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Comparing decentralized machine
learning and AI clinical models to local
and centralized alternatives:
a systematic review

Check for updates

José Miguel Diniz1,2 , Henrique Vasconcelos1,3, Rita Rb-Silva1,4, Carolina Ameijeiras-Rodriguez1,
Daniel Rodrigues1, Pedro Ramos2, António Tomás2, Yu Gao1, Júlio Souza1,5 & Alberto Freitas1

This systematic review evaluates how decentralized learning (DL) approaches—e.g., federated
learning, swarm learning, ensemble–compare with traditional models in healthcare applications. We
searched eight databases (01/2012 to 03/2024), screening 165,010 studies with two independent
reviewers. Analysis included 160 articles comprising 710 DL models and 8149 performance
comparisons across clinical domains, predominantly in oncology, COVID-19, and neurological
diagnostics. In paired comparisons, centralized learning (CL) demonstrated advantages in threshold-
dependent metrics (78% favourability for accuracy and Dice score with large effect sizes), while DL
achieved comparable performance in ranking metrics (51% centralized favourability for AUROC with
small effect size). DL consistently outperformed local learning (LL) across all metrics, particularly
precision (86% favourability) and accuracy (83% favourability). Clinical threshold analysis (≥0.80
performance) revealed that CL rescued DL viability in up to 18% of comparisons, though when both
achieved clinical viability, improvements typically represented “excellent versus acceptable”
performance (median difference of 0.7–1.5pp) rather than “acceptable versus inadequate.” DL
rescued LL viability with substantial improvements (median difference of 7.6–27pp). These findings
demonstrate DL offers clinically acceptable alternatives for privacy-constrained contexts, with
implementation decisions balancing marginal performance trade-offs against regulation (e.g., GDPR,
AI Act) and application. Future research requires standardized privacy-performance reporting.

In recent decades, health systems worldwide have been facing unpre-
cedented profound challenges. The epidemiological transition has
intensified care needs and costs1–4, while technological advancements
and pharmaceutical innovations have driven increasing expenditures4,5.
Simultaneously, these systems still struggle to achieve and ensure uni-
versal coverage6,7, while facing increasing critical workforce shortages
and limited investmentsandactionacross levelsofpreventionandhealth
determinants8. These problems demand innovative approaches to
improve the quality of care, while optimizing resources, particularly in
clinical decision-making tasks (e.g., establishing diagnoses, prescribing
therapies, offering prognoses).

Against this backdrop, machine learning systems and artificial intel-
ligence (AI) technologies have been proposed as methods to address these
demands. The convergence of ubiquitous digital systems, large-scale data,
and advanced computational capabilities creates a unique opportunity to
address the health domain’s most pressing demands.

However, despite these technological advances, healthcare systems
have not yet been successful in developing and implementing effective
solutions. As computational capability increases, the primary bottleneck to
data science may lie in accessing and utilizing high-quality health data9,10,
something particularly challenging in health-related domains. Public and
anonymized databases are valuable resources, but they often lack external
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validity for developing robust healthcare applications. In contrast, real-
world data (RWD), the clinical evidence derived from data collected during
routine healthcare delivery,may be amore adequate and representative data
source11.

While RWD offers potential for developing representative and gen-
eralizable models, the implementation of machine learning systems using
these data facesmultiple barriers. Legal and regulatory frameworksmandate
increasingly stringent technical safeguards for data collection,maintenance,
analysis, anddisposal.Operational challenges include interoperability issues
and integration with existing or new clinical workflows, as well as with
legacy information systems. In particular, a fundamental tension exists
between model performance and privacy protection: more granular data
improves performance but increases privacy risks.

In response to these challenges, decentralized learningapproacheshave
emerged as possible solutions. These approaches aim to enable machine
learning on distributed healthcare data while maintaining privacy and
regulatory compliance. In federated learning (FL), models are trained
locally, and only tuned parameters (e.g., weights and biases in a neural
network) of participating parties are shared with a central server for
aggregation12. In swarm learning (SL),model parameters aggregationoccurs
peer-to-peer, in a fully decentralized way13. This obviates the need to use a
central and authoritative controller. Applications cover a variety of data
formats and conditions, including someparticularly privacy-sensitive, using
FL14–20 and SL21,22. Complementarily, ensemble methods, such as bagging
techniques23, offer simpler aggregation schemes, based onplurality voting to
produce the global result. By design, they are more flexible and integrate
different learning methods more easily.

However, a fine balance lies between the ambition to maximize model
performance and theneed tominimize privacy risks and compromises. Still,
comparing decentralized and traditional methods requires a nuanced view.
Pivotal problems include regulatory compliance, technical feasibility, and
privacy guarantees. Depending on the use case, issues such as number of
controllers and points of failures can be seen as either positives or negatives.
Considering the General Data Protection Regulation (GDPR)24 and the AI
Act24, attention has been directed towards the goal of decentralized learning
models achieving performance comparable to their traditional
counterparts25,26.

Despite the growing interest in decentralized learning for health-
care applications, there is a lack of robust synthesis comparing their
performance with traditional, non-decentralized approaches. Such a
systematic comparisonwould provide crucial insights into their relative
effectiveness, practical advantages, and limitations across different
clinical contexts and tasks. This knowledge gap hampers informed
decision-making about implementing these technologies in healthcare
settings and highlights the need for a comprehensive literature assess-
ment. Existing systematic reviews have important limitations regarding
their size and scope27–29, the specificity of health care applications30, and
the adequacy and comprehensiveness of query prompts and search
strategies31. This review builds on a registered and published protocol32

to provide a comprehensive and replicable analysis.
This systematic literature review seeks to compare the performance of

health datamodels developed using decentralized learning approaches (e.g.,
federated learning, swarm learning, ensemble) with those developed using
traditional centralized or local methods, as the primary objective. The
performance comparison is grouped using the metrics reported in the ori-
ginal articles (e.g., accuracy, precision, AUROC), covering a wide range of
medical conditions (e.g., COVID-19, breast cancer, type 2 Diabetes),
through different clinical tasks (e.g., diagnosis, segmentation, prognosis).
Secondary objectives include describing the types of data and datasets used,
the nature of the decentralized model architectures, and the reporting of
resource demands or privacy impacts.

We expect to help inform policy-making and operational decisions on
the applicability of these methods, integrating their reported strengths and
shortcomings with the intended use cases. Moreover, this work suggests
further research questions and study designs to better understand the

privacy protection benefits, as well as challenges and opportunities con-
cerning their validity and implementation.

