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 A B S T R A C T

White blood cell (WBC) subtype classification is a critical step in monitoring an individual’s health. However, 
it remains a challenging task due to the significant morphological variability of WBCs and the domain shift 
introduced by differing acquisition protocols across hospitals. Numerous approaches have been proposed 
to mitigate domain shift, including supervised and unsupervised domain adaptation, as well as domain 
generalisation. These methods, however, require a suitable amount of representative target images, even if 
unlabelled, or a suitable amount of images from multiple sources, which may not be feasible due to privacy 
regulations. In this study, we explore an alternative paradigm, known as Distributed Collaborative Machine 
Learning (DCML), which consists of exploiting images from different sources in a privacy-preserving setup. 
Although DCML methods seem well suited to this application, to the best of our knowledge, they have not 
been used for this task or to address the above-mentioned issues. However, we argue that DCML deserves 
further consideration in medical images as a potential alternative solution against domain shift in a privacy-
preserving setup. To substantiate our view, we consider three DCML methods: early and late fusion and 
federated learning approaches, each offering distinct trade-offs in terms of training constraints, computational 
overhead and communications costs. We then conduct an extensive, cross-dataset experimental evaluation 
on four benchmark datasets and provide evidence that even simple implementations of DCML methods can 
effectively mitigate domain shift in WBC classification tasks.
1. Introduction

White blood cells (WBCs), medically defined as leukocytes, repre-
sent integral constituents within the immunological milieu, primarily 
protecting the host organism against microbial intrusion and pathogens. 
The classification of WBCs is essential in healthcare as it provides 
vital information for diagnosing diseases and guiding treatment deci-
sions [1–3]. For example, we find a crucial example of how important 
WBC recognition is in the treatment of leukaemia, a group of blood 
cancers characterised by the uncontrolled proliferation of abnormal 
WBCs [4–6]. According to Siegel et al. leukaemia is estimated to cause 
around 23,710 deaths in the United States in 2023, emphasising the 
urgent need for efficient WBC identification technology [7].

WBCs are comprehensively categorised into five main subtypes: 
neutrophils, eosinophils, basophils, lymphocytes, and monocytes, each 
with specific functions in the immune system. Maintaining a standard 
WBC count is essential for overall well-being and health [2,3]. The 
taxonomy and classification of WBCs serve as essential milestones in the 
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diagnostic and healing landscape of various haematologic conditions, 
encompassing but not limited to leukaemia, lymphoma, and infec-
tious diseases. Conventional approaches to WBC subtypes classification, 
such as manual microscopy, exhibit proclivities towards protracted 
processing times and the concomitant susceptibility to human errors. 
Recent years have witnessed the rise of Machine Learning (ML) and, 
in particular, Deep Learning (DL) as a promising and transformative 
paradigm for WBC categorisation [8].

Based on extensive training datasets comprising meticulously la-
belled WBC images, DL algorithms acquire the ability to discern and 
categorise distinct leukocyte varieties autonomously [8,9]. This
paradigm offers the potential to enhance the precision of WBC subtypes 
classification while mitigating the risk associated with human fallibil-
ity. However, automation of this procedure faces challenges, starting 
with clinical factors such as the diverse shapes and structures of cells 
and variations in protocols across different hospitals, including differ-
ences in equipment, lighting and staining procedures [10,11]. These 
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variations can result in highly distinct images, leading to a domain shift 
that significantly impacts the performance of DL models trained solely 
on data from a single site. This, in turn, renders established approaches 
ineffective at specific sites [11–13]. To address the domain shift issue, 
existing solutions are based on domain adaptation (DA) [14,15] or 
domain generalisation (DG) [16] methods, aimed at improving the 
robustness of the model in the target domain by exploiting data (even 
unlabelled) from the target domain, or extracting domain invariant 
features from more domains.

In a real-world application scenario, collecting and aggregating 
data from the target domain or more domains simultaneously is not 
feasible [10,17]. In fact, beyond the clinical field, it is crucial to 
highlight that the classification of WBC transcends the domain of 
privacy considerations. WBCs contain information of a personal nature, 
encapsulating details regarding the patient’s genetic constitution and 
immunological status. Privacy concerns directly affect the creation of 
centralised and comprehensive datasets. Federated Learning (FL) is a 
compelling solution from the Distributed Collaborative Machine Learning
(DCML) field as a direct consequence of privacy issues [18–20]. Tradi-
tional ML approaches often require centralising large datasets, posing 
individual privacy risks. In contrast, FL allows medical institutions 
and researchers to collaborate on WBC classification models without 
sharing raw patient data. Enabling the collaborative development of 
classification models across decentralised data sources fosters a new 
frontier in healthcare research where privacy and innovation can co-
exist [19–21]. However, FL has high costs, as it needs the training 
process to run simultaneously on multiple client nodes (those hosting 
the different datasets) and a server node that is in charge of aggre-
gating/fusing the data [21,22]. In addition, during the entire training 
procedure, it is imperative to ensure the safeguarding of all nodes, 
fostering secure communication among them. Indeed, it has recently 
been highlighted that the data used during the learning process can be 
partially reconstructed from network weights or gradients, making this 
process particularly vulnerable to possible malicious attacks [23,24].

