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ABSTRACT

Interoperability in healthcare remains difficult despite decades of
standards and infrastructure. Although messaging protocols and
standards enable systems to exchange data, they do not guarantee
that clinical meaning is preserved across organisations, workflows,
and cultural contexts. This persistent gap between where semantics
are used in care and how they are exchanged continues to drive
fragmentation, bespoke mappings, and costly manual integration.
This tutorial offers a primer and a forward-looking agenda by
framing interoperability as three generations. We first revisit the
pre-interoperability era of proprietary systems and point-to-point
integrations. We then cover the standards-based second generation,
highlighting what it solved (e.g., connectivity) and what it left un-
resolved (e.g., semantic alignment). Finally, we outline an emerging
third generation towards true interoperability, and conclude with
research directions for building interoperability in the Al era.
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1 INTRODUCTION

Interoperability in healthcare is a veritable Pandora’s box of prob-
lems, ranging from legacy systems to inadequately defined and
described information, data silos, poor adherence to common data
models and standards, etc. Beyond implementation issues, there are
fundamental underlying issues, such as a lack of agreement on the
semantics of terms, differences in understanding and interpreting
standards, and a genuine diversity and ambiguity in how medical
and clinical terms are used and applied in care settings [3]. While
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poor implementation has often been blamed, a deeper issue is the
persistent mismatch between where semantics are defined and used
(i.e., within clinical workflows, organisational conventions and cul-
tural contexts) and how semantics are exchanged (i.e., via rigid,
standardised structures).

Data exchange in healthcare has benefited from the introduc-
tion of standards, which brought “secure telephone lines between
providers”. However, standards flatten diversity, ignoring important
contextual nuance that clinicians rely upon. Despite the standards,
Electronic Health Record (EHR) and healthtech vendors still de-
fined their own information models to describe the same concepts,
making a stable connection insufficient to solve the bigger problem:
more standards brought more fragmentation and variability [2].

The past decades of interoperability work have been shaped
largely by messaging protocols (e.g., HL7 [20]), system APIs (e.g.,
FHIR [6]), content standards (e.g., openEHR [38]), and terminologies
(e.g., ICD [31], SNOMED-CT [15], LOINC [25]), which provided
the essential “plumbing” for exchanging health information across
systems. However, these technical connections are insufficient to
ensure that the receiving side interprets the data as intended in its
local clinical context. As a result, despite decades of progress with
standards definition and technological improvement, we still face
the same central challenge: true semantic interoperability, which
requires that the precise meaning of data is understood identically
by all parties [16, 52].

Recent advances in Al-driven methods and knowledge graphs
offer new opportunities to capture and align meaning across het-
erogeneous data sources, motivating a re-examination of interop-
erability beyond standardisation. In this tutorial, we examine the
technical foundations of semantic interoperability in healthcare, the
influence of data systems on this problem, and guide researchers
towards emerging unique research directions made possible by the
latest developments in Al such as large language models (LLMs).

Tutorial Structure. The tutorial will last 90 minutes and is struc-
tured into three parts lasting 30 minutes each. In the first part, we
introduce the motivation and background (Section 2), and discuss
the first generation of interoperability (Section 3). In the second



part, we examine the second generation of standards-based inter-
operability and explain why semantic alignment remains difficult
in practice (Section 4). In the third part, we discuss emerging third-
generation approaches towards full interoperability, and conclude
with a forward-looking agenda (Section 5). The tutorial material
will be available on the tutorial website before the conference.

Target Audience. The target audience for our tutorial are re-
searchers and practitioners with an interest in the applications
of data management systems in healthcare, aiming to solve inter-
operability. The tutorial is self-contained and assumes no prior
knowledge of healthcare informatics or interoperability.

Prior Tutorials. Interoperability in healthcare has been presented
in the form of a tutorial at VLDB 2012 [19]. The focus then was on
standards, the adoption of EHR across institutions, and the pipeline
of clinical studies. With this tutorial, we aim to bridge the database
systems and health informatics perspectives by looking at common
developments towards interoperability, such as data harmonisation,
semantic alignment, as well as the emerging approaches around
LLMs, knowledge graphs, conformal predictions, multimodality,
and agentic AL

2 BACKGROUND

Clinical Data. EHRs capture patient information across clinical set-
tings (e.g., diagnoses, procedures, laboratory results, medications,
etc). Beyond structured EHR data, clinical information includes
unstructured narratives (e.g., clinical notes), medical imaging, phys-
iological signals, patient-generated and genomic data, introducing
heterogeneity in both format and semantics. Moreover, clinical
meaning is context-dependent, relying on time, setting, and intent
of recording, and similar concepts may be encoded using different
schemata, coding systems, and levels of detail across institutions. As
such, harmonising clinical data requires aligning structure, values,
and preserving the context in which data is generated.