Results
Study selection
Our systematic review identified a total of 165,010 studies. Figures 1 and 2
describe the phases 1 and 2 of the identification, screening, and selection
processes. Before screening, three processes were undertaken to exclude
irrelevant or redundant entries. First, exact and apparent duplicates (i.e.,
only differing in case for the DOI link, title or abstract, or only differing in a
whitespace or a full-stop) were removed (43,493 articles). Subsequently,
applying the regular expressions filter described in “Search Strategy”,
another 111,594 studies were removed. For Phase 2, duplicates of studies
already assessed inPhase 1were excluded fromrepeated analysis. In the end,
9943 articles were screened, resulting in the exclusion of 8971 articles. The
remaining studies were sought for retrieval, with 26 not being able to be
retrieved. During the inclusion stage, applying the eligibility criteria to the
full text version of the papers, 946 studies were assessed. In the end, 160
primary articles were analysed, comprising 710 decentralized learning
models and 8149 comparisons.

Study characteristics
The included studies and theirmain characteristics are presented inTable 1.
Themost popular broad clinical domains coveredwere oncological diseases,
COVID-19 and neurological conditions, as presented in Table 2. “Diag-
nosis”was themost common clinical application, as seen in Table 3. A clear
trend arises in an increasing number of yearly publications, with 2024 data
only including publication until March 28th, as seen in Table 4. The most
popular article sources are presented in Table 5.

Regarding the decentralizedmodels, the most common TRIPOD type
was 2a (74 articles), followed by types 1b, 2b and 3 (26, 23, and 23 articles
respectively), with 11 being unclear and only 3 classified as type 1a. Con-
cerning code access, 106 articles did not report code availability, 43 provided
all code,6providedsomecode, 4 explicitly statedno codewouldbe available,
and 1hadpending code access requests. For data access, 64 articles provided
all data, 36 did not report data access, 32 had pending data access requests,
20 provided some data, and 8 provided no data access.

Regarding the model architectures used, Federated Learning was the
most common (557 models), followed by Fully Decentralized approaches,
including Swarm Learning (111 models), Ensemble methods (21), Split or
Transfer Learning (14), and Secure Multi-Party Computation (4). Most
models (687) use real data, while only 16 use synthetic data and 5 use
both types.

In terms of the data used, Electronic Health Records/Text is the most
commonly used data type (121 models). Image-based data was used very
frequently, namely MRI (101 models), X-Ray (96 models), Pathology/
Whole slide images (67 models), CT Scans (65 models), retina fundus
images (37 models), ECG/EKG (27 models), dermoscopic images (21
models), EEG(5models) andultrasound (5models).Genomedatawasused
in 33 models. Some models use combinations of data types, such as Elec-
tronic Health Records/Text + X-Ray (12 models) and MRI + Pathology/
Whole slide images (6 models). Less frequent data types were endoscopic
videos (17 models), laparoscopic cholecystectomy videos (16 models), and
wireless capsule endoscopy videos (4models). The least commondata types,
usedby only 1 or 2models, includeMammography,Microscopy, Intra-Oral
Mesh Scans, OCTA+OCT and PET images.

Using the PROBAST+AI tool, we appraised the 25most cited articles
of the TRIPOD Types 2a, 2b and 3, considering up to two models for each
article (Figs. 3–6).

Performance comparison
We grouped our findings by the main types of model evaluations
conducted (i.e., combinations of broader clinical domain, clinical
application and performance metric). Regarding centralized learning
models, as presented in Table 6, the most common evaluation was for
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diagnostic accuracy in Oncology (53 models and 189 comparisons).
Other frequent clinical domains include COVID-19 and Cardiology.
Regarding local learning models, as presented in Table 7, the most
common evaluation was for diagnostic accuracy in COVID-19 (31

models and 195 comparisons). Similarly, Oncology and Cardiology
were also frequently explored.

In terms of performance comparisons, the paired differences between
decentralized and non-decentralized learning approaches are summarized

Fig. 1 | Flow diagram of the study identification and selection process, following
Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines – Phase 1. The diagram illustrates the study identification

and selection process. Boxes detail the number of records at each stage, with arrows
indicating the flow between identification, screening, eligibility assessment, and
inclusion stages. Side boxes detail reasons for exclusion at each step.
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in Fig. 7. Supplementary Figs. 2–15present the distribution these differences
for each performance metric and type of non-decentralized model, along-
side additional data (e.g., 25th and 75th percentiles of differences, 95%
confidence intervals). To describe the magnitude of these differences, the
effect sizes for these comparisons are provided in Fig. 8.

Centralized learning
Overall, centralized learning presents a clear performance advantage across
different metrics. This approach is particularly superior to decentralized

learning in accuracy and Dice score, with a higher performance in 78% of
1089 comparisons and 78% of 856 comparisons respectively, with narrow
interquartile ranges and large effect sizes (≥0.5).

In contrast, AUROC and specificity comparisons present a more
balanced distribution, with centralized learning performing better in 51%of
1063 comparisons and 54% of 160 comparisons, respectively. For both
metrics, the effect sizes estimated are small (<0.3). The remaining metrics
also favor centralized learning, with less pronounced favourability (from
63% to 69%), wider interquartile ranges and moderate effect size.

Fig. 2 | Flow diagram of the study identification and selection process, following
Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines – Phase 2. The diagram illustrates the study identification

and selection process. Boxes detail the number of records at each stage, with arrows
indicating the flow between identification, screening, eligibility assessment, and
inclusion stages. Side boxes detail reasons for exclusion at each step.
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Local learning
In contrast, decentralized learning models consistently outperform their
local counterparts. In particular, accuracy and precision/positive predictive
value metrics, performing better in 83% of 1023 comparisons and 86% of
440 comparisons respectively, featuring large effect sizes. Similarly, strong
preference is observed in AUROC and F1 score comparisons, with decen-
tralized learning models being superior in 82% and 79% of cases, respec-
tively, in association with large effect sizes.

The decentralized learning advantage is smaller for Dice score and
specificity metrics (72% and 76% of comparisons, respectively), while still
featuring large effect sizes. Sensitivity/recall shows decentralized learning

performing better in 71% of cases, with a wider interquartile range and a
moderate effect size.