In the context of DCML, early fusion and late fusion are two strate-
gies for enabling information exchange between neural networks with-
out requiring simultaneous joint training. In early fusion, raw data 
from different modalities are combined prior to feature extraction, 
allowing the model to learn cross-modal correlations from the out-
set. However, this approach can be complex due to the challenge of 
modelling inter-modal relationships at such an early stage [25]. In 
contrast, late fusion involves independently extracting features from 
each modality, which are then combined, typically at the decision 
level, for classification. This results in a more modular and often more 
interpretable multi-modal representation [25].

This work aims to present the DCML paradigm as a potential alter-
native solution against domain shift in a privacy-preserving setup. We 
argue that DCML can be viewed as a kind of domain generalisation 
in different medical tasks and highlight the case of DCML for WBC 
subtypes classification. While early fusion, late fusion, and FL are 
well-established collaborative learning paradigms, to the best of our 
knowledge, no prior work has performed a direct empirical compar-
ison of these approaches under a consistent and reproducible cross-
dataset protocol tailored to real-world biomedical imaging constraints. 
In this study, we aim to fill this gap by systematically evaluating these 
three paradigms in the context of WBC subtypes classification using 
heterogeneous, decentralised data sources. Specifically, we design an 
experimental setup in which each dataset simulates an independent 
medical institution, and cross-dataset generalisation is assessed through 
a consistent source-target rotation protocol.

Our main contributions can be summarised as follows:

• We present an extensive comparative analysis of various ap-
proaches for WBC subtypes classification to enhance the un-
derstanding of the potential benefits and trade-offs associated 
with adopting the DCML approach in this domain. This compar-
ison encompasses three DCML approaches: FL, early fusion, and 
2 
late fusion. Additionally, the comparison includes the traditional 
centralised approach as a reference point since it is commonly 
employed in WBC subtypes classification tasks. To ensure com-
parable performance under each test condition, the same types 
of Convolutional Neural Network (CNN) and Vision Transformer 
(ViT) architectures are utilised to evaluate the four approaches.

• Our investigation explored the DCML paradigm, originally de-
veloped for tasks unrelated to WBC subtypes classification. We 
demonstrate its potential to effectively address domain shift chal-
lenges commonly encountered in WBC subtypes classification, 
such as staining variability, colour differences, and heterogeneous 
acquisition conditions, highlighting how DCML can mitigate bi-
ases introduced by these factors. These findings complement ex-
isting approaches in domain adaptation and generalisation, while 
simultaneously preserving patient privacy.

• We established a concrete baseline across four public WBC
datasets through cross-dataset evaluations. To the best of our 
knowledge, this study represents the first comprehensive as-
sessment of personalised and collaborative learning approaches 
applied to diverse WBC datasets. In particular, we conducted an 
in-depth analysis of the limitations of widely used DL models for 
WBC subtypes classification when exposed to data distributions 
that differ from those seen during training, highlighting the per-
sistent challenge posed by domain shift. Moreover, our findings 
demonstrate the effectiveness of the FL paradigm in mitigating 
domain shift.

• We offer several visual insights with established techniques to 
show how the proposed approach succeeds in focusing on the 
discriminative zones of WBCs despite domain shifting, making it 
extremely competitive in this domain and task.

The remaining sections of the manuscript are structured as fol-
lows: Section 2 outlines relevant previous research on WBC analysis, 
particularly focusing on domain shift solutions and privacy-preserving 
collaborative methods. The latter are deepened in  Section 3 while 
presenting the considered reference scenario. Section 4 describes the 
benchmark datasets, the DL architectures and the experimental setting 
used in our evaluation. The experimental results, a comparison with 
existing literature, and related discussions are presented in  Section 5. 
Lastly, Section 6 provides conclusions and discusses potential avenues 
for future research.

2. Related work

This section provides an overview of the existing literature on WBC 
analysis, focusing on computer-aided systems (see  Section 2.1) and 
domain shift solutions (see  Section 2.2), as well as privacy-preserving 
methods (see  Section 2.3).

2.1. WBC analysis using computer-aided systems

The diagnosis of haematopoietic malignancies, such as leukaemia, 
presents great hurdles due to the limited treatment options available. 
Traditionally, accurate diagnosis relies on the meticulous cytological 
evaluation of WBCs in blood or bone marrow smears. However, the 
advent of Computer-Aided Diagnosis (CAD) systems has ushered in a 
new era, promising to revolutionise this process by automating and 
enhancing diagnostic accuracy and efficiency [11,26–29].

