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ABSTRACT

Public health data harmonisation -- the systematic alignment of heterogeneous data sources from multiple jurisdictions

into shared analytical representations -- is a precondition for coordinated cross-border public health surveillance,

comparative effectiveness research, and evidence-based international health policy. The challenge is substantial:

national surveillance systems use different case definitions, reporting cadences, demographic stratifications, and data

quality standards that reflect divergent historical development rather than deliberate variation. Cross-border public health

events -- pandemic response, antimicrobial resistance monitoring, cross-border disease outbreaks, climate-driven health

impact assessment -- require data harmonisation infrastructure that can operate in near-real-time rather than through

months-long retrospective harmonisation exercises. We evaluated five public health data harmonisation frameworks

applied to 32 European countries' surveillance systems covering 18 major disease categories and public health indicators

between 2018 and 2024. Frameworks ranged from manual retrospective harmonisation through ML-based automated

semantic harmonisation with federated analytics infrastructure. Performance was benchmarked using our Public Health

Data Harmonisation Effectiveness Score (PHDHES), integrating harmonisation completeness, temporal responsiveness,

cross-border analytical capability, privacy compliance, and implementation sustainability. The ML-based automated

harmonisation framework achieved the highest PHDHES (0.914), reducing time from data receipt to harmonised

analytical dataset from 42 days to 2 days and enabling cross-border outbreak analyses within 72 hours of signal

detection versus 3-4 weeks under conventional manual harmonisation.
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1. Introduction
1.1 The Cost of Data Fragmentation
European public health systems generate
enormous quantities of surveillance data across 32
countries, each with distinct surveillance
traditions, case definitions, reporting
infrastructure, and data quality practices. The
operational consequence of this fragmentation was
brought into sharp focus by COVID-19, when
timely cross-country comparison of case trends,
hospitalisation patterns, and vaccine effectiveness
required emergency harmonisation efforts that
consumed substantial analytical capacity and
introduced weeks-long delays between national
data availability and usable cross-border analyses.
ECDC surveillance reports during 2020-2022
frequently acknowledged that comparability
caveats limited the actionability of aggregate
European analyses, with some countries' data
excluded from specific analyses due to insufficient
harmonisation (ECDC, 2022). The public health
data harmonisation problem extends beyond
pandemic response to routine surveillance,
antimicrobial resistance monitoring, cross-border
disease outbreak investigation, vaccine
effectiveness evaluation, and climate-health
impact assessment. Each of these applications
requires data aligned on case definitions,
demographic denominators, temporal resolution,
and spatial granularity that national surveillance
systems do not natively provide in comparable
forms. Conventional retrospective harmonisation --
where analysts manually map national indicators
to shared definitions through months-long
harmonisation exercises -- cannot support the
near-real-time cross-border analytical needs of
contemporary European public health. This study
benchmarks five harmonisation framework
approaches across 32 countries and 18 disease
and public health indicator categories.

1.2 Study Objectives
The aims were to benchmark five public health
data harmonisation frameworks against PHDHES
across 32 European countries; to quantify
harmonisation time compression and cross-border
analytical capability differentials between manual
and ML-based automated approaches; and to
characterise privacy compliance and
implementation sustainability requirements.
Standard six-part structure follows.

2. Literature Review
2.1 Semantic Interoperability in Public Health

Semantic interoperability -- the ability of different
information systems to exchange data with shared
meaning -- has been recognised as foundational for
cross-border public health analytics but has been
challenging to achieve in practice. The HL7 FHIR
standard provides a common data exchange
format for clinical data but does not resolve the
underlying heterogeneity of case definitions,
reportable condition lists, and surveillance
questionnaire structures across national systems.
ICD-10 and ICD-11 provide globally harmonised
diagnosis coding but are applied with substantial
variation across countries in coding practice and
granularity. The OMOP Common Data Model
developed for observational research has been
applied in public health contexts via projects
including EHDEN, but adoption across European
national public health agencies remains partial
(Hripcsak et al., 2016).

2.2 ML Approaches to Data Harmonisation
Machine learning applications to semantic data
harmonisation have matured significantly through
work on automated concept mapping, terminology
alignment, and schema matching.
Transformer-based language models fine-tuned on
medical terminology can automatically map
national case definitions to standardised concept
hierarchies with accuracy approaching expert
terminology mapping for common concepts
(Hartman et al., 2021). Probabilistic record linkage
for de-duplication across surveillance databases
using multiple identifier variables with uncertainty
has been well established for decades but remains
computationally intensive at the scale of European
cross-border analytics. Deep learning approaches
to cross-lingual concept alignment address the
multilingual nature of European surveillance data,
where clinical documentation and case reports
span 24+ official languages across the EU/EEA
area.

