the federation design
and the number of sources differ. This comparison, therefore,
reflects two realistic deployment configurations rather than an
isolated effect of the federation strategy, and the small difference
cannot be attributed solely to the vertical-versus-horizon-
tal design.

3.3 Comparative summary across
operational criteria and FAIR maturity

The three approaches show distinct profiles when characterized

across the seven operational criteria defined in section 2.3. Table 6
presents a comparative summary of three data access approaches;
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TABLE 3 Federated SPARQL UNION query (Q2).

PREFIX LHO: <http://www.purl.org/decide/LiveStockHealthOnto/LHO#>

SELECT? Sample? Species? Pathogen? Breed? SampleType? DiagnosticTest? ProductionStages? Country? SampleResult

WHERE {

{

? Sample a LHO: CattleSample;

LHO:hasPathogen? Pathogen;

LHO:hasCountry? Country;

LHO:hasResult? SampleResult;

LHO:hasBreed? Breed;

LHO:hasSampleType? SampleType;

LHO:hasDiagnosticTest? DiagnosticTest.

FILTER(? Pathogen = LHO: MB)

FILTER(? SampleType = LHO: Swab)

FILTER(? SampleResult = LHO:1)

BIND(“Cattle” AS? Species)

UNION

? Sample a LHO: PigSample;

LHO:hasPathogen? Pathogen;

LHO:hasCountry? Country;

LHO:hasResult? SampleResult;

LHO:hasBreed? Breed;

LHO:hasSampleType? SampleType;

LHO:hasDiagnosticTest? DiagnosticTest;

LHO:hasProductionStages? PigProductionStage.

FILTER(? Pathogen = LHO: Mycoplasma_hyopneumoniae)

FILTER(? SampleType = LHO: Tissue)

FILTER(? PigProductionStage = LHO: Finishing)

FILTER(? SampleResult = LHO:1)

BIND(“Pig” AS? Species)

UNION

? Sample a LHO:PoultrySample;

LHO:hasPathogen? Pathogen;

LHO:hasBreed? Breed;

LHO:hasSampleType? SampleType;

LHO:hasProductionStages? PoultryProductionStage;

LHO:hasCountry? Country;

LHO:hasResult? SampleResult

FILTER(? Pathogen = LHO: QX)

FILTER(? SampleType = LHO: SS)

FILTER(? PoultryProductionStage = LHO: Broiler)

FILTER(? SampleResult = LHO:1)

BIND(“Poultry” AS? Species)

}

Executed across the twelve (vertical) or six (horizontal) Pods, this query retrieves pathogen-positive samples across three species in a single request: Mycoplasma bovis-positive swabs (cattle),
Mycoplasma hyopneumoniae-positive tissue samples from finishing pigs, and Infectious Bronchitis QX-positive samples from broiler poultry.
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TABLE 4 Centralized vs. federated access (cattle only).

10.3389/fvets.2026.1962800

Metric Centralized access Federated access
Data format RDEF/Turtle (graph-based) RDEF/Turtle (graph-based)
Total RDF triples (stored) 740,056 RDF triples 740,056 RDF triples (same 5 labs data, distributed across 5 pods)
Data sources 1 aggregated RDF source 5 solid pods
Storage topology Single aggregated central file store Five lab-controlled solid pods
Data protection SHA-256 anonymization of sensitive fields SHA-256 anonymization of sensitive fields
Access control Repository permissions W3C access control list (ACL)
Execution environment Azure app service standard S2 (2 cores, 3.5 GB RAM) Azure app service standard S2 (2 cores, 3.5 GB RAM)
Rows returned 569 records 569 records
Total query time 202+4.1s 300+22s
40 1
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FIGURE 5
Centralized vs. federated query response time comparison.

the bottom row reports the FAIR maturity of the representative data
artifact each approach publishes, scored against the 41 indicators of
the RDA FAIR Data Maturity Model. Across the seven operational
criteria, direct data sharing is anchored to its simplicity (high data
access, high ease of use) but trades that simplicity for low workflow
scalability, weak privacy controls, and limited consistency, and pro-
duces data artifacts with the lowest FAIR maturity in this study
(6%). Centralized access uses an automated pipeline that keeps the
data consistent and produces a data artifact with substantially
higher FAIR maturity (60%). The trade-offs are its dependence on
a single server and central custody of the data. Federated access
keeps data under each laboratory’s control via per-source ACLs and
an ontology-aligned RDF representation, delivering the highest

Frontiers in Veterinary Science

workflow scalability and the highest FAIR maturity of the published
data artifact in this study (83%), but at the highest implementa-
tion cost.