Existing CAD systems for WBC analysis encompass a spectrum of 
tasks, ranging from simple cell counting to the detection and classifica-
tion of diseases. Notably, these systems excel in classifying WBC sub-
types [9,28,30–33] and identifying specific leukaemia conditions, such 
as acute lymphoblastic leukaemia (ALL) or acute myeloid leukaemia 
(AML) [8,11,34].

For instance, Matek et al. employed the ResNext architecture to 
accurately identify WBCs in AML patients’ blood smears [28]. Acevedo 
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et al. proposed a predictive model for identifying patients with
myelodysplastic syndrome, a precursor to AML [26]. Additionally, 
Vogado et al. leveraged transfer learning across multiple CNN archi-
tectures, combined with Support Vector Machine (SVM) classifiers, 
achieving noteworthy results in leukaemia diagnosis [29].

Furthermore, researchers have explored hybrid approaches, com-
bining image processing and DL methodologies to achieve outstanding 
classification accuracy. For instance, Şengür et al. demonstrated the 
efficacy of such an approach in Whole Blood Cell Count (WBCC), under-
scoring the synergy between traditional and modern techniques [35], 
while Huang et al. developed a WBC classification framework by com-
bining modulated Gabor wavelet kernels and deep CNN kernels, en-
abling the network to learn representative features at different frequen-
cies and orientations [27].

As a general rule, the main advancements on the field are brought 
by the creation of novel architectures, either CNNs [31,36–39] or 
ViTs [9,40,41], ensemble strategies [42], or hybrid methods [32,33,
43,44] potentially combining feature selection techniques [45].

A significant advancement in the field is exemplified by the devel-
opment of BloodCaps by Long et al. a capsule-based model designed 
specifically for the accurate classification of various blood cell types in 
peripheral blood images. BloodCaps surpassed the performance of tra-
ditional CNNs, such as AlexNet, VGG-16, ResNet-18, and InceptionV3, 
underscoring the potential of novel architectural paradigms to improve 
classification techniques [37].

Other authors focused not only on performance but also on compu-
tational costs. For such a purpose, Firat et al. introduced a novel multi-
branch lightweight CNN architecture featuring three parallel branches: 
the Inception module, depthwise squeeze-and-excitation block (DSEB), 
and pyramid pooling module (PPM). The Inception module enhances 
both efficiency and classification accuracy by conducting simultane-
ous convolutions at multiple scales. The DSEB selectively identifies 
informative features while eliminating redundant ones, thereby requir-
ing minimal computational resources. Additionally, the PPM captures 
multi-scale contextual information from input images through feature 
pooling at various scales [31]. Methods aimed at training with limited 
data, such as few-shot learning approaches [38], have received limited 
attention due to the prevalence of large datasets in this domain, akin 
to the ones utilised in this study.

Regardless of the type of supervision used, novel architectural ap-
proaches in WBC classification might encounter common challenges 
inherent to this context, such as the dependency on specific datasets. 
This reliance can lead to substantial performance degradation when 
models are exposed to domain shifts—a central issue addressed in this 
study. Loddo et al. analysed the robustness of current WBCs classi-
fication methods in real application scenarios, characterised by the 
presence of imprecise regions of interest [11]. Their findings high-
lighted that even simpler approaches could yield accurate results when 
trained on curated benchmark datasets, but only a few approaches, in 
particular modern CNNs, exhibited robustness in handling real-world 
complexities.

Some of these challenges are intrinsic to cytopathological images 
that exhibit cells with diverse shapes and structures or disease-induced 
morphological alterations. Other challenges, instead, are introduced 
during the image acquisition process, where variability in equipment 
can introduce issues such as inconsistent lighting or blurred bound-
aries. Moreover, during smear preparation, variations in stain colour 
or staining protocols across different hospitals can further exacerbate 
the problem, contributing to substantial visual discrepancies between 
images from different sources.

The resulting domain shift can severely affect the generalisability 
of models trained on data from a single institution, often requiring re-
annotation and model re-training for deployment in new environments. 
Addressing domain shift during model optimisation is thus crucial for 
ensuring cross-site applicability. Strategies such as DA [14,15] and 
DG [16] offer promising avenues for aligning disparate data domains 
in practical applications.
3 
2.2. Overcoming domain shift challenges

DA is a key technique for cross-dataset evaluation, consisting of 
training a classifier on labelled data from a source domain and adapting 
it to a related, albeit shifted, target domain. In medical image analysis, 
many methods focus on aligning the feature distributions of the source 
and target domains to minimise the domain shift [14,16,46] using target 
reconstruction [47], adversarial learning [48,49], or divergence minimi-
sation [50]. Domain randomisation is also widely used. It is based on 
the assumption that perturbing source domain images with variations 
such as colour changes, texture shifts, and noise addition helps reduce 
domain shift [51].