2.3 Federated Analytics and Privacy
Federated analytics architectures enable analyses
spanning multiple institutional or national data
sources without centralising patient-level records,
addressing the privacy and legal constraints that
prevent centralised data pooling in European
jurisdictions. Federated approaches include: split
learning for ML model training across distributed
data sources; federated meta-analysis for
epidemiological effect estimates; and differential
privacy frameworks providing mathematical
privacy guarantees for aggregated outputs. The
European Health Data Space regulation adopted in
2024 provides legal framework for federated
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health data analytics across EU member states,
replacing the heterogeneous national data
governance landscapes that previously
complicated cross-border analytics. No study has
compared five public health data harmonisation
frameworks using a composite that explicitly
weights harmonisation completeness, temporal
responsiveness, cross-border analytical capability,
privacy compliance, and implementation
sustainability. Table 1 maps key studies.

Table 1: Key Studies in Public Health Data
Harmonisation
Study Y

e
a
r

Focus Scope Key Finding

ECDC 2
0
2
2

COVID-19
surveillan
ce report

EU/EE
A

Harmonisation
gaps limit
aggregate
analyses

Hripcsak
et al.
(OHDSI)

2
0
1
6

OMOP
common
data
model

Global Multi-country
OMOP enables
observational
research

EMA
EHDEN

2
0
2
2

EU distrib
uted
research

EU European OMOP
adoption in
health data
research

Hartman
et al.

2
0
2
1

NLP
concept
mapping

Metho
ds

Transformer
models match
expert for
common concepts

Dugas et
al.

2
0
1
5

Medical
data
models

Global Model-based
harmonisation for
medical data

Europea
n Health
Data
Space

2
0
2
4

EHDS
regulation

EU Legal framework
for federated
health analytics

Ludwig
et al.

2
0
2
1

Cross-bor
der
COVID
data

Europe Case definition
heterogeneity
complicates
comparison

Boulouka
ki et al.

2
0
2
2

Surveillan
ce harmon
isation

Europe Semi-automated
ETL improves
AMR surveillance
harm.

Abdul
Majeed
et al.

2
0
2
3

Federated
learning
health

Review Federated
architectures for
multi-site clinical
ML

Dwork 2
0
0
6

Differenti
al privacy

Metho
ds

Mathematical
privacy
framework for
aggregated data

OMOP = Observational Medical Outcomes Partnership;
OHDSI = Observational Health Data Sciences and
Informatics; EHDEN = European Health Data and
Evidence Network; ETL = Extract-Transform-Load; AMR
= Antimicrobial Resistance; EHDS = European Health
Data Space.

3. Methodology
3.1 Country Coverage and Surveillance
Categories
We evaluated 32 European countries: all 27 EU
member states plus Norway, Iceland, Switzerland,
United Kingdom, and Ukraine. Data covered
January 2018 through December 2024.
Surveillance categories evaluated: infectious
disease notifiable conditions (case counts,
demographic breakdowns, outcome indicators for
COVID-19, influenza, measles, meningococcal
disease, tuberculosis, HIV); antimicrobial
resistance (pathogen-antibiotic combinations from
EARS-Net); healthcare-associated infections
(ECDC HAI Point Prevalence Survey); vaccination
coverage (WHO/UNICEF Joint Reporting Form
data); injury surveillance (road traffic, violence,
occupational); mental health indicators (suicide
rates, mental health service utilisation where
available); and environmental health (air
quality-health linkage, heat-related mortality). 18
major disease and indicator categories total.
Primary outcomes: harmonisation completeness
(proportion of indicators successfully mapped to
shared analytical representations), time from
national data receipt to harmonised analytical
availability, cross-border analytical capability
(feasibility of common analyses across all 32
countries), and implementation cost.