Performance difference significance
Considering the direction, magnitude and statistical relevance of the per-
formance differences, we subsequently explored the clinical relevance of
these findings using a clinical viability threshold (≥0.80).

When comparing centralized and decentralized models, centralized
approaches frequently rescued clinical viability from underperforming DL
models (Fig. 9, Panel A). Specifically, centralizedmodels provided clinically
valid alternatives to DL in up to 18% of comparisons, particularly for sen-
sitivity (median difference of 16pp) and accuracy metrics. Conversely, even
whenbothmodels achieved clinical viability (≥0.80), centralized approaches
typically demonstrated only marginal advantages (Panel B), with median
performance differences ranging from 0.7 to 1.5 percentage points across
metrics. DLmodels rarely offered superior alternatives to viable centralized
counterparts (Panel C).

In comparisons with local models, DL consistently rescued clinical
viability across substantial proportionsof cases (Fig. 10, PanelA).The rescue
effect was most pronounced for threshold-dependent metrics, particularly
sensitivity (median difference of 27pp for 100 comparisons) compared to
ranking metrics like AUROC (median difference of 7.6pp). DL provided
clinically acceptable alternatives across metrics with median improvements
ranging from 7.6 to 27 percentage points. When both approaches met the
viability threshold (Panel B), DLmaintained performance advantages, with
accuracy superior in 53% of comparisons (median difference of 1.9pp). DL

Table 2 | Summary of broader clinical domains coverage, per
number of articles, number of models and number of
comparisons

Broader Clinical
Domain

Number of
Articles

Number of
Models

Number of
Comparisons

Oncology 44 184 1780

COVID-19 35 84 2171

Others 18 78 422

Neurology 17 53 629

Cardiology 16 85 515

Other Respiratory 12 29 763

Psychology &
Psychiatry

12 36 639

Diabetes 8 21 191

Gastric & Digestive 8 45 409

Various 7 36 378

Systemic 4 19 206

Nephrology 3 4 44

Gastroenterology 1 9 9

Table 3 | Summary of clinical application coverage, per
number of articles, number of models and number of
comparisons

Clinical Application Number of
Articles

Number of
Models

Number of
Comparisons

Diagnosis 93 335 5032

Segmentation 28 132 1245

Prediction 22 70 522

Prognosis (including Mortality) 18 94 408

Segmentation+Classification 8 32 845

Other 2 17 89

Therapy 1 3 15

Table 4 | Number of Articles Published, per Year

Publication Year Number of Articles

2024 20

2023 65

2022 37

2021 22

2020 11

2019 1

2018 1

2017 3

Table 5 | Number of Published Articles by Publication Sources
with more than one Article Published

Publication Source Number of
Articles

Scientific Reports 12

IEEE Journal of Biomedical and Health Informatics 8

IEEE Transactions on Medical Imaging 6

Electronics 5

IEEE Access 5

Medical Image Analysis 5

JMIR Medical Informatics 4

Mathematics 4

Computer Methods and Programs in Biomedicine 3

Journal of Biomedical Informatics 3

Applied Sciences 2

Bioengineering 2

Biomedical Signal Processing and Control 2

Computers in Biology and Medicine 2

Diagnostics 2

Engineering Applications of Artificial Intelligence 2

Future Generation Computer Systems 2

IEEE Transactions on Emerging Topics in Computational
Intelligence

2

IEEE Transactions on Network and Service Management 2

Journal of Healthcare Informatics Research 2

Journal of the American Medical Informatics Association 2

Medical Physics 2

Nature Machine Intelligence 2

Nature Medicine 2

Patterns 2

The Lancet Digit Health 2
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underperformance against viable local models was rare (Panel C) and
associated with significant losses.

Detailed metric-specific analyses are provided as Supplementary
Material.

Additional privacy-preserving techniques and secondary aims
On the technical side, we report details of the methods used (e.g.,
encryption, GAN, homomorphic encryption) strictly based on the
original manuscripts. On the resources demand side, we report
details on various metrics–ranging from energy consumption, server
and client memory requirements to time needed for model training
and model inference. This information is presented as Supplementary
Material.

Supplementary analyses. For further granularity, we developed an
online dynamic dashboard to produce different graphical representations
of data collected. Available filters are performance metrics, non-
decentralized learning approach, clinical applications, larger clinical

domains and data type. Additionally, it is possible to restrict decen-
tralized model comparisons to only federated learning models.

To complement the analyses of the performance distributions, we
provide histogram representations by nature of data collection used by the
models compared (“primary”, “secondary” and “both”) in Supplementary
Figs. 23–36.

Additionally, we produced sub-analyses on the distribution of the
absolute differences (i.e., the difference between non-decentralized
approach and decentralized approach), as well as on distribution of the
relative differences (i.e., the quotient of the absolute differences with the
difference between 1 and the non-decentralized approach). These repre-
sentations correspond to Supplementary Figs. 37–64.

Discussion
This systematic review provides the most comprehensive analysis to date
comparing decentralized learning approaches with traditional methods in
healthcare, examining160 studies comprising 710decentralizedmodels and
8149 performance comparisons.

Fig. 3 | Results of PROBAST+AI Application - Quality Concern. Red segments, yellow segments and green segments represent the proportion of classifications of high
concern level, unclear concern level and low concern level.

Fig. 4 | Results of PROBAST+AIApplication - Risk of BiasAssessment.Red segments, yellow segments and green segments represent the proportion of classifications of
high risk of bias, unclear risk of bias and low risk of bias.
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The rapid growth in research output, particularly since 2020 and
multidisciplinary scope reflects increasing recognition of decentralized
learning’s potential in healthcare applications.

Considering the paired comparisons between decentralized and cen-
tralized methods, performance differences present low magnitude median
values and reduced interquartile ranges. This demonstrates that decen-
tralized approaches can broadly achieve comparable performance, although
moderately inferior. In particular, strong relative performance in AUROC
(51% centralized favourability, small effect size) suggests that the observa-
tion ranking ability is preserved throughdecentralized learningprocesses. In
turn, threshold-dependentmetrics—suchas accuracy andDice score– show
increased centralized relative advantages, with mostly moderate or large
effect sizes. These findings reveal calibration challenges and spatial feature
averaging difficulties, respectively. However, DL seems to overperform in
terms of specificity (54% centralized favourability, small effect size),

suggesting that aggregation processes differentially affect error types. In
particular, multi-site learning may filter site-specific false positive patterns
while simultaneously diluting rare positive case signals, given case pre-
sentation variation and uneven distribution of rare cases across sites.