DG is a paradigm aiming to train models that generalise to unseen 
test domains. This is a challenging task, as it requires the model to 
learn to extract domain-invariant features that are representative of the 
underlying task, regardless of the specific domain [16,46]. There are 
two main approaches to DG. The first, domain-invariant representation 
learning, aims to learn a representation of the data that is invariant 
to different domains. This is typically done by minimising the domain 
discrepancy between the source domains, for example, with adversarial 
learning [52]. The second, episodic learning, aims to train the model 
to generalise to new domains by simulating virtual meta-tasks episodi-
cally. The model is trained on a sequence of episodes, each containing 
a small number of samples from different domains [53].

A few studies have addressed domain shift in WBC classification 
for multiple purposes, such as improving the accuracy of WBC clas-
sification on data from different domains or adapting models to new 
domains without forgetting previously learned knowledge [14,15,54,
55]. Broadly, these approaches can be divided into two categories: (1) 
those that use knowledge of the target domain, and (2) those that use 
knowledge of all domains, including both source and target domains.

In the first category, Pandey et al. proposed a target-independent 
DA technique using CNNs to reduce domain shift between different 
camera types, a common challenge in WBC classification. Their ap-
proach comprises two stages: feature extraction, where a pre-trained 
CNN extracts source domain features, and domain adaptation, where a 
domain classifier aligns source and target domain feature distributions 
using domain-adversarial loss [14].

Umer et al. addressed the challenges of data imbalance, missing 
classes, and domain shifts that arise when training on datasets from 
multiple hospitals with different class distributions. Their proposed 
method uses a label-distribution-aware margin loss to handle imbal-
anced datasets and a domain-adaptive regularisation method to address 
domain shifts [55].

In the second category, Salehi et al. employed unsupervised cross-
domain feature extraction for single blood cell image classification. 
Their method learned domain-invariant features from unlabelled im-
ages of the source domain using a deep convolutional autoencoder, and 
then used these features to classify images of the target domain [15].

Sadafi et al. proposed a continual learning approach for class incre-
mental and domain incremental scenarios in WBC classification. Their 
method, based on a CNN, is trained on a source domain and fine-
tuned on a target domain, ensuring adaptability to new domains and 
classes. It involves selecting the most confident samples and the most 
challenging samples identified through uncertainty estimation of the 
model [54].

Although DA and DG solutions are promising and have already 
yielded some level of results, it is necessary to consider that (1) access 
to the target domain or knowledge of all domains involved is typically 
not a real-world application case and (2) sharing medical imaging 
data across multiple centres is challenging due to privacy protection 
policies, such as Health Insurance Portability and Accountability Act 
(HIPAA) [56] and General Data Protection Regulation (GDPR) [57]. 
Therefore, new approaches are needed to create accurate models with-
out accessing private patient information or transmitting raw data.
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2.3. Privacy-preserving methods

Due to privacy considerations related to medical data, directly 
sharing, pooling or merging medical images across different medical 
centres is typically not feasible in real-world practice [58,59]. Conse-
quently, privacy-preserving solutions are essential for medical research, 
allowing researchers to collaborate on sensitive data without sharing or 
leaking it.

Among privacy-preserving methods, FL excels as the latest DCML 
technique that allows multiple parties to train a shared model col-
laboratively without disclosing their raw data. In detail, the training 
process involves 𝑛 clients, each possessing a comparable type of la-
belled data. These clients actively participate in training a unified 
predictive model. Employing an identical neural network architecture, 
each client conducts a single training epoch using its specific dataset. 
A central server, responsible for coordinating the training process, 
gathers and consolidates all the weights from the individual clients. 
Subsequently, the server disseminates the updated weights back to the 
clients, who use them to resume the training. This process is repeated 
until convergence is attained [60–62].

FL has been shown to be a promising approach for DCML in the 
medical field, as it allows researchers to train models on sensitive 
patient data without compromising privacy. FL has also been shown to 
perform comparably to centralised training on medical datasets, which 
means that it can be used to train accurate and robust models without 
the need to share the raw data [58,59].

In the realm of WBC classification, only two studies have utilised 
FL methodologies [63,64]. Madni et al. proposed a framework that can 
tackle both model and data heterogeneity by incorporating knowledge 
distillation and symmetric loss, respectively. The authors conducted 
experiments utilising the INT_20 dataset [65] and the AML dataset [28] 
(see  Section 4.2 for details). The INT_20 dataset served as a pub-
licly available dataset hosted on a server, while the AML dataset was 
distributed to individual clients as their local private datasets. Each 
experiment involved the configuration of four clients for collaborative 
learning, with the AML dataset being evenly partitioned among these 
clients using a Dirichlet distribution to create non-independent and 
identically distributed (non-IID) data [63].

A similar experiment was conducted by Zhu et al. but on the PBC 
dataset (see  Section 4.2 for details), wherein the non-IID data are 
distributed among eight clients. They configured the server with a 
test set comprising both known and unknown classes to evaluate the 
performance of the global model. This global model was formed by 
aggregating the outputs of multiple clients trained on known classes. 
Their objective was to accurately classify known classes and iden-
tify unknown classes as a separate class, whereas our study focuses 
on recognising five distinct WBC subtypes across different datasets, 
accounting for domain shifts.

