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Abstract—The clinical and research potential of histopatholog-
ical data remains largely untapped due to its sensitive nature and
the logistical barriers to multi-institutional sharing. Centralized
data aggregation, the dominant paradigm for training robust
Al models, conflicts directly with patient privacy regulations,
hospital data governance policies, and the risks of exposing raw
whole slide images. Federated data spaces are necessary for
sharing and analyzing histopathological samples because they
enable collaborative data use while ensuring that sensitive patient
information remains protected behind local firewalls. This archi-
tecture overcomes current limitations such as strict regulatory
and privacy constraints, challenges with data heterogeneity, and
risks associated with transferring raw data, thereby supporting
scalable, multi-institutional analysis through advanced privacy-
preserving techniques.

This review examines why federated architectures, combined
with privacy-preserving techniques such as differential privacy
and secure aggregation, are essential for unlocking the full poten-
tial of histopathological data for rare disease research, unbiased
Al development, and clinical discovery without compromising
patient confidentiality.

Keywords: Federated Data Space, Privacy-Preserving Data
Spaces, Digital Pathology, Al in Healthcare, Bio Image Process-
ing.

I. INTRODUCTION

ISTOPATHOLOGICAL images are a cornerstone of
modern medical diagnosis and research, containing rich
morphological information critical for understanding disease
progression, treatment response, and patient outcomes. The
advent of digital pathology has transformed these samples
into high-resolution whole slide images, creating unprece-
dented opportunities for computational analysis and artificial
intelligence. However, the same factors that make this data
valuable, its detail, its direct link to patient diagnoses, and
its irreplaceable role in clinical decision-making, also make
it among the most sensitive and tightly regulated forms of
medical data. Institutions face strict legal and ethical obliga-
tions under frameworks such as GDPR and HIPAA, creating
a fundamental tension between the desire to share data for
scientific progress and the imperative to protect patient privacy.
Traditionally, this tension has been resolved by keeping data
siloed within individual hospitals and research centers. While
this approach ensures compliance and security, it comes at
a steep cost. Models trained on single-institution data often
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fail to generalize across diverse populations, staining proto-
cols, and scanner types. Research on rare cancers stagnates
because no single center possesses enough cases. Multi-center
studies become mired in complex data transfer agreements
and de-identification pipelines that are both time-consuming
and imperfect [1]. The centralization paradigm, moving data
to the analysis, has reached its practical and ethical limits for
histopathology [2].

Federated data spaces offer a fundamental rethinking of this
paradigm. Rather than moving sensitive whole slide images to
a central repository, federated architectures bring the analysis
to the data. As illustrated in Figure 1, this paradigm shift re-
places centralized data aggregation with a distributed, privacy-
preserving architecture in which algorithms travel across se-
cure institutional nodes while data remain protected behind
local firewalls.

This review examines why federated data spaces are not
merely an alternative but a necessary evolution for histopatho-
logical research, enabling the diversity and scale required
for robust Al without compromising the privacy that patients
and regulations demand [3], [4], [5], [6]. This report also
synthesizes the current state of federated data spaces for
histopathological data sharing, focusing on the limitations
of current data sharing and analysis methods, the technical
and privacy-preserving features of federated data spaces, real-
world implementations and case studies, and, research gaps
and future directions [7], [8], [9].