4 Discussion

This study found that centralized access completed queries signifi-
cantly faster than federated access (20.2+4.1s vs. 30.0+2.2s,
p =0.003), while vertical and horizontal federation performed com-
parably. FAIR maturity of the published data increased from 6% under
direct sharing to 60% under centralized access and 83% under
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TABLE 5 Vertical (species-specific) and horizontal (mixed species) experiment results.

Metric Vertical federation

Federation type Species-specific pods

10.3389/fvets.2026.1962800

Horizontal federation

Mixed-species pods

Number of sources 12 pods

6 pods

Pod structure 5 cattle + 6 pig + 1 poultry

6 mixed (cattle + pig + poultry)

SPARQL query Q2 (complex UNION) Q2 (complex UNION)
Total RDF triples (stored) 807,221 807,221
Total RDF triples processed 806,025 806,025

Rows returned 1,378 (569 cattle, 59 pigs, 750 poultry)

1,378 (569 cattle, 59 pigs, 750 poultry)

30.1£1.6s

Mean query time

341+3.4s

The 1,196-triple difference between stored and processed triple counts reflects shared ontology-level statements (e.g., pathogen and breed type declarations) that each lab’s export embeds

independently; federated querying treats the pooled pods as a single RDF graph, in which identical triples are represented once.

1.13x, p = 0.060
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FIGURE 6
Vertical vs. horizontal federation performance comparison.

Horizontal
(6 mixed-species pods)

federated access. These findings are discussed below in relation to each
approach’s practical trade-offs and the existing literature.

Direct data sharing remains useful for infrequent short-term or
low-volume exchanges, particularly in early project stages where sim-
plicity matters more than technical overhead. Although FAIRness is a
property of the data itself, its preservation depends heavily on the
sharing method. In direct sharing, even data that initially follows FAIR
principles can lose these qualities during informal exchanges.
Metadata, schema definitions, and version histories are rarely trans-
ferred, especially when files are shared via email or private folders
without centralized tracking. Over time, this FAIRness is hard to sus-
tain. Version control tools could help, but the time and effort required
to apply it consistently grows with every new file and update, so it is

Frontiers in Veterinary Science

difficult to sustain in practice. The issue is not that the data is inher-
ently non-FAIR, but that direct sharing lacks the mechanisms to pre-
serve or promote FAIRness over time. This limitation is particularly
visible in multi-stakeholder settings, for example the current use case
where data exchange depends on coordination between different labs,
file versions, and analysts. From the TCO perspective, infrastructure
costs are low, but repeated manual effort for cleaning, merging, and
maintenance makes personnel costs high. Over time, this approach
becomes resource-intensive for larger or long-term deployments.
Centralized data sharing is best suited for coordinated work-
flows requiring standardized formats, automation, and high-per-
formance data pipelines, making it ideal for surveillance
dashboards and routine processing. Privacy is moderately
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https://doi.org/10.3389/fvets.2026.1962800
https://www.frontiersin.org/journals/veterinary-science
https://www.frontiersin.org

Noor et al.

10.3389/fvets.2026.1962800

TABLE 6 Comparative summary of the three data access approaches across seven operational criteria and FAIR maturity.

Evaluation criteria Direct data Centralized access Federated access (solid
sharing pods)

Data access mechanism High Moderate High

Privacy and governance Low Moderate High

Integration workflow Low Moderate High

Data consistency Low High High

Workflow scalability Low Moderate High

Ease of use and implementation High Moderate Moderate

TCO Personnel High Moderate Moderate
Infrastructure Low Moderate to high Moderate to high
Maintenance High Moderate Moderate to high

FAIR maturity (S3) 6% 60% 83%

Ratings are qualitative (High/Moderate/Low) based on seven evaluation criteria in the Cattle Barometer case study. TCO, total cost of ownership (personnel, infrastructure, maintenance).

Performance refers to query execution speed and system responsiveness and does not apply to direct sharing because data is exchanged manually. Ratings for the seven operational criteria are

qualitative (High/Moderate/Low), based on the Cattle Barometer case study. The FAIR maturity row is quantitative: the percentage of the 41 RDA FAIR data maturity model indicators met by

each approach’s published data (per-indicator scoring in Supplementary Data Sheet S3).

protected through techniques like anonymization of sensitive
data. This prevents reverse engineering but also means original
identifiers cannot be recovered later, even under secure condi-
tions. As a result, data may lose value for users or systems requir-
ing linkage to sources, and anonymization can reduce
interoperability if identifiers cannot be aligned across datasets or
domains. TCO is moderate to high: setup requires time, technical
expertise, and infrastructure, but once established, automated
pipelines reduce daily effort. Tools like Tableau® or R Shiny’ can
be used to present the processed outputs in a user-friendly way,
making it easy to explore the data without needing to understand
the technical backend. This model works when providers accept
centralized control and consistently supply data in agreed formats.