Regardless of the final classification task, these two papers clearly 
focused only on simulations where a single dataset was distributed 
among multiple clients, thereby overlooking the privacy concern en-
tirely. Furthermore, their proposed method relies on a feature extractor 
that is fine-tuned specifically for a single dataset, which limits its 
generalisability [64]. Therefore, further analysis is still needed to deter-
mine the generalisation ability of DCML methods to address the WBC 
classification task.

3. Revisiting DCML for domain generalisation

This section aims to provide a comprehensive understanding of 
the considered scenario and the DCML paradigm. Additionally, we 
argue for the applicability of DCML in WBC subtypes classification, 
particularly in scenarios where privacy constraints are stringent.
4 
3.1. Reference scenario

As the existing literature indicates (see  Section 2.1), prevailing 
methods for WBC subtypes classification typically rely on traditional 
centralised training with fully supervised setups using benchmark 
datasets. In this conventional approach, neural networks are trained on 
a singular set of fully labelled images and subsequently evaluated on 
a distinct partition of the same dataset, a setting known as the same-
dataset evaluation setting. This method simulates a scenario wherein 
images are collected and labelled within a single haematological re-
search centre. While this approach may yield exemplary performance 
on benchmark datasets [11], it remains somewhat detached from real-
ity. Indeed, in practical application scenarios, acquiring labelled WBC 
images from the target haematological research centres—those that will 
employ the WBC subtypes classification system—is often unfeasible. 
Consequently, in this case, the model obtained from the traditional 
learning process must be utilised in a cross-dataset setting. However, 
benchmark datasets, despite their numerous variations, are subject to 
significant dataset biases, similarly to other computer vision tasks [66], 
thereby significantly impacting cross-dataset performance [11].

To address this challenge, researchers have proposed unsupervised 
domain adaptation (UDA) methods [15,48], wherein a model is trained 
on labelled data from a source domain (e.g., a benchmark dataset) and 
unlabelled data from a target domain (e.g., the target haematological 
research centre). However, UDA necessitates a substantial quantity of 
representative target images, a requirement that may be untenable for 
the considered task due to privacy protection policies. In contrast, DG 
eschews the utilisation of target data, instead aiming to enhance the 
model’s generalisation capacity across any target domain. Generally, 
DG techniques learn domain-invariant features representative of the 
underlying task by leveraging multiple source domains for training 
without modifying the model post-deployment [16,46]. Nonetheless, 
collecting multiple source datasets in a centralised server may prove 
infeasible due to privacy protection policies.

The DCML paradigm emerges as an attractive solution in the afore-
mentioned application scenario. Its inherent emphasis on utilising mul-
tiple source domains for training underscores the collaborative efforts 
of various haematological research centres within a privacy-preserving 
framework. Furthermore, we posit that this collaborative approach 
facilitates the extraction of domain-invariant features that accurately 
represent all involved domains, thereby promoting generalisation akin 
to DG. However, we emphasise that DCML represents a complemen-
tary approach to other DG techniques or methods against domain 
shift. Additionally, DCML can be seamlessly integrated with any DL 
architecture, rendering it model-agnostic.

3.2. DCML paradigm

In contrast to the traditional centralised approach, DCML allows 
for the collaborative training of diverse models without centralising 
the datasets on a single server. This framework enables the imple-
mentation of robust privacy policies and fosters collaboration among 
entities responsible for managing private data, thereby facilitating the 
development of high-performance predictive models. Existing DCML 
methodologies exhibit variability not only in performance but also 
in associated costs pertaining to training, inference, communications, 
and security. In this study, we conduct a comprehensive evaluation, 
including a critical analysis of cost implications, by considering three 
DCML techniques: early fusion, late fusion, and Federated Learning. 
It must be noted that we considered only DCML techniques designed 
to enhance the robustness of ML models by aggregating various infor-
mation sources in a privacy-preserving environment. In this context, 
we did not explore techniques such as Split Learning, which, although 
operating within a privacy-preserving framework, aims to minimise 
client-side computations of low-end edge devices by directing them to 
a powerful central server [67].
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Early fusion and late fusion techniques originate from the multi-
modal domain, wherein various entities collaborate to predict a com-
mon target [25,68–70]. The modalities correspond to different haema-
tological research centres in this context, each training their DL model 
on their respective datasets using a traditional, fully supervised setup. 
In a subsequent phase, wherein model training need not occur simulta-
neously, each research centre shares its model weights with a dedicated 
server, responsible for averaging and redistribution operations. In de-
tail, in the case of early fusion, the server averages the weights of all 
layers, resulting in a single consolidated model that is redistributed 
to all the research centres involved. The late fusion approach instead 
entails the continued use of original models since fusion occurs at 
the decision-making level. The server only takes care of creating an 
additional layer that can mediate the decisions generated by the 𝑛
models (considering 𝑛 entities), yielding a new model with multiple 
branches, and finally redistributing the other 𝑛 − 1 branches to each 
entity. The late fusion aims to capitalise on the complementary infor-
mation gleaned from individual models to be fully leveraged during 
inference. However, this collaborative approach incurs higher costs 
associated with the number of participating entities, which determines 
the final number of branches. It is important to highlight that early 
fusion presupposes the use of homogeneous DL architectures across all 
entities, whereas late fusion offers greater flexibility, requiring a shared 
structure only for the last layer [68]. For the sake of comparability, we 
exclusively employ homogeneous architectures in this context.