3.2 Five Harmonisation Frameworks
Framework H1 (Manual Retrospective)
represented conventional manual harmonisation:
analyst-driven mapping of national case definitions
and indicators to shared reporting templates,
typically on 3-6 month cycles matched to
surveillance reporting periods. Framework H2
(Standardised Reporting Templates) implemented
pre-defined reporting templates that national
surveillance systems populate directly, reducing
harmonisation work at the centralised analytical
level but requiring national system adaptation.
Framework H3 (Semi-Automated ETL) deployed
semi-automated extract-transform-load pipelines
for common indicator types with human analyst
oversight and exception handling, compressing
harmonisation timelines from months to weeks.
Framework H4 (ML-Assisted Concept Mapping)
added transformer-based NLP concept mapping
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for automatic alignment of case definitions, with
analyst review of low-confidence mappings;
reduced harmonisation timelines to days.
Framework H5 (ML-Automated + Federated
Analytics) combined H4 automated concept
mapping with federated analytics infrastructure
enabling cross-border analyses without centralised
data pooling, differential privacy guarantees for
aggregated outputs, and continuous real-time
harmonisation as new data arrives. Table 2
summarises the design.

3.3 Public Health Data Harmonisation
Effectiveness Score
PHDHES integrates: harmonisation completeness
-- proportion of national indicators successfully
mapped to shared analytical representations
across the 32 countries and 18 categories (weight
0.25); temporal responsiveness -- median days
from national data availability to cross-country
analytical dataset availability (0.20); cross-border
analytical capability -- proportion of predefined
cross-country analyses executable without
additional harmonisation work (0.20); privacy
compliance -- GDPR compliance audit score and
re-identification risk assessment for aggregated
outputs (0.15); and implementation sustainability
-- ongoing maintenance cost and national system
burden (0.20). Each normalised 0-1.

Table 2: Study Design and Coverage
Characteristics
Parameter Value Details

European
countries

32 27 EU + NO, IS, CH, UK,
UA

Study period 2018-202
4

Pre-COVID baseline +
pandemic +
post-pandemic

Infectious
disease
categories

8 Notifiable diseases major
causes

AMR
surveillance

1 category EARS-Net
pathogen-antibiotic
combos

HAI
surveillance

1 category ECDC HAI PPS
indicators

Vaccination
coverage

1 category Routine childhood +
COVID-19

Injury
surveillance

3
categories

Road traffic, violence,
occupational

Other
categories

4 Mental health,
environmental, maternal

Harmonisation
frameworks

5 (H1-H5) Manual retrospective to
ML + federated

Parameter Value Details

PHDHES
dimensions

5 (weighte
d)

Completeness, timing,
analytics, privacy,
sustainability

AMR = Antimicrobial Resistance; HAI =
Healthcare-Associated Infection; PPS = Point Prevalence
Survey; EARS-Net = European Antimicrobial Resistance
Surveillance Network; PHDHES = Public Health Data
Harmonisation Effectiveness Score.

4. Results
4.1 PHDHES Results by Framework
The ML-automated with federated analytics
framework (H5) achieved the highest PHDHES at
0.914. Harmonisation completeness was 94.6%
under H5 versus 52.4% under manual
retrospective (H1) -- meaning H5 successfully
harmonised 94 of every 100 national indicators to
shared analytical representations versus only 52
under conventional manual approaches. Temporal
responsiveness showed the most dramatic
difference: median days from national data receipt
to harmonised analytical availability fell from 42
days under H1 to 2 days under H5 -- a 95.2%
reduction that fundamentally changes the
operational feasibility of cross-border public health
analytics. Cross-border analytical capability -- the
proportion of predefined common analyses
executable without additional harmonisation work
-- was 88.4% under H5 versus 24.6% under H1.
Privacy compliance was excellent under H5
federated architecture with re-identification risk
below 0.01% after differential privacy application.
Implementation sustainability scored lower for H5
(0.82) than for simpler frameworks due to ongoing
ML model validation requirements but remained
clinically deployable. Table 3 shows full PHDHES
results.

4.2 Category-Specific Findings
Infectious disease surveillance categories showed
strong H5 performance with 96.2% harmonisation
completeness, reflecting the relatively
well-established case definition standardisation
through ECDC notifiable disease surveillance
infrastructure. AMR surveillance via EARS-Net
similarly benefited from established harmonisation
infrastructure, achieving 94.8% completeness
under H5. Mental health indicators showed the
lowest harmonisation completeness across all
frameworks (68.4% under H5), reflecting
substantial variation in mental health service
organisation, diagnostic practice, and data
collection infrastructure across European
countries. The harmonisation challenge for mental



Excerpta Medica Archives Journal: Transaction A https://stanfordgroup.org/index.php/EMAJ-A/issue/archive

ISSN: 3117 - 7263  Vol: 2025, Issues: 3, 2025

59

health extends beyond technical alignment to
fundamental differences in how mental health
services are organised and utilised. Environmental
health indicators showed moderate completeness
(82.4% under H5) with substantial H1-H5
differential reflecting the cross-disciplinary
integration required (environmental exposure +
health outcome linkage) that automated tools
handle more efficiently than manual approaches.
Table 4 presents category-specific outcomes.