II. LIMITATIONS OF CURRENT HISTOPATHOLOGICAL
DATA SHARING METHODS

Current data sharing practices face fundamental privacy
challenges that extend beyond simple de-identification. Even
anonymized histopathological images remain vulnerable to
reidentification attacks, particularly when combined with ac-
cessible metadata or external datasets [3], [5], [7], [10].
Simultaneously, strict regulatory frameworks such as GDPR
and HIPAA impose tight controls on data movement, re-
quiring explicit patient consent and often prohibiting cross-
border data transfers unless stringent safeguards are in place.
Compounding these issues, most existing systems adopt a
compliance-focused rather than privacy-by-design approach,
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From Centralized Silos to Federated, Privacy-Preserving Data Spaces in Digital Pathology
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Fig. 1. Conceptual comparison between centralized Al training and federated, privacy-preserving data spaces in digital pathology. In the traditional centralized
paradigm (left), raw whole slide images and associated patient data are transferred from multiple institutions to a central repository for model training,
creating regulatory, ethical, and cybersecurity risks while limiting scalability for rare diseases. In contrast, federated data spaces (right) enable collaborative
Al development by keeping sensitive histopathological data within institutional firewalls. Algorithms are deployed locally, and only privacy-preserving model
updates are shared through secure aggregation mechanisms. This shift from “moving data to the model” to “moving the model to the data” enables multi-
institutional collaboration, regulatory compliance, improved generalizability, and scalable rare disease research without compromising patient confidentiality

leaving data exposed to cyberattacks and unauthorized access
even when regulatory boxes are checked [7]. Beyond privacy
concerns, significant technical barriers hinder large-scale data
sharing. Histopathological datasets remain fragmented across
institutions, characterized by varying image formats, incon-
sistent annotation standards, and incomplete metadata [11],
[12], [13]. These annotation inconsistencies, differences in
labeling protocols and class definitions, directly impede the
development of robust, generalizable AI models [12], [13].

III. TECHNICAL AND PRIVACY FEATURES OF FEDERATED
DATA SPACES

At the core of federated data spaces for digital pathology is
federated learning (Figure. 2), which enables multiple institu-
tions to collaboratively train Al models without sharing raw
data. Instead of transferring whole slide images, only model
updates, such as gradients or weights, are exchanged between
participants, significantly reducing privacy risks. These up-
dates are further protected through secure aggregation proto-
cols, which ensure that individual contributions are combined
in a way that prevents any single party from reconstructing
another institution’s data [14], [15], [16]. Additional privacy
layers can be applied through homomorphic encryption and
additive secret sharing, which enable computation on en-
crypted data or distributed shares, providing strong privacy
guarantees at the cost of increased computational overhead
[17], [18], [19], [20]. Differential privacy complements these
techniques by adding calibrated statistical noise to model
updates, protecting against inference attacks while preserving
model utility [21].

Dynamic consent management systems, sometimes leverag-
ing blockchain technology, allow patients to grant, revoke, or
modify data sharing permissions in real time, aligning with

the transparency requirements of frameworks like GDPR and
HIPAA. Federated architectures are specifically designed to
meet major privacy regulations by minimizing data movement
and providing auditable access logs for all data usage [22],
[23].

To lower the barrier to entry, accessible toolkits such as
Fluke, HistoFL, and Histo-Cloud provide graphical interfaces
and command-line tools that enable federated learning deploy-
ment without deep technical expertise [24], [25], [26], [27].
These platforms integrate cloud-based segmentation and anno-
tation workflows, supporting collaborative model development
and evaluation across institutions while keeping raw data
local. Recent advances in cryptographic protocols continue to
strengthen privacy guarantees. Additive secret sharing offers
efficiency for secure multiparty computation but can incur
high communication overhead . Homomorphic encryption,
particularly with multi-key schemes, provides strong privacy
but remains computationally demanding [28]. Multi-key en-
cryption enhances privacy further but introduces complexity
in key management and system scalability [29]. The choice of
protocol involves trade-offs between privacy strength, compu-
tational cost, and practical scalability.

Federated frameworks have been specifically adapted to
handle the unique challenges of gigapixel whole slide im-
ages. Platforms like MedShieldFL combine data augmentation,
homomorphic encryption, and adaptive aggregation to enable
privacy-preserving analysis at scale [30]. Weakly-supervised
learning approaches reduce the annotation burden, supporting
scalable model training across distributed datasets without
requiring exhaustive manual labeling [31]. This is particularly
valuable in federated settings, where pathologist expertise and
labeling resources vary across participating sites. Weakly-
supervised models can be trained on distributed datasets using
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Fig. 2. At the core of federated data spaces for digital pathology is federated learning.

only the clinical reports or diagnostic codes already available
in each institution’s records, eliminating the need for exhaus-
tive manual labeling of gigapixel whole slide images.