Focusing on the application viability of these models, centralized
models can offer clinically useful alternatives to underperforming decen-
tralized counterparts, in up to 18% of the cases. Sensitivity and accuracy are
particularly benefited by the centralized approach, aligning with DL lim-
itations to identify true positive cases.

Regarding the differences with local approaches across all metrics,
decentralized performance is dominant, despite some heterogeneity.While,
decentralized models benefit from more and often more diverse data, they
are less tuned to the specific distribution of a local dataset. In particular, DL
demonstrates the strongest advantage in precision (86% favourability),
substantially exceeding gains in other metrics.

Fig. 5 | Results of PROBAST+AIApplication -Overall Judgement.Red segments, yellow segments and green segments represent the proportion of classifications of high
concern level, unclear concern level and low concern level.

Fig. 6 | Results of PROBAST+AI Application – Applicability. Red segments, yellow segments and green segments represent the proportion of classifications of high
concern level, unclear concern level and low concern level.
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This likely reflectsmulti-site models’ ability to filter out site-specific
artifacts (e.g., differences in imaging protocols, scanner calibration).
Local models overfit to these artifacts, leading to overconfident predic-
tions that inflate false positive rates when encountering variation. In
turn, sensitivity shows the smallest DL advantage (70%), with only a
moderate effect size, likely reflecting challenges in aggregating rare or
subtle pathological patterns across heterogeneous sites. Specificity shows
greater improvement (76% favourability), as normal imaging features
are more consistent across sites than disease presentations, and DL
models learn to avoid falsely flagging benign site-specific variations. This
asymmetry reflects a fundamental trade-off: local models can optimize
to site-specific patterns—potentially overfitting—at the expense of

external validity, whereas DL prioritizes features robust across hetero-
geneous sites. A similar pattern emerges when comparing DL to cen-
tralized models, where challenges in aggregating rare signals similarly
constrain sensitivity improvements.

With our sensitivity analysis, excluding observations from articleswith
the most comparisons, variations in favourability ratios were generally
within single-digit percentage points. This strengthens the validity of the
data presented and our conclusions.

Focusing on clinical applicability, the threshold-stratified ana-
lysis (≥0.80) reveals important patterns for implementation decisions.
Centralized models can rescue clinical viability from under-
performing DL in up to 18% of cases, primarily for sensitivity and

Table 6 | Number of Models and Comparisons per Group of Broader Clinical Domain, Performance Metric and Clinical
Application, with Median, 25th Percentile and 75th Percentile of Centralized Models Performances (10 models or more)

Broader Clinical
Domain

Performance Metric Clinical Application Number of
Models

Number of
Comparisons

Median 25th
Percentile

75th
Percentile

Oncology Accuracy Diagnosis 53 189 0.853 0.768 0.972

Oncology AUROC Diagnosis 39 140 0.910 0.891 0.996

Oncology AUROC Prognosis (including
Mortality)

36 59 0.727 0.700 0.970

Oncology Dice score Segmentation 33 138 0.873 0.800 0.907

COVID-19 Accuracy Diagnosis 32 183 0.913 0.910 0.970

Cardiology AUROC Diagnosis 30 129 0.856 0.797 0.903

Cardiology Dice score Segmentation 22 58 0.886 0.883 0.914

Neurology Accuracy Diagnosis 22 162 0.803 0.779 0.842

Others Dice score Segmentation 21 57 0.882 0.870 0.895

Oncology Sensitivity/Recall Diagnosis 19 82 0.863 0.832 0.937

COVID-19 Sensitivity/Recall Diagnosis 17 78 0.930 0.896 0.940

Oncology 95th percentile of the Hausdorff
Distance

Segmentation 17 21 4.565 4.565 4.565

Oncology F1 score Diagnosis 17 51 0.888 0.829 0.983

Psychology &
Psychiatry

Accuracy Diagnosis 17 138 0.710 0.680 0.818

Gastric & Digestive F1 score Other 16 88 0.633 0.465 0.725

Oncology Precision/Positive Predictive Value Diagnosis 16 59 0.811 0.743 0.984

Others Mean segmentation intersection-
over-union

Segmentation 16 27 0.803 0.785 0.826

Others Precision/Positive Predictive Value Segmentation 15 15 0.891 0.887 0.928

Others Sensitivity/Recall Segmentation 15 15 0.863 0.808 0.872

Other Respiratory AUROC Diagnosis 14 293 0.721 0.628 0.833

Systemic AUROC Prognosis (including
Mortality)

14 135 0.854 0.800 0.859

COVID-19 AUROC Diagnosis 12 89 0.950 0.906 0.992

COVID-19 F1 score Diagnosis 12 63 0.872 0.562 0.942

Oncology Specificity Diagnosis 12 61 0.865 0.700 0.986

COVID-19 Accuracy Segmentation +
Classification

11 176 0.992 0.988 0.994

COVID-19 Dice score Segmentation +
Classification

11 220 0.732 0.722 0.804

COVID-19 Sensitivity/Recall Segmentation +
Classification

11 176 0.694 0.591 0.800

Cardiology AUROC Prognosis (including
Mortality)

11 11 0.734 0.732 0.735

COVID-19 Dice score Segmentation 10 231 0.590 0.575 0.615

COVID-19 Precision/Positive Predictive Value Diagnosis 10 43 0.946 0.879 0.963

Systemic PR-AUC Prognosis (including
Mortality)

10 10 0.130 0.114 0.145

Various Dice score Segmentation 10 68 0.922 0.845 0.953
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accuracy. This aligns with DL’s documented limitations in identifying
true positive cases, particularly rare or subtle pathological patterns
across heterogeneous sites.

Importantly, the clinical threshold analysis demonstrates that when
both centralized and DL approaches achieve clinical viability, centralized
superiority typically represents “excellent versus acceptable” performance
rather than “acceptable versus inadequate.” While centralized improve-
ments occur frequently, their magnitude is limited (median difference
ranging from 0.7pp to 1.5pp). This suggests that when DL models achieve
clinically acceptable performance, centralized alternatives provide only
modest incremental gains. This positions DL as a viable alternative for
contextswhere centralized approaches are prohibited by privacy regulations
or data sharing constraints.