4.3 Operational Impact and COVID-19
Lessons
The operational implications of harmonisation
framework choice were demonstrated dramatically
during COVID-19 pandemic response in
2020-2022. Countries and ECDC analyses relying
on H1 manual retrospective harmonisation
experienced 2-4 week delays between national
data availability and usable cross-border analyses,
contributing to decision-making with substantially
out-of-date comparative information. H3
semi-automated ETL approaches compressed
these delays to 5-7 days. H5 ML-automated +
federated approaches enabled cross-border
outbreak analyses within 72 hours of signal
detection, and vaccine effectiveness analyses
across multiple countries within 2-3 weeks rather
than months. The practical implications for
pandemic preparedness are substantial: future
cross-border health emergency response requires
H5-class harmonisation infrastructure in place
before emergencies occur, as H5 deployment
during acute emergencies is operationally
infeasible. The European Health Data Space
regulation provides the legal framework; technical
H5 deployment remains the implementation work.

Table 3: Public Health Data Harmonisation
Effectiveness Score (PHDHES) by Framework

Framewo
rk

Com
plete
ness

Tem
pora
l Res

p.

Cros
s-Bo
rder
Anal

.

Priv
acy

Sust
aina
bilit

y

P
H
D
H
ES

H5: ML +
Federated

0.94 0.96 0.92 0.94 0.82 0.9
14

H4: ML-A
ssisted

0.90 0.90 0.86 0.86 0.86 0.8
80

H3: Semi-
Automate
d ETL

0.82 0.82 0.76 0.84 0.88 0.8
23

H2: Stand
ardised
Tmplt

0.74 0.62 0.68 0.88 0.78 0.7
31

Framewo
rk

Com
plete
ness

Tem
pora
l Res

p.

Cros
s-Bo
rder
Anal

.

Priv
acy

Sust
aina
bilit

y

P
H
D
H
ES

H1:
Manual R
etrospect.

0.52 0.26 0.24 0.92 0.72 0.4
94

PHDHES = 0.25 x Completeness + 0.20 x Temporal +
0.20 x Cross-Border + 0.15 x Privacy + 0.20 x
Sustainability. H5 federated architecture achieves high
privacy through differential privacy + federated analytics
despite complex multi-source analytics.

Table 4: Category-Specific Harmonisation
Completeness -- H1 vs H5 (%)
Category H1 M

anua
l

H5 ML
+ Fede
rated

Impr
ovem
ent

Key
Challenge

Infectious
disease

62.4
%

96.2% +33.8
pp*

ECDC
definitions
largely
established

AMR
surveillance

58.6
%

94.8% +36.2
pp*

EARS-Net har
monisation
infrastructure

Vaccination
coverage

64.2
%

92.6% +28.4
pp*

WHO JRF
structure
baseline

Environment
al health

42.4
%

82.4% +40.0
pp*

Cross-discipli
ne
integration
complex

Injury
surveillance

48.6
%

86.4% +37.8
pp*

Definition
variation by
country

Mental
health

28.4
%

68.4% +40.0
pp*

Service
organisation
fundamental
diffs

Overall 52.4
%

94.6% +42.2
pp*

Domain-depe
ndent

*p<0.01 versus H1. pp = percentage points. Mental
health shows highest absolute improvement from H1 to
H5 but lowest absolute completeness, reflecting
fundamental service organisation differences across
countries.
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Figure 1: PHDHES Score by Public Health Data
Harmonisation Framework

Figure 2: Harmonisation Completeness by Category --
H1 vs H5 (%)

Figure 3: Time from National Data Receipt to
Cross-Country Analytical Dataset (days)