Federated access provides the greatest privacy, flexibility, and
semantic interoperability. It is best for independent data providers
who prioritize data ownership and selective access. Data remains
under full control of providers, and in-place querying is enabled
through a federated SPARQL engine. However, once authenticated
access is granted, users can still copy the results they receive,
meaning that governance is still required to regulate downstream
use. Integration is achieved dynamically via shared ontologies,
and new data sources can be added flexibly. Ease of use and imple-
mentation in this model differ by role; technically, it requires
familiarity with Pods, RDF, SPARQL, and access control policies,
making setup demanding. Yet, like centralized access, the final
outputs can be consumed by end-users through a friendly inter-
face, where backend complexity is hidden. TCO is high because
each server requires hosting, updates, and technical oversight,
even when automation reduces daily work. Despite higher costs,
federated access supports long-term scalability and modularity,
especially in privacy-sensitive or multi-institutional environ-
ments. Although more expensive, federated access systems strike
a balance between sovereignty and interoperability. Their

8 https://decide-project-eu.github.io/case-studies-website/case-studies/
cattle-barometer.html

9 https://connect.posit.vetinst.no/laksetap/
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cost-benefit profile must be weighed carefully before production-
scale deployment. This model suits distributed networks such as
independent labs or stakeholders, but only if users are trained in
ontologies and understand their data quality and responsibilities.
In practice, this is a major limitation: metadata are often incom-
plete, and stakeholders struggle to document datasets (3, 20).
Centralized access faces similar hurdles, requiring major effort for
metadata, schema alignment, and ingestion pipelines. The Cattle
Barometer demonstrates that centralized or federated access is
technically feasible and provides a solid foundation for future
refinement and scaling.

Across the three approaches, FAIR maturity ranged from 6%
for direct sharing, through 60% for centralized access, to 83% for
federated access. As described in Section 2.1-2.2, the data artifacts
produced by the three approaches all originate from the same
underlying data source, which was progressively cleaned, harmo-
nized, and ontology-mapped as it moved from direct to central-
ized and federated access. The FAIR maturity gradient therefore,
partly reflects this evolution in data management and cannot be
attributed to the access approach alone; the enrichment steps that
raise FAIRness are, however, themselves afforded by the central-
ized and federated architectures and structurally unavailable in
direct sharing. As detailed in Supplementary Data Sheet S2, feder-
ated access scores higher on interoperability and reusability
because each lab’s data is published as directly retrievable, ontol-
ogy-aligned RDF resources. In contrast, in the centralized
approach, the equivalent RDF representation remains internal and
is not exposed as individually addressable linked data. This sug-
gests that achieving high FAIR maturity depends less on the spe-
cific access architecture chosen than on whether FAIR-by-design
practices, such as ontology alignment and machine-actionable
publishing, are deliberately embedded in the data workflow,
regardless of approach.

The architectural trade-offs we observe also appear in similar studies
from human-health research. Rujano et al. (19) compared centralized
and federated approaches across five large European life-sciences use
cases, and found that centralized models make it easier to link and har-
monize data. In contrast, federated models make it easier to scale up and
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remain compliant with data protection rules because the data stay with
the original owner. These are the same trade-offs we see in livestock sur-
veillance. Welten et al. (18) showed multi-institutional secure onboard-
ing for distributed analytics in clinical research, and Sinaci et al. (20)
extended the federated approach to training machine-learning models
on FAIR health data. Choudhury et al. (34) went further and applied
federated learning to distributed health records. Our work extends this
body of evidence from human health to animal health by using a similar
federated architecture (Solid Pods + federated SPARQL) on livestock
disease data, delivering high FAIR maturity for the published data arti-
facts (83%), with a modest but statistically significant query-latency over-
head of 1.49 x over centralized access, though, as discussed in
Limitations, this single-server setup likely underestimates the overhead
of genuinely distributed, cross-country federation. For animal-health
surveillance in practice, the access architecture directly shapes how
quickly and how widely diagnostic signals can be turned into action:
federated access preserves laboratory data sovereignty while still enabling
cross-border querying on which early detection and coordinated One
Health response depend, whereas centralized access favors high-perfor-
mance routine dashboards built on already consolidated data.

Within agriculture, recent work by Krisnawijaya et al. (4)
across dairy and fish-farming projects shows that FAIR principles
can be put into practice when secure access protocols, semantic
interoperability, and clear metadata standards are designed in
from the start. Delavenne et al. (6) assessed 30 European datasets
with animal health data used in a research project and found that
the rare use of metadata and standard vocabularies is a major gap.
The same research group has subsequently introduced the first
community-developed rich-metadata guidelines for veterinary
epidemiology datasets (35), positioned at the early steps of the
FAIR continuum and referencing ontology-driven approaches
such as the Livestock Health Ontology, as used in the Cattle
Barometer evaluated here, as the natural next step. They are paving
the way to create community-specific guidelines toward the lon-
ger-term shift toward FAIR-by-design pipelines advocated by
Candela et al. (36).