It must also be noted that, in early and late fusion, each client trains 
its model independently and communicates asynchronously with a 
central server after the training process. No synchronisation is required 
between clients, which makes these methods communication-efficient 
but less interactive. In contrast to early and late fusion techniques, 
FL operates on a completely decentralised learning paradigm using 
synchronous communication. It enables multiple parties to train a 
single DL model collaboratively without directly sharing raw data. The 
core principle involves training 𝑛 local models in parallel, each with 
its private dataset, and sharing the models’ parameters (i.e., weights) 
with a central server after each round. The server is responsible for 
averaging the received weights and synchronously redistributing the 
updated model to all clients, requiring coordination at each commu-
nication round [20,60–62]. Naturally, this approach incurs heightened 
communication and computation costs, necessitating the establishment 
of secure and prolonged communication channels between clients and 
the server. In particular, each training round entails multiple bidirec-
tional transmissions of model parameters or gradients, and the need 
for synchronous updates may exacerbate delays or inefficiencies in the 
presence of unreliable or slow clients.

Beyond privacy and synchronisation overheads, communication ef-
ficiency and system scalability represent critical factors in FL deploy-
ments, especially in medical settings where bandwidth or compute 
power may vary across centres. While our work focuses on model 
performance and generalisation under distribution shift, we recognise 
the relevance of system-level trade-offs. To illustrate the cost of model 
transmission in practice, we report the total communication overhead 
observed in a recent analysis of different FL algorithms [71]. Table  1 
shows the cumulative data exchanged over the network (in megabytes) 
to reach various accuracy thresholds, measured via the Matthews Cor-
relation Coefficient (MCC), using 8 clients. Despite using full model 
weight updates, the total volume remained modest, highlighting the 
communication efficiency of this approach under limited rounds and 
shallow models.

These values reflect full-model updates per round, averaged across 
clients, and are consistent with scenarios where communication is per-
formed only every few local epochs. In more complex or asynchronous 
settings, such as in edge clinical deployments, further reductions may 
require sparse updates or quantisation-aware optimisation. For a de-
tailed quantitative analysis of communication rounds, bandwidth re-
quirements, and optimisation techniques such as update compression or 
5 
Table 1
Total communication overhead (in MB) for decentralised synchronous 
FL to reach target MCC thresholds.
 Target MCC 5G Slicing (MB) IoT-DNL (MB) 
 0.70 2.03 1.76  
 0.80 2.61 3.51  
 0.90 4.05 14.94  
 0.95 4.83 32.51  

client selection, we refer the reader to [20–22,71]. These considerations 
are particularly pertinent in clinical scenarios involving large models or 
geographically distributed nodes, where reducing the communication 
footprint is often essential for practical deployment.

Additionally, FL encounters challenges stemming from heterogene-
ity in data distribution and system characteristics across participating 
parties, which further complicate coordination and efficiency. To miti-
gate these challenges, various federated optimisation methods, such as 
FedAVG and FedProx, have been proposed. FedAVG involves averaging 
local model updates directly at the central server, while FedProx intro-
duces a proximal term to the local objective function, handling local 
data and computation variability. Both methods have demonstrated 
favourable performance and convergence properties across diverse FL 
scenarios [72,73]. The straightforward nature of FedAVG may lead to 
expedited convergence in scenarios where the added intricacy of Fed-
Prox is unnecessary, particularly in cases where the data is unaffected 
by non-IID issues. Additionally, it is worth noting that FedProx necessi-
tates more sophisticated hardware due to the increased computational 
overhead on devices, thereby augmenting the inherent cost associated 
with implementing this DCML methodology [74].

4. Experimental evaluation

In this section, we present the DL architectures used in this study 
(see  Section 4.1), explore benchmark datasets (detailed in  Section 4.2), 
and outline the experimental setup (see  Section 4.3).