Figure 4: Multi-Dimensional PHDHES Profile -- Top 3
Frameworks

5. Discussion
5.1 Operational Difference Between 42 Days
and 2 Days
The compression of harmonisation time from 42
days (H1 manual retrospective) to 2 days (H5 ML
+ federated) represents a qualitative rather than
merely quantitative improvement in public health
analytical capacity. Forty-two days of
harmonisation delay means that cross-border
analyses completed in mid-September reflect
national data from late July -- a lag that makes the
analyses informative for historical interpretation
but inadequate for current decision making. Two
days of harmonisation delay means that
cross-border analyses reflect data from 48-72
hours prior -- timely enough to inform operational
response decisions. The COVID-19 experience
demonstrated concretely what this difference
means for public health emergency response:
countries with near-real-time cross-border data
access could respond to emerging trends within
days, while countries dependent on slower
harmonisation cycles made decisions with
weeks-old comparative information. Future
pandemic preparedness requires H5-class
harmonisation infrastructure established before
emergencies occur, because emergency
deployment of new harmonisation infrastructure
during active crises is operationally infeasible.

5.2 Mental Health as the Hard Case
The finding that mental health surveillance
achieves only 68.4% harmonisation completeness
even under H5 ML + federated frameworks -- the
lowest completeness across all evaluated
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categories -- identifies mental health as a residual
harmonisation challenge that technical tools alone
cannot fully resolve. The underlying challenge is
that mental health service organisation differs
fundamentally across European countries in ways
that go beyond case definition or indicator
alignment: community versus hospital-based care,
psychiatrist versus general practitioner primary
management, inclusion versus exclusion of
psychological therapies in mental health service
data, and substantial variation in what is
considered a reportable mental health event. The
40 percentage point improvement from H1 to H5
(28.4% to 68.4%) represents meaningful progress
but the residual gap reflects fundamental service
organisation differences that would require policy
harmonisation rather than technical harmonisation
to fully close. European mental health surveillance
policy should aim for harmonisation of core
indicators (suicide rates, mental health service
utilisation rates, psychotropic medication
dispensing rates) while accepting that fuller
harmonisation requires policy convergence over
decades.

5.3 Limitations
Three limitations apply. First, framework
assignment reflected existing national and ECDC
harmonisation infrastructure rather than
randomisation; countries with H4/H5 capability
have substantial general public health informatics
maturity that may contribute to quality outcomes
independent of specific harmonisation framework.
Second, harmonisation completeness assessment
relied on indicator-level mapping verification by
expert panel; alternative definitions of
completeness (sub-indicator level, temporal
granularity, spatial resolution) could yield
somewhat different completeness estimates. Third,
implementation sustainability assessment
captured 2018-2024 period costs and burden;
longer-term sustainability of H5 frameworks
depends on ongoing ML model validation,
regulatory evolution, and technical infrastructure
maintenance over decades, which this study period
cannot fully evaluate.

6. Conclusion
6.1 Key Findings
Among five public health data harmonisation
frameworks evaluated across 32 European
countries and 18 surveillance categories,
ML-automated with federated analytics framework
(PHDHES 0.914) achieved 94.6% harmonisation
completeness, 2-day temporal responsiveness, and

88.4% cross-border analytical capability versus
52.4%, 42 days, and 24.6% respectively under
manual retrospective harmonisation. COVID-19
experience demonstrated operational importance:
H5 frameworks enabled cross-border outbreak
analyses within 72 hours of signal detection versus
3-4 weeks under manual approaches. Mental
health surveillance showed the lowest
harmonisation completeness across frameworks
(68.4% under H5), reflecting fundamental service
organisation differences that technical
harmonisation alone cannot fully resolve. The
European Health Data Space regulation provides
legal framework; H5 technical deployment
remains the implementation work.

6.2 Recommendations
Three recommendations follow. First, ECDC and
European Commission should prioritise H5-class
public health data harmonisation infrastructure
deployment across all 32 evaluated countries as
pandemic preparedness investment, with the
95.2% harmonisation time reduction and 88.4%
cross-border analytical capability providing clear
evidence of benefit for future health emergency
response capability. Second, the European Health
Data Space regulation implementation should
include explicit H5 technical infrastructure
requirements and funding streams, as regulatory
authorisation without technical capability leaves
the harmonisation potential unrealised. Third,
European mental health policy should pursue
indicator harmonisation on core metrics (suicide
rates, mental health service utilisation,
psychotropic medication data) while accepting
that deeper service organisation harmonisation is
a multi-decade policy convergence rather than a
technical harmonisation problem. All data and the
PHDHES calculator are available from the
corresponding author.
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Appendix A
PHDHES Scoring Rubric and H5

Framework Architecture

Full PHDHES dimension scoring criteria and
technical specification of the H5 ML-automated +
federated analytics public health data harmonisation
framework.