Interoperability. Interoperability can be broadly defined as the
ability of two or more systems to exchange information and to
use the information that has been exchanged without extensive
human intervention or processing [47]. The Healthcare Information
and Management Systems Society (HIMSS) defines four levels of
interoperability! [35].
Technical interoperability — represents exchanging data between
systems. In practice, this is the “plumbing”, where standardised
protocols allow data transfer, regardless of whether the receiving
side can interpret the payload.

Syntactic interoperability — concerns the format and structure in
which data is encoded and exchanged (e.g., XML, JSON, etc). This
layer is shaped by standards bodies and implementation guides.

Semantic interoperability — is the ability to share meaning across
systems, a common language that remains understandable to
both humans and machines. Many efforts have concentrated on
exchange mechanisms and messaging protocols, assuming that
meaning would “follow” the message. However, the problem must
be addressed at the semantic layer(s) by distinguishing between

"Throughout the tutorial, we will focus on the challenges and opportunities of semantic
interoperability.
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Figure 1: The difference between the information model and
the ontological model.

ontic and epistemic dimensions of health data, clarifying both the
concept model (i.e., terminologies) and the information model.

Example. Take a canonical example, illustrated in Figure 1: the
information model that captures blood pressure measurements for
John is not the same as the ontological description of blood pres-
sure. In the information model, the focus is on information/content,
reflecting an epistemological view: knowledge gathered about
individuals (e.g., encounters, events) in concrete settings. In the
ontological model, the focus is on terminology/concepts, reflecting
an ontic view: formal descriptions of general truths and relations
(e.g., diseases and their biomedical relationships).

Organisational interoperability — is achieved when exchanging
data across health IT systems aligns workflows, governance, and
incentives, not only technical interfaces. Progress depends on
policy and regulation that incentivise and sometimes enforce in-
teroperable exchange. Achieving organisational interoperability
remains the future goal and an open challenge until semantic
interoperability is solved.

3 FIRST GENERATION:
PRE-INTEROPERABILITY

The first generation of systems (=1960 — 1995), what we refer to
as the pre-interoperability era (Figure 2), aimed at securing pro-
prietary health record management systems. The focus of clinical
information systems during this time was primarily on digitising
records rather than enabling data exchange across settings [17].
Therefore, standards surfaced to cover the emerging need for hos-
pital databases and informatics systems to “talk to each other”.

Challenges. The pre-2000 health information landscape lacked all
three foundations necessary for interoperability: a shared informa-
tion model, a shared terminology, and a shared exchange mecha-
nism [23]. The fragmentation of the period created a long-lasting
technical debt: once hospitals built bespoke EHR infrastructures,
retrofitting interoperability onto them became increasingly diffi-
cult [37, 62]. These limitations shaped the agenda of the second
generation, where the community shifted from digitisation toward
systems interoperability, emphasising messaging and vocabulary
standards, and syntactic compatibility.



1898 - ICD Prototype 1975 - SNOMED 1990 - HL7 v2x 1994 - LOINC w1 2000 - CDA 2003 - openEHR 1.0 2007- 2020-
{Bertillon (Systematised widely adopted  Standard for lab {Climical Dual model XDS5. b (Cross Al and KG based
w Classification) Nomenclature  messaging format  and hitecture for i interoperability
'E of Medicine) A a) semantics document sharing) Eemerges
L.}
E .
s o @ 4 *—0—0 00000 @ @ @ >
)  First global attempt 1986 - CPT Ftst attempt 1992 - Arden 1998 - IHE XMLbased 2005 -HL7 v3 IHE registry/ 2014 - FHIR v1
- Doclassily dmml Syntax Profiles launched structured Model driven  repository Modem APl
Billi cedural — I ration testing al centric
cmi':g"ir:nphed inus Vvocabulary mmﬁﬂs pr:ﬁhl?; lnr nmvgrahlihf (2003) {limited adoption) interoperability
1990s 2000s 20108 2010-2020s 2020s
Client server EHR Web enabled EHRs + Cloud EHRs + Data Multi modal systems: Federated systems, secure
systems spital e LIMS, imaging. genomic enclaves, Al pipelines.
imtegration systems
gh Local, monolithic, bespoke Dlphsed records but Vendors like EPIC, Cemer. Basic interoperability Healthcare moves into highly heterogeneous secure MPC, EHR lmked
(2} isolated. No Still proprietary sch through HLT v2 cloud hosfing, data lakes  data flows kn: graphs, semantic
o data but wider adoption messaging (lab, & analytics platforms. Al pipelines, digital health
radiology) ecosystems