Multi-institutional studies have successfully applied feder-
ated learning to nuclei and tissue segmentation tasks, demon-
strating improved generalization and robustness across diverse
datasets [32], [33], [34], [35], [36], [37], [38]. Performance
evaluations consistently show that federated models match or
exceed the accuracy of centralized models, while preserving
privacy and reducing regulatory barriers [39].

Data heterogeneity and sample imbalance across institutions
have been addressed through dynamic aggregation strategies.
Approaches such as FedSODA and adaptive weighting specifi-
cally account for sample imbalance and annotation variability,
improving model performance across institutions with differ-
ent data distributions [40], [41]. Synthetic data generation
has also been employed to augment underrepresented classes
and create more balanced training cohorts [42]. Comparative
studies demonstrate that federated learning models achieve
comparable or superior performance to centralized models,
particularly in multi-institutional settings with heterogeneous
data [43]. Importantly, federated-trained models generalize
better to external datasets, supporting broader clinical applica-
bility beyond the original training institutions [44], [45], [46].
Advanced aggregation methods such as FedSODA, FedProx,
and adaptive weighting have been developed to address an-
notation variability and data heterogeneity across sites [47],
[48]. These strategies improve both model robustness and
interpretability, making federated approaches more reliable for
clinical applications.

Real-world deployment of federated data spaces has re-

vealed significant variability in institutional IT infrastructure, a
challenge that is being addressed through flexible architectural
solutions. Cloud-based servers and modular platforms allow
institutions with limited local computing capacity to partici-
pate without substantial upfront investment in hardware [49].

On the workflow side, adoption by non-technical staff is
enabled through user-friendly graphical interfaces and stan-
dardized protocols that abstract away underlying complex-
ity [50]. Pathologists and researchers can interact with fa-
miliar tools while federated processes run transparently in
the background, ensuring that privacy-preserving collabora-
tion integrates seamlessly into existing clinical and research
workflows [51]. Real-world implementations of federated data
spaces in histopathology demonstrate their ability to overcome
traditional limitations, enabling privacy-preserving, scalable,
and robust collaborative research. These case studies validate
both the technical and organizational feasibility of federated
approaches across diverse clinical environments.

IV. RESEARCH GAPS AND FUTURE DIRECTIONS

Despite the significant promise demonstrated by federated
data spaces for histopathological research, several critical
gaps must be addressed before widespread clinical adop-
tion becomes feasible. These challenges span computational
efficiency, interoperability, privacy-utility trade-offs, ethical
governance, and clinical integration. This section synthesizes
current limitations and identifies priority directions for fu-
ture research. Current federated learning frameworks remain
resource-intensive, posing scalability challenges for large,
multi-institutional deployments [52], [53], [54], [55]. Insti-
tutions with limited bandwidth or computational infrastruc-
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ture may find participation impractical, potentially exclud-
ing precisely those smaller or resource-constrained centers
whose diverse data would most benefit model generaliz-
ability. Furthermore, the computational demands of privacy-
preserving techniques, particularly homomorphic encryption
and secure multiparty computation, compound these over-
head issues. Future research must prioritize communication-
efficient protocols, model compression techniques, and adap-
tive aggregation strategies that reduce the frequency and size
of data transfers without compromising model accuracy or
privacy guarantees. The absence of standardized protocols
and data formats remains a fundamental barrier to seamless
integration across institutions and software platforms [56],
[57], [58]. Histopathological data is captured using diverse
scanner technologies, stored in varying file formats, and
annotated according to institution-specific protocols. Even
when institutions commit to participating in a federated data
space, these heterogeneities complicate the development of
universally applicable models. Federated learning frameworks
must contend with non-independent and identically distributed
data across nodes, where differences in tissue preparation,
staining protocols, and scanning resolution create systematic
variations that can mislead training if not properly addressed.
Privacy-preserving techniques inherently introduce trade-offs
between data protection and model utility. Differential privacy,
for instance, adds statistical noise to model updates to prevent
inference attacks, but excessive noise can degrade model
performance to clinically unacceptable levels [59], [60], [61].