Regarding differences with local approaches, DL demonstrates
dominant performance across all metrics. The clinical rescue effect is
substantial, with median improvements of 7.6–27pp depending on
metric. The disproportionate improvement in threshold-dependent
metrics (27pp for sensitivity) compared to ranking metrics (7.6pp for
AUROC) reveals that local models suffer from overfitting to site-
specific patterns and class distributions. Decentralized learning miti-
gates this by learning features robust across heterogeneous clinical
settings, resulting in more generalizable decision boundaries. Notably,
even when local models achieve clinical viability, DL frequently offers

performance increases that should be considered alongside potentially
superior external validity.

Regarding additional privacy-preserving techniques and the secondary
aims of this study, these data points are reported infrequently and not in a
standardized fashion. Even when reported, key variables (e.g., noise levels)
are often fixed, making it impossible to assess their impact in each study.
Due to differences in datasets, clinical domains, clinical applications or
different computational set-ups, cross-study comparisons would not pro-
vide reliable insights. Overall, decentralized models are more resource
demanding than their counterparts, especially when privacy-preserving
methodologies are added.

A qualitative synthesis of the evidence presents some notable patterns.
Noise levels of 0.001 provides a superficial level of protectionwith negligible
impacts on performance. Memory and data transmission requirements,
outside of resource scarce environments, should not cause significant
hardship for model development. While some techniques can increase
development time, these rarely duplicate the duration for their standard
counterparts. In real-world settings inference time may be a more relevant
constraint.Depending on the techniques used, this can lead to compounded
increases and may function as an effective bottleneck to the deployment of
larger and more complex models.

The findings from this systematic review enable evidence-based
decision-making for healthcare AI implementations balancing

Table 7 | Number of Models and Comparisons per Group of Broader Clinical Domain, Performance Metric and Clinical
Application, with Median, 25th Percentile and 75th Percentile of Local Models Performances (10 models or more)

Broader Clinical
Domain

Performance Metric Clinical Application Number of
Models

Number of
Comparisons

Median 25th
Percentile

75th
Percentile

COVID-19 Accuracy Diagnosis 31 195 0.923 0.824 0.979

COVID-19 Sensitivity/Recall Diagnosis 26 183 0.915 0.855 0.961

Oncology Dice score Segmentation 26 110 0.859 0.790 0.895

Oncology Accuracy Diagnosis 25 187 0.953 0.823 0.983

COVID-19 F1 score Diagnosis 21 151 0.930 0.771 0.967

COVID-19 Precision/Positive
Predictive Value

Diagnosis 21 156 0.956 0.879 0.987

Cardiology AUROC Prognosis (including
Mortality)

21 51 0.630 0.610 0.670

Cardiology AUROC Diagnosis 18 40 0.901 0.823 0.910

Oncology 95th percentile of the Hausdorff
Distance

Segmentation 17 17 5.163 5.054 6.120

Gastric & Digestive F1 score Other 16 88 0.470 0.386 0.585

Oncology Sensitivity/Recall Diagnosis 14 132 0.959 0.817 0.984

Various Accuracy Diagnosis 14 14 0.745 0.734 0.812

COVID-19 AUROC Diagnosis 13 120 0.984 0.927 0.998

Oncology AUROC Diagnosis 12 128 0.983 0.913 0.998

COVID-19 Accuracy Segmentation +
Classification

11 176 0.991 0.983 0.993

COVID-19 Dice score Segmentation +
Classification

11 220 0.702 0.605 0.753

COVID-19 Sensitivity/Recall Segmentation +
Classification

11 176 0.582 0.524 0.742

Oncology AUROC Prognosis (including
Mortality)

11 11 0.738 0.730 0.761

Oncology Precision/Positive
Predictive Value

Diagnosis 11 99 0.969 0.871 0.985

Neurology Dice score Segmentation 10 53 0.917 0.899 0.922

Oncology F1 score Diagnosis 10 99 0.977 0.945 0.981

Various AUROC Diagnosis 10 80 0.865 0.805 0.912

Various Sensitivity/Recall Diagnosis 10 10 0.780 0.755 0.845

Various Specificity Diagnosis 10 10 0.738 0.730 0.808
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privacy preservation with clinical performance requirements. To
allow actionable application of these insights we propose a simple
decision framework.

We start by highlighting when decentralized learning can be
recommended. DL represents the optimal approach in three primary
scenarios. First, when data sharing is legally prohibited or institution-
ally restricted (e.g., under GDPR constraints, cross-border regulations
or institutional data governance policies), DL enables model develop-
ment that would otherwise be impossible. Our analysis demonstrates
DL achieves clinically acceptable performance (≥0.80) in themajority of
applications, with 83% favourability over local approaches for accuracy
and 82% for AUROC. Second, when local data alone yields insufficient
performance, DL rescues clinical viability in 12% to 15% of cases with
substantial improvements (median difference of 7.6–27pp depending
on metric). Third, when external validity is prioritized over maximal

performance, DL’s multi-site learning reduces site-specific overfitting,
particularly valuable for precision metrics where DL shows 86%
favourability over local models.

In turn, centralized approaches should be selected when privacy con-
straints are manageable and maximal performance is required. Centralized
models demonstrate advantages in threshold-dependent metrics, particu-
larly accuracy (78% favourability) and Dice score (78% favourability), with
large effect sizes. Clinical threshold analysis reveals these advantages typi-
cally represent mostly “excellent versus acceptable” rather than “acceptable
versus inadequate” performance. When both approaches achieve clinical
viability, centralized improvements average only 0.7–1.5pp, in 16% to 44%
of comparisons. However, centralized approaches still provide clinically
meaningful rescue in 6% to 17% of comparisons. Therefore, centralized
learning is justified primarily when: (1) marginal performance improve-
ments are clinically critical, (2) working with rare pathological patterns

Fig. 7 | Performance comparison summary of favourability across metrics.
Higher percentage corresponds to increase favourability. Row 1 represents the
proportion of paired comparisons in which Decentralized Learning overperforms

Local Learning. Row 2 represents the proportion of paired comparisons in which
Centralized Learning overperforms Decentralized Learning.

Fig. 8 | Estimation of Effect Sizes using Wilcoxon two-sample paired signed-
rank test. The table presents effect sizes calculated using theWilcoxon two-sample
paired signed-rank test across seven performance metrics (AUROC, Accuracy,
Precision/Positive Predictive Value, Sensitivity/Recall, F1 score, Specificity, and

Dice score). Each metric is compared against both Local Learning and Centralized
Learning approaches using the corresponding Decentrralized Learning values.
Columns display the estimate of effect size, magnitude classification, and number of
comparisons.
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requiring maximum sensitivity or (3) privacy-preserving infrastructure is
unavailable.