Federated SPARQL querying over Solid Pods worked reliably
in our experiments after we fixed a reliability issue in the underly-
ing engine. Technology is still maturing, and the wider commu-
nity is actively improving its performance and reliability, including
through this work. We ran into query failures at larger data vol-
umes under earlier Comunica versions, a problem typical at this
stage of the ecosystem’s development. Working with the Comunica
development team, we helped test and validate a query-planning
fix that resolved it; all experiments reported here use the corrected
version (Comunica v5.2.0). Surveillance programs, considering a
federated approach, should budget for this kind of ongoing
engagement with the underlying tooling as part of total cost of
ownership, alongside initial setup. It is also worth noting that the
automated pipelines described here already implement several
DataOps practices: scripted, version-controlled ingestion and pro-
cessing via GitHub, and reproducible outputs archived publicly
(GitHub, Zenodo). However, the ontology-mapping step depends
on incoming data matching a specific expected format and fails
without graceful handling when it does not; the pipelines do not
yet extend to continuous data-quality monitoring, automated
alerting on pipeline failures, schema validation, or automated test-
ing of the mapping logic itself, as advocated by the broader
DataOps paradigm (37). Incorporating these additional practices,
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alongside structured collaboration features between data provid-
ers and analysts, would support centralized and federated surveil-
lance pipelines’ reliable operation and maintenance at scale as
more laboratories are onboarded. DataOps paradigm (37)also
situates the investigation of business value as part of the DataOps
discipline; for the Cattle Barometer specifically, this dimension is
addressed separately in the DECIDE project’s exploitation plan-
ning, which identifies sustainable hosting and revenue-stream
challenges for maintaining non-commercial surveillance tools
beyond the project’s funding period (38).

This study has some limitations. The current experiments
used a limited number of Pods (5 to 12) hosted on a single Solid
server, so performance may differ when scaling to a larger number
of geographically distributed Pods across multiple servers. The
current experiments used a limited number of pods (5 to 12)
hosted on a single Solid server, so this study does not capture the
network latency, firewalls, and heterogeneous infrastructure of
genuinely cross-institutional federation, where laboratories are
geographically distributed across different countries; real-world
federated performance in such a deployment could be consider-
ably worse than the 1.49 x overhead reported here. In addition,
the two federation configurations did not use the same number of
Pods (12 vertical vs. 6 horizontal), so federation design and source
count varied together; future work should compare vertical and
horizontal federation at matched pod counts to isolate the effect
of federation strategy from that of source count. Because the three
data artifacts compared here originate from a single pipeline in
which each subsequent access approach receives cumulatively
enriched data (direct sharing draws on the least-processed data,
federated access on the most), federated access’s FAIR maturity
advantage may partly reflect its position at the end of this enrich-
ment pipeline by construction, rather than an inherent property
of the federated architecture alone. Future work could disentangle
this by applying an equivalent enrichment pipeline independently
to each access approach before comparison.

Distributed-SPARQL optimization techniques such as result-
aware source selection (39), and SPARQL result caching with pod-
granularity tuning (40) could help reduce query time at that scale.
Additionally, rather than running an automated tool ourselves,
such as AgReFed (41) or F-U]JI (42), we manually scored each
approach against the standardized 41 indicators of the RDA FAIR
Data Maturity Model (25) and reported transparent per-indicator
notes. This manual, single-framework choice avoids the tool-to-
tool disagreement documented by Krans et al. (43) and Candela
et al. (36), who identified inconsistencies in the assessment results
across identical datasets. While Candela et al. (36) advocate for
using community-specific assessment tools, the absence of such
tools for veterinary epidemiology data made scoring against the
established RDA framework the most practical approach.
However, this manual, localized evaluation may make it harder to
compare our results with future automated studies directly.

5 Conclusion

This study compares direct, centralized, and federated data
access approaches in veterinary surveillance, using the Cattle
Barometer as a real-world testbed. Centralized access completed
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the benchmark query in 20.2 £ 4.1 s versus 30.0 + 2.2 s for feder-
ated access, a statistically significant 1.49 x overhead. Vertical and
horizontal federation strategies returned identical results (1,378
records: 569 cattle, 59 pigs, 750 poultry) and performed compa-
rably, though the two configurations used a different number of
Pods (12 vs. 6). The FAIR maturity of the published data artifacts
was 6% for direct sharing, 60% for centralized access, and 83% for
federated access. The choice between centralized and federated
access is therefore a trade-off between query speed and data sov-
ereignty. Centralized access suits high-performance dashboards
on harmonized data, while federated access suits multi-laboratory
settings where data must remain with the original owner. The fed-
erated access approach can be extended in future work toward
privacy-preserving distributed model training.
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