4.1. Deep learning architectures

Our experimentation’s primary objective revolves around assess-
ing and juxtaposing various DL architectures for the classification of 
WBC subtypes, aiming to ensure the robustness of our findings against 
network-specific intricacies such as layer counts, skip connections, and 
other architectural nuances. While specialised architectures tailored 
explicitly for WBC classification exist [9,37], characterised by dis-
tinct supervisory mechanisms and domain-specific features, we opted 
for more generic and widely-adopted classification architectures to 
facilitate broader applicability and comparative analysis. To compre-
hensively cover the architectural landscape, we deliberately selected 
one representative model from each of the main DL architecture fami-
lies: residual networks (ResNet-152, from now on Res.152), lightweight 
networks (MobileNetV3, from now on Mob.v3), densely connected 
networks (DenseNet-121, from now on Den.121), inception networks 
(InceptionV3, from now on Inc.v3), as well as transformer-based mod-
els, including the Vision Transformer (ViT) and and hierarchical vision 
transformers (Swin).

This selection enables us to investigate the effectiveness and gen-
eralisability of DCML paradigms across models with diverse inductive 
biases, computational complexities, and performance characteristics. 
At the same time, all of them have proven their ability to extract 
deep hierarchical features and are widely adopted in medical imaging 
benchmarks [9,31,36–41,75].

The details of the used architectures are as follows. Res.152, be-
longing to the ResNet family of architectures, comprises 152 layers 
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Fig. 1. Comprehensive overview of the four datasets utilised in this study: Raabin, AML, PBC, and LDWBC. The figure delineates the five adopted classes: basophil, eosinophil, 
lymphocyte, monocyte, and neutrophil.
and is emblematic of residual learning principles [76]. These architec-
tures incorporate skip connections or recurrent units between convolu-
tion and pooling layer blocks, coupled with batch normalisation post 
blocks [77].

Mob.V3 is a small architecture recognised as the latest and most 
compact variant among the MobileNet family. This family features 
lightweight CNN architectures tailored for mobile and embedded de-
vices. These models leverage depthwise separable convolutions to re-
place traditional convolution layers, thereby reducing computational 
overhead and model size without sacrificing accuracy [78].

Inc.v3, a successor to GoogLeNet, is founded on Inception lay-
ers, wherein each block constitutes a set of convolution layers ac-
commodating filters ranging from 1𝑥1 to 5𝑥5. This design facilitates 
learning across multiple scales and adopts global average pooling over 
traditional max-pooling, alongside factorised, smaller, and asymmet-
ric convolutions, supplemented by an auxiliary classifier for network 
regularisation [79,80].

Den.121 is part of the DenseNet family, introduced to address the 
constraint in traditional CNNs where the number of layers (𝐿) equals 
the number of connections. This architecture introduces 𝐿(𝐿 + 1)∕2
connections, wherein the output of each layer serves as input to all 
subsequent layers. The number of filters in each convolution layer 
dynamically varies based on the growth rate parameter, 𝑘, thereby 
influencing the overall parameter count; 𝑘 is set to 32 in the original 
work [81].

ViT stands as the pioneering transformer-based architecture pro-
posed for CV tasks [82]. It leverages a self-attention mechanism, sup-
planting traditional convolution layers with self-attention layers. Im-
ages are partitioned into non-overlapping patches of fixed size and pro-
cessed sequentially through transformer layers, thus furnishing spatial 
information to the model.

Swin, an advancement over the ViT model, addresses the challenge 
of long-range dependencies by employing a hierarchical self-attention 
6 
mechanism. It adopts a shifted window approach for patch division, 
allowing overlapping patches to capture more contextual informa-
tion. The resulting features are aggregated using Swin blocks, thereby 
encompassing both local and global dependencies [83].

4.2. Datasets

In our study, we deliberately opted to use four well-established and 
publicly available datasets to ensure the integrity and generalisability 
of our results across diverse data compositions. Several datasets for 
WBC subtype classification exist within the literature, yet certain limita-
tions hinder their suitability for our comparative analysis. For instance, 
the LISC dataset [84], while commonly employed in related studies [12,
13,85], exhibits a notably low image count for each WBC subtype, 
typically around 50 images per class. Similarly, the BCCD dataset lacks 
representation of basophiles, further limiting its applicability in our 
investigation [13].

To circumvent these constraints and foster a comprehensive evalu-
ation framework, we selected datasets encompassing a broader spec-
trum of WBC classes with substantial image counts. Subsequently, 
we eliminated or grouped the classes in advance according to the 
classes pertinent to our study. Such a selection strategy aims to mit-
igate biases stemming from dataset composition and to facilitate a 
robust comparison among the performance of different classification 
approaches.