Alternatively, local-only approaches should be avoided for
deployment across multiple sites or generalizable applications. Local
models systematically underperform DL across all metrics, with parti-
cularly poor precision (14% favourability) due to overfitting to site-
specific artifacts. The 27pp sensitivity improvement from DL versus
local models in rescue scenarios indicates local approaches risk missing
true positive cases when applied beyond their training environment.

Local models may only be appropriate for strictly site-specific appli-
cations where external validity is not required and privacy or technical
constraints prevent any data collaboration.

Decision-makers should consider that DL’s primary trade-off is not
clinical inadequacy but rather marginal performance concessions (typically
1–2pp) for privacy preservation. The resource overhead—whilemeasurable
—rarely doubles development time, though inference latencymay constrain
deployment of complex models. Organizations should prioritize DL when
regulatory compliance, institutional policies, or ethical considerations

Fig. 9 | Clinical significance focused comparison betweenDecentralized Learning
and Centralized Learning. Blue = Decentralized Learning; Green = Centralized
Learning; Gray line = Difference. Clinical viability threshold set at 80%. Lines
connect DL to centralized model performance. Δ indicates median performance

difference (only comparisons with n ≥ 20 shown). A Centralized model rescues
clinical viability. B Both models are viable but centralized performs better.
C Centralized model loses viability compared to viable DL model.
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prohibit centralized data aggregation, accepting that performance will be
clinically acceptable rather than optimal in most scenarios.

Despite the robustness of this work, some limitations may have
affected these results. Publication bias, reporting bias, and selection bias
could influence which results are available for inclusion, potentially
skewing the aggregated findings. No specific efforts were made to assess
or address these. In addition, gray literature or publications outside
primary scientific articles were not examined. Our focus on peer-
reviewed publications prioritized methodological rigor and clinical

applicability, although this approach may have introduced a temporal
lag in capturing the most recent developments and reduced the breadth
of includedresults.Wemitigated thisbysearchingforpublishedversions
of identified preprints and conducting updated searches throughMarch
2024, to balance evidence quality with timeliness. However, a single
moment for evidence retrieval and classification would have been pre-
ferable. While we aimed for a clear selection and definition of decen-
tralized learning approaches considered, we recognize other
interpretationsmaybevalid.However, themajorityofdataconcernswell

Fig. 10 | Clinical significance focused comparison between Decentralized
Learning andLocal Learning.Blue =Decentralized Learning; Red=Local Learning;
Gray line = Difference. Clinical viability threshold set at 80%. Lines connect DL to
local model performance. Δ indicates median performance difference (only

comparisons with n ≥ 20 shown). A Decentralized model rescues clinical viability.
BBothmodels are viable but DL performs better.CCentralizedmodel loses viability
compared to viable DL model.
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established methods (e.g., Federated Learning, Swarm Learning). In
addition, we recognize some mistakes (i.e., random errors) may have
occurred during our extensive process. During our peer-review process,
a small number of otherwise eligible papers33,34 were by mistake not
considered.

Regarding data quality of the included studies, many included articles
relied on secondary data or inadequately detailed primary data collection.
Both private andpublic datasets featured instances of insufficient number of
participants, observations or predictors, as well as the poor quality of
reporting of eligibility criteria, outcome definitions and methods used. In
practice, these challenges, alongside inconsistent reporting formats, made
identifying different health data models, their characteristics, and perfor-
mance comparisons more difficult.

Therefore, our evidence appraisal document issues related to the pri-
mary studies used. Due to the broad scope of our research question and the
comparability of the decentralized and non-decentralized model develop-
ment and evaluation processes, we believe evidence used to be of low con-
cern for this purpose. Additionally, while clinical applicability performance
thresholds vary by application and context, 0.80 provides a standardized
benchmark across heterogeneous domains.

Considering the main implications of the study, this systematic review
makes three novel contributions to the field: (1) quantification of favour-
ability ratios between traditional and decentralized learning approaches
across performancemetrics, (2) identification of performance ranges where
variations are most pronounced, and (3) clinical significance assessment
through threshold-stratified analysis.

This is the first study that presents a quantitative evaluation of the
difference between decentralized and non-decentralized approaches at a
paired comparison level and grouped by clinical application characteristics.
This work demonstrates the ability for DL to present robust ranking
assessments, while still struggling to retain positive and rare signals, espe-
cially when compared to their centralized counterparts. When considering
clinically relevant performance ranges, centralized learning superiority is
deepened. Compared to local learning, DL advantages are significant,
especially in AUROC, accuracy and precision, and present sizable perfor-
mance increases, when considering clinical applicability. Therefore,
decentralized learning represents a clear superior alternative to local-only
approaches, centralized learning continues to be the gold standard. How-
ever, DL offers a viable alternative for contexts in which centralized learning
is not possible.

As the AI Act advocates for performance parity between traditional
and privacy-preserving techniques, the quantitative synthesis of the
evidence provides an objective insight formonitoring the state of art and
evolution of these approaches. In parallel, our limited findings on
privacy-performance trade-off support the need for increase adoption of
standardized privacy evaluation metrics. In particular, we recommend
more rigorous comparative studies, better documentation of imple-
mentation details and focus on practical deployment in healthcare set-
tings. Heterogeneous and infrequent reporting does not allow for an
adequate study of dynamics between privacy-preserving guarantees and
performance cost.

Considering the issues raised during the evidence appraisal of themost
cited, and the variety of specific clinical use cases, these results cannot

validate particular implementations for widespread deployment. Problems
related to reporting of sampling processes, target population definition and
data collection methods compromise external validity of the studies con-
sidered. In addition, small variations in performance metrics even for a
specific disease can have different clinical and operational impacts (e.g.,
screening versus diagnosis application). Nonetheless, we encourage the
exploration of different sub-analyses in our online dashboard to identify
promising research fields.

Comparing this study with similar recent reviews, this work provides a
detailed and quantitative assessment of the results from the primary articles.
Contemporary research mostly focuses on reporting the article and model
characteristics, commonly using narrative syntheses of the primary
articles35–38. In addition, these works do not provide actionable information
on the added benefit of using decentralized approaches in contrast with
traditional methods already being used, nor valuable syntheses of the evi-
dence. Moreover, to the best of our knowledge, no published review on the
topic was preceded by the respective protocol publication or registry.