2
E \ 3rd Generation - Al-driven Interoperability
o h {20205-emerging)
5.7 ) = common healthcars lmcmlsdgo graphs
o = LLM-driven semantic mapgi
2 * automated record Ilnhlge?. urlnlugylijmnam
8 a8 * ungertainty bounded reasoning
[ = gamantics are magped manually, inconeistently * organigational interoperakbility
L]

Figure 2: A Timeline of Health Data Interoperability

4 SECOND GENERATION: STANDARDS-BASED
INTEROPERABILITY

The standards-based second generation of healthcare interoper-
ability (=1990-2020) developed bottom-up, layer by layer. Starting
with exchange messaging, HL7 v2 gave hospitals a shared com-
munication channel for structured clinical events. Terminology
systems (e.g., ICD, SNOMED-CT) followed as an independent effort,
providing controlled vocabularies for coding clinical concepts. In-
formation modelling was developed next, with HL7 v3’s Reference
Information Model (RIM) and OpenEHR gaining traction across
health systems. Finally, the API-based exchange layer FHIR enabled
cross-organisational data flows [2].

Although the second generation is perceived as a success story,
its defining limitation is structural. Because each layer was stan-
dardised independently, the information model was never explicitly
defined, but emerged implicitly from the intersection of conventions
developed in parallel. For example, hospitals adopting the same
standards still produce semantically incompatible datasets [16, 52],
mirroring a well-known problem in data management: structural
alignment does not imply semantic alignment [28, 34]. Next, we
present three core challenges, common across data management
and health informatics communities, that delay interoperability.

Data Discovery Challenges. Mappings between schemata, termi-
nologies, and data elements are incomplete, institution-specific, and
poorly maintained, mirroring data lake challenges where finding
related tables requires dataset discovery, join discovery, and schema
matching [10, 11, 24, 36, 43, 55]. In classical data integration, a medi-
ated schema provides a stable global view of heterogeneous sources
[18], while in healthcare, such schemata are rarely available.

Data Harmonisation Challenges. Even when institutions adopt
the same standards, clinical concepts are represented differently
across systems: one hospital stores blood pressure as two sepa-
rate observations, another as a paired record under a local code
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as also shown in Figure 1. This mirrors the core challenge of en-
tity resolution, as structurally compatible records referring to the
same real-world entity cannot be trivially unified [12, 13]. Standard
approaches (e.g., blocking, similarity matching, active learning)
[27, 40] face additional constraints in healthcare, as privacy limits
available signals, clinical values are context-sensitive, and errors
carry patient safety consequences.

Semantic Alignment Challenges. The healthcare ecosystem con-
tains a large number of overlapping standards and terminologies
grounded in different conceptual assumptions [1, 57], introducing
multiple representations of the same clinical concept and persistent
ambiguity across systems. The dataspace vision [29] reframed this
problem: rather than demanding full semantic alignment upfront,
integration can tighten incrementally on a pay-as-you-go basis.
LLM-based ontology matching and entity linking [21, 59, 60] offer
a promising avenue for reducing manual effort, though clinical
terminology remains challenging due to its specificity and the high
cost of misalignment.

5 TOWARDS A THIRD GENERATION: NEW
FRONTIERS

In the second generation, the information model came last, and
every downstream integration had to compensate for the incompat-
ibilities. In the third generation, a top-down structure is proposed.
Rather than standardising exchange and hoping semantic agree-
ment follows, it begins by defining a shared information model
and derives storage, terminology, and exchange from it. Initiatives
such as the OMOP Common Data Model [51] represent early imple-
mentations of the top-down approach. However, interoperability
is still driven by manual ETL pipelines. Thus, we propose several
opportunities for advancing the next generation of interoperability.