Addressing the scalability challenge requires fundamental
innovations in federated architecture. Hierarchical federated
learning, which introduces intermediate aggregation nodes be-
tween local institutions and the global server, offers one path-
way to reducing communication bottlenecks [62]. Adaptive
federated learning approaches dynamically adjust participation
frequency and aggregation strategies based on node character-
istics and data distributions, optimizing resource utilization.
Model compression and knowledge distillation techniques fur-
ther reduce communication overhead by transmitting compact
representations rather than full model updates [63]. These
efficiency gains are not merely technical conveniences, they
determine whether federated approaches can scale from proof-
of-concept studies involving a handful of academic centers
to national or regional networks encompassing dozens or
hundreds of clinical sites.

Technical standards must be complemented by user-facing
tools that lower the barrier to participation for clinicians and
researchers without specialized machine learning expertise.
Platforms such as Fluke, HistoFL, and Histo-Cloud represent
important steps toward accessibility, but broader adoption
requires continued investment in intuitive interfaces, stan-
dardized libraries, and interoperable protocols [64], [65]. The
development of common evaluation benchmarks and reference
implementations would accelerate progress by enabling fair
comparison of competing approaches and reducing duplication
of effort across research groups. For federated pathology to
move from research niche to clinical standard, participation
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must become as straightforward as running a local analy-
sis—the complexity of distributed, privacy-preserving com-
putation should be handled invisibly by the underlying plat-
form. Addressing these research gaps will determine whether
federated approaches remain academic proofs-of-concept or
become foundational infrastructure for the next generation of
precision medicine.

V. CONCLUSION

The evidence reviewed here confirms that federated data
spaces are not merely a theoretical alternative but a practical
solution for contemporary challenges in histopathological re-
search. For researchers, the path forward requires intentional
adoption of federated learning frameworks that prioritize pri-
vacy, interoperability, and scalability. For clinicians, advocacy
for user-friendly, integrated platforms is critical. The success
of federated data spaces depends on their seamless incorpora-
tion into existing clinical workflows, where pathologists can
contribute to and benefit from collaborative research without
added administrative burden or disruption to patient care.
Clinicians’ domain expertise is also invaluable for guiding
research priorities, ensuring that federated models address
real diagnostic needs and produce outputs interpretable in
clinical contexts. For policymakers, the imperative is twofold:
harmonization and investment. Cross-border research collabo-
ration, such as that envisioned by the Baltic Assembly, requires
aligned legal and ethical frameworks that enable data sharing
while protecting patient rights. Policymakers must support the
harmonization of privacy regulations, consent requirements,
and governance standards across jurisdictions. Simultaneously,
investment in infrastructure—including secure networks, com-
putational resources, and training programs—will be necessary
to build the capacity for federated data spaces to operate at
regional or national scale.

Table 1 summarizes the key themes emerging from the liter-
ature on federated data spaces for histopathology, highlighting
how each theme addresses specific limitations of traditional
data sharing models. Enhanced privacy and regulatory com-
pliance is achieved by keeping data local, thereby overcoming
regulatory barriers, privacy risks, and reidentification threats.
Federated architectures further address data heterogeneity and
interoperability through adaptive aggregation and standard-
ization, mitigating the data silos, lack of standardization,
and annotation inconsistencies that plague multi-institutional
studies. Together, these themes illustrate the multidimensional
nature of federated data spaces, where technical innovation
must proceed in parallel with governance and standardization
efforts.
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