In this domain, future research should focus on the impact of
local adaptation processes on decentralized learning performance. A
two-step paradigm including local calibration learning followed by
local calibration may balance privacy preservation, feature general-
ization and clinically relevant performance. New studies on the topic
should present higher methodological quality, with clearer reporting
of eligibility criteria, data collection strategies, outcome definitions
and model performance comparisons. For privacy-preserving
reporting, guiding references—including quantitative and qualita-
tive dimensions – are needed for comparability. While GDPR and AI
Act intentionally do not offer specific metrics, there are
alternatives39,40 from experts on the field.

Other topics regarding the adoption of decentralized learningmethods
require further discussion. From data distribution challenges to consider-
able technical overheads and machine “unlearning”41 requirements, data
collaboration still faces foundational constraints that may limit its wide-
spread adoption. Meanwhile, novel methods such as local fine-tuning pre-
trainedmodels, the advent ofAI-capable personal devices andnormativeAI
approaches42 can help leverage the development of decentralized learning
models.

Methods
Eligibility criteria
The inclusion criteria were: (1) original and published primary research
scientific journal articles; (2) studies addressing clinical decisions regarding
specific human medical conditions (e.g., diagnosis, segmentation, prog-
nosis); (3) application of decentralized learning methods for model devel-
opment; (4) comparison against centralized or local methods; (5) numeric
reporting of model performance using at least one relevant metric (e.g.,
accuracy, precision). While unpublished studies (e.g., pre-prints) and other
presentations (e.g., conference proceedings) were retrieved, they were only
considered insofar as to search for their corresponding version matching
this criterion. Performance metrics were not considered during the
screening phase butwere used in the appraisal phase. Articles excludedwere
marked with the first unmet eligibility criterion. Regarding the exclusion
criteria, papers published before 2012 were not considered for this analysis.

Table 8 | General query terms by group

Group Terms

A –Model Architecture decentrali*, distributed, federated, central*, multi-party computation, blockchain

B –Model Synonym learn*, model*, network*, AI, artificial intelligence, ML, machine learning, train*, tensor*, perceptron, algorithm*

C – Health-related health*, medic*, clinic*, patient*, physician*, doctor*

D – Performance
Metrics

AUROC, ROC, receiver operating characteristic curve, F1, Jensen-Shannon, sensitivity, recall, specificity, accuracy, precision, predictive value,
Dice, conversion

AI artificial intelligence,MLmachine learning, AUROC area under the receiver operating characteristic, ROC receiver operating characteristic.
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Information sources
Eleven databases were queried—covering biomedical scientific research
(namely, SpringerLink, Lippincott Williams & Wilkins), computer science
and informatics engineering (namely, the Association for Computing and
Machinery Digital Library or Guide to Computing Literature and IEEE
Xplore), and more general sources (namely, Wiley Online Library, Scopus,
Web of Science, and Lens [including the PubMed database]). Additional
databases were consulted, including those containing not peer-reviewed
papers or unpublished research papers (such as medRxiv and arXiv). The
Cochrane Database of Systematic Reviews and PROSPERO registers were
consulted on the same dates to identify other ongoing orfinished systematic
reviews on the topic.

For every listed source, searches were conducted in two moments,
retrieving article meta-data from both databases and registries. The first
moment concerned articles from January 1st, 2012 until the query dates:
April 6th (for all sources, except ACM DL) and April 7th (for ACM DL)
2023. The second moment targeted articles from April 6th, 2023 to those
available on March 28th, 2024.

In this stage, articles of different natures (i.e., unpublished, conference
proceedings, pre-prints) were considered for retrieval, but only peer-
reviewed articles were included when available.

Search strategy
For searching evidence in this recent and multidisciplinary domain, it was
necessary to devise a broad search strategy, considering a large pool of
databases and advanced query techniques. A representation of the intended
query is seen in Table 8. Due to the popularity of some terms and hetero-
geneous search engine features, a filtration process was applied, using reg-
ular expressions (RegEx) code. Detailed information is available in
Supplementary Material.

The intended search query results were to include terms from the first
and second group separated by nomore than two other terms. The order in
which they appeared in the title or abstract was not considered relevant.

Selection process
During the screening phase, titles and abstracts were reviewed. During the
appraisal phase, the papers were evaluated using their full-text versions. For
each exclusion, the unmet eligibility criterionwas registered. For these tasks,
the Rayyan43 platform was used.

To assess eligibility: (1) reviewers verified publication type using the
DOI link or, if unavailable, the title and abstract information and the source
to evaluate its nature; (2) clinical applications on specific human medical
conditionswere verifiedby identifying specifichealth targets; (3) application
of decentralized learning methods to develop health data models was con-
firmedwhenmodels were trained on data that remained local to each party;
(4) comparisons between the decentralized learning models performance
and their non-decentralized counterparts supported by the presence of local
(i.e., data from a single silo) and centralized learning strategies (i.e., com-
bineddata frommultipleparties); (5)model performancecomparisonswere
gathered based on written numeric data in the manuscript text or within
tables, graphs, and figures, if the numeric information and the model they
represent were clear. Efforts were made to also include data from the Sup-
plementary Material.

To classify different model development approaches, we adopted an
operational frameworkweused, based on two core dimensions.Approaches
were classified based on data movement (i.e., whether raw, primary data
leaves its original source) and participation of parties (i.e., whether one or
multiple parties contribute to model development). Using these criteria, we
define the categories as follows:
• Local Learning: Model development is carried out by a single entity

using only its own data. No data sharing or coordination with external
parties occurs.

• Centralized Learning: Multiple parties contribute to model develop-
ment by sharing raw data with a central aggregator, where training is
conducted.

• Decentralized Learning: Multiple parties participate in model devel-
opmentwithout exchanging rawdata. Instead,models, parameters, or
privacy-preserving computations are shared to enable collaborative
learning.

Within decentralized learning, we distinguish the following
approaches:
• Federated Learning: A central server coordinates the training of local

models on distributed data. Only model updates (e.g., weights or
gradients) are shared; raw data remains local.

• Swarm Learning: A fully decentralized version of federated learning
with no central server; model updates are aggregated peer-to-peer.

• Ensemble Methods: Independent models are trained locally by each
party and later combined (e.g., via voting or stacking) without creating
a unified global model or sharing data. These are considered decen-
tralized as model combination occurs without raw data exchange.