The Raabin-WBC (from now on Raabin) is an open-access dataset 
obtained from samples originating from different laboratories in Iran, 
with each sample undergoing Giemsa staining. The obtained images 
were subject to labelling and processing to create various subsets 
tailored for specific tasks. Our primary focus was on a subset that com-
prises 1,145 single-cell images standardised to dimensions of 575 × 575 
pixels for the five main WBC classes: lymphocytes (242), monocytes 
(242), neutrophils (242), eosinophils (201), and basophils (218) [5].
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The AML-Cytomorphology-LMU (from now on AML) dataset
presents a comprehensive single-cell collection encompassing leuko-
cytes from both AML patients (100) and non-malignant controls (100) 
collected at Munich University Hospital between 2014 and 2017. It 
comprises 18,365 expert-identified single-cell images with dimensions 
400 × 400 categorised into 15 distinct single-cell image classes, with 
four dedicated to leukaemic cells and the remaining eleven representing 
healthy WBCs [28]. For this study, we focused on the five main WBC 
classes. To this end, we grouped 8,484 segmented neutrophils and 109 
band neutrophils under a unified neutrophil class, and merged 3,937 
typical lymphocytes with 11 atypical lymphocytes into a single lym-
phocyte class. The resulting class distribution is as follows: neutrophils 
(8,593), lymphocytes (3,948), monocytes (1,789), eosinophils (424), 
and basophils (79).

The PBC dataset comprises 17,092 single-cell images collected at 
the Core Laboratory of Hospital Clinic of Barcelona from 2015 to 
2019, using the CellaVision DM96 analyser. The obtained images, sized 
360 × 363 pixels, have been categorised meticulously annotated by ex-
pert clinical pathologists into eight groups representing normal WBCs: 
neutrophils, eosinophils, basophils, lymphocytes, monocytes, immature 
granulocytes, erythroblasts, and thrombocytes. For the purpose of this 
study, we considered again the five main WBC classes: neutrophils 
(3,329), eosinophils (3,117), basophils (1,218), lymphocytes (1,214), 
and monocytes (1,420) [30,86].

The LDWBC dataset consists of 22,645 single-cell images that origi-
nate from 150 microscope slides belonging to 150 healthy individuals. 
The blood samples were stained using Wright-Giemsa and automati-
cally scanned by a light microscope equipped with OLYMPUS BX41 
and OLYMPUS Plan 𝑁 100x/1.25 to generate the corresponding digital 
images [75]. Finally, the single WBCs were cropped into images sized 
1280 × 1280 pixels and categorised as follows: basophil (224), mono-
cyte (968), eosinophil (539), neutrophil (10,469), and lymphocyte 
(10,445).

A sample image for each dataset and each WBC subtype is shown 
in Fig.  1.

4.3. Experimental setup

The DL architectures utilised in this study were initially pre-trained 
on the widely recognised natural image dataset, ImageNet [87], before 
being adapted to medical image tasks. This adaptation process followed 
a well-established procedure for transfer learning and fine-tuning DL 
models, as outlined in prior literature [88]. During this adaptation, all 
DL layers were preserved except for the final fully-connected layer, 
which was replaced with a new layer initialised and configured to 
accommodate the specific object categories relevant to our study.

To simulate real-world scenarios, each of the aforementioned
datasets was conceptualised as a distinct haematological research cen-
tre, housing patient-related data. The performance of traditional cen-
tralised, fully supervised setups was compared with that of DCML tech-
niques by forming collaborative groups consisting of pairs of datasets. 
A visual representation of the experimental design is presented in Fig. 
2. In this setup, models involved in early and late fusion were trained 
independently on local data and later transmitted to a central server 
using asynchronous communication for post-hoc aggregation—model 
weights in the case of early fusion, and predictions in the case of late 
fusion. More in detail, in the early fusion setup, each client trains 
an identical model architecture on its local dataset independently. 
After local training, the models’ parameters (PyTorch state_dicts) are 
aggregated by computing the element-wise average of corresponding 
weights: 𝜃fused = 1

2 (𝜃𝐴 + 𝜃𝐵) In the late fusion setup, models are still 
trained independently on local data, but after local training, they are 
used to create a new model with multiple branches and with a new 
final layer that averages the probability distribution over the classes 
produced by each branch, using the following equation: 𝑝 (𝑥) =
fused
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1
2

(

𝑝𝐴(𝑥) + 𝑝𝐵(𝑥)
) (x) are the softmax outputs of models A and B, respec-

tively. In contrast, models in the FL setup were trained concurrently, 
following a synchronous update scheme using the FedAVG algorithm.

Cross-dataset experiments were conducted to assess the generalisa-
tion capabilities of the DCML approaches under consideration. Each 
dataset was alternately designated as the target (testing) dataset in 
these experiments, while the others were combined to form the source 
(training) set. To ensure a fair comparison and enable direct com-
parison on the same testing partition, all mentioned datasets were 
partitioned into three fixed subsets: training, validation, and testing 
sets, constituting 60%, 20%, and 20% of the original dataset sizes, 
respectively. A stratified sampling procedure was employed to main-
tain the original data distribution. Given the inherent class imbalance 
present in several of the datasets, such as the limited number of 
basophils in AML (only 79 instances), we applied a weighted random 
sampling strategy during training. This ensured that each mini-batch 
contained a balanced representation of all classes, regardless of their 
frequency in the