Closing the Semantic Gap using LLMs. A fundamental challenge
in semantic interoperability is bridging the gap between informal
clinical language and formal machine-readable representations [64].



In the third generation, semantic alignment becomes a first-class
pipeline component rather than a preprocessing step. LLMs act as
flexible semantic matchers that interpret schema elements, attribute
descriptions, and clinical context to generate correspondence can-
didates [8, 26, 48, 53, 54, 58]. Critically, LLM-based mapping must
not operate in isolation, but can rely on clinical ontologies to con-
strain the space of valid interpretations, suppress hallucinations,
and bound the output [5, 44].

Interactive Tools for Data Harmonisation. While LLM-based
mapping methods can automate parts of the semantic alignment
pipeline, healthcare practitioners ultimately need to inspect, vali-
date, and refine their outputs before they can be trusted in clinical
settings. Therefore, modern healthcare interoperability systems
should provide interactive, human-in-the-loop tools that allow prac-
titioners to curate Al-driven mapping results. Towards this direc-
tion, visualisation environments that let experts explore and correct
LLM-suggested schema correspondences have begun to emerge
in the biomedical domain [63], as have end-to-end harmonisation
toolkits [49]. In addition, conversational interfaces powered by LLM
agents can lower the barrier for non-technical users to carry out
harmonisation tasks, though open questions around trust, repro-
ducibility and reliability remain [56]. Together, these developments
suggest that while effective semantic interoperability requires Al-
based tools to handle the bulk of alighment and disambiguation,
practitioners should retain control over the final results.

Graph-Driven Semantic Interoperability. The fragmentation
of the healthcare standards ecosystem is an architectural property
of the second generation that no single standard can undo. The
third generation requires a standard-agnostic semantic layer that
decouples data representation from any particular schema [16].
Knowledge graphs provide the right abstraction, enabling semantic
alignment at the level of subgraphs and interconnected concepts
rather than isolated attributes [1, 61, 65]. Graph neural networks
extend this by capturing multi-hop reasoning paths that reflect
causal and taxonomic relationships in clinical ontologies [22, 41, 45],
improving robustness to noise and sparsity endemic to real-world
EHR data, and supporting principled missing data imputation [9].

Multi-Modal Interoperability. Current frameworks implicitly
assume a single data modality as the primary source for interop-
erability. In practice, beyond structured EHR, clinical data spans
heterogeneous sources: free-text notes, medical imaging, genomic
profiles, wearable sensor streams, administrative data, etc [30, 42].
Attempts to sidestep this problem and reduce the need for concept
harmonisation across systems show how persistent and challeng-
ing the problem is [46]. The third generation calls for multi-modal
systems capable of ingesting and aligning data across these diverse
formats while preserving modality-specific semantics.

Callibrated Prediction Accuracies. While generative Al base
models can be semantically well calibrated, predictive or reasoning
processes, such as instruction tuning and chain of thought, can
significantly distort model confidence, creating overconfident or
underconfident predictions without changing accuracy [50]. In
healthcare, this directly undermines trust, since clinicians must rely
on how sure an Al system is, not only on its average correctness. For
example, given a link prediction task that infers missing diagnoses,
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a predictive model may propose one or several likely diagnoses.
By wrapping this model with conformal prediction [4], the system
can test whether the uncertainty exceeds a user-defined risk cap.
Within an interoperability pipeline, conformalised link prediction
can offer a mechanism to quantify and bound uncertainties, and
also recalibrate predictions so that reported confidence matches
observed correctness [32, 33].

Interoperability in the Agentic AI Era. Agentic, neuro-symbolic
approaches offer a path toward adaptive and context-aware inter-
operability by combining LLMs with structured knowledge from
ontologies and knowledge graphs. This enables dynamic semantic
alignment across heterogeneous data and reduces reliance on rigid,
manually curated mappings. However, challenges remain in en-
suring reliability, consistency, and reproducibility in safety-critical
settings. Robust evaluation methods, principled integration of sym-
bolic and learned representations, and issues of scalability, cost, and
governance (e.g., transparency and auditability) must be addressed
before such systems can be deployed in practice [7, 14, 39].
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