• Split or Transfer Learning: Due to their similarity and reduced
number of observations, we group split learning and transfer learning
approaches, using the following definitions. In split learning, the
model is partitioned into segments, with early layers trained locally and
intermediate outputs (e.g., activations) passed to another party for
further training. In transfer learning, a model trained by one party is
fine-tuned or extended by another using local data. As long as only
model components, intermediate representations, or parameters are
exchanged—and no primary data is shared—these methods are
considered decentralized under our operational framework.

• Secure Multi-Party Computation (SMPC): Parties collaboratively
compute a shared model using cryptographic protocols that ensure
privacy of inputs. While SMPC is a privacy-enhancing technology
rather than a learning paradigm per se, under our framework it
qualifies as a decentralized learning approach when used to support
joint model training without data exposure.

To resolve classification ambiguity—especially for hybrid or multi-
stage training setups—we applied the following rule: If no raw (primary)
data is shared between parties throughout the model development process,
the approach is classified as decentralized, regardless of whether models,
parameters, or representations are exchanged.

For the selection process, papers retrieved through the search strategy
were evaluated by researchers acting independently and blinded for each
other’s decisions. Eachpaperwas classifiedby two researchers,with a total of
seven reviewers. Whenever there was not a complete agreement on the
decision, the researchers reviewed their decisions and discussed them to
achieve a consensus. A third senior researcher was identified to resolve
potential remaining conflicts. No automation tools were used during the
selection process.

Due to a longer than expected initial article selection and the fast-
moving researchfield, it was decided to update and apply the search strategy
a second time, using the samemethodology. The complete selection process
is summarized using the PRISMA (Preferred Reporting Items for Sys-
tematic Reviews andMeta-Analyses) 2020 flowdiagram in accordancewith
the corresponding guidelines44.

Data collection process
Data were collected from the full-text version of the selected articles by two
researchers, using a prepared online document piloted before its imple-
mentation. Researchers worked on different articles and discussed any
doubts regarding the process to produce a harmonized data collection. The
first author conducted a subsequent data collection verification looking for
wrong, unclear, ormissing records.Bothresearchers agreedby consensuson
the version of the database reported. Data collection was organized in three
ordered steps: general article information, models information and per-
formance comparison information.

Regarding the model demands, we extracted reported data on
multiple dimensions. First, for time-based metrics, we identified the
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following variables: training time, computation time, communication
time, execution/inference/prediction time, encryption/decryption
time, searching time and latency measurements. As far as resources
consumption goes, the following metrics were covered: memory
consumption (server and client memory), energy consumption and
battery capacity requirements, power consumption and bandwidth
consumption. Communication and data transfer variables considered
were data upload volumes and total moved/transferred data. Specific
privacy budget (ε-differential privacy parameters) and ξ, ζ-differential
privacy impacts on performance metrics were collected.

Effect measures
The primary effect measures were the performance metrics values of the
decentralized learning models and their non-decentralized counterparts.
These values were extracted directly from the included studies. To explore
non-parametric effect sizes the Wilcoxon two-sample paired signed-rank
test were used, comparing the distributions of the individual performance
comparisons. Estimates of effect sizes and their respective magnitude are
presented.

Synthesis methods
Data collected were grouped by each performancemetric and divided in the
classes of the following variables: decentralized learning architecture, larger
clinical domain and clinical application. Individual performance metrics
with at least 30 comparisons collected were explored. An online dashboard
was produced to allow for a customized search of relevant performance
comparisons, using the Shiny R package – https://jmdiniz.shinyapps.io/
phdiniz_systematic_review_analysis/.

The distribution of individualmodel performance differences between
decentralized and non-decentralized alternatives across the difference per-
formance metrics is presented using histograms and calculating their
median difference, the 25th percentile and the 75th percentile, as well as the
bootstrapped 95% Confidence Intervals, based on 10.000 simulations.

For sensitivity analysis, variations of these histograms are produced
without the contributionsof the studywith themost observations– available
in the Supplementary Material in Supplementary Figs. 43–56.

Specific detailed syntheses were produced for performance metrics-
larger clinical domain-clinical application combinations, for instances with
at least 10 comparisons and featuring at least 5 different studies.

Given the heterogeneity of clinical domains and applications, to
assess clinically acceptable performance we set a threshold value of 0.80
(80%). Using this standard, we examined scenarios where local models
failed to achieve clinical viability (<0.80) but DL achieved acceptable
performance (≥0.80). Moreover, we identified the cases in which both
local and decentralizedmodels are clinically viable, butDL is superior, as
well as instances in which local performance is clinically viable, but DL
are not. The symmetric analysis was conducted considering centralized
and decentralized models.

The only dataprocessing concerned the conversion of values presented
in percentages in some instances. Due to the heterogeneity in the data
collected, no meta-analysis was conducted.

For each comparison andmetric pairing, data were segmented into 10
equal-width intervals based on the range of the decentralized model per-
formance. Within each segment, decentralized models were compared to
their counterparts, based on the paired performance comparisons. In each
facet, both the decile and the corresponding decentralized model perfor-
mance range are showcased.

Evidence appraisal
Weapplied the PROBAST+AI tool and the TRIPODchecklist formodel
type45,46 to the 25 most cited included research papers. For each paper, up
to two models were considered, in order of presentation. Due to their
inherent limitations, we opted to exclude TRIPOD Type 1a (i.e., all data
used formodel development without validation) andType 1b articles (i.e.,
all data used formodel development, evaluation using resampling). Using

an approximation of the relative prevalence of the remaining TRIPOD
types, 15 Type 2a articles, 5 Type 2b articles and 5 Type articles were
included. Each article and its corresponding appraisals were conducted by
a single reviewer.

Registration and protocol
The research protocol for this study was published32, on June 6th, 2023. It
was previously registered with PROSPERO, under the number 393126, on
February 3rd, 2023, and accessible through https://www.crd.york.ac.uk/
prospero/display_record.php?ID=CRD42023393126.

Details about the changesmade to the protocol, and the rationale used,
are presented in the Supplementary Material.

Data availability
Adashboard for selectmetrics ismade available. Detailed data extracted
from the included studies, including data used for analyses, the data
processing and analytic code, ismade available upon request.Moreover,
documentation is provided regarding the specific queries used, tailored
to each source, including their adapted formulation and filters, to ease
reproducibility. Whenever possible, a direct URL link to the query is
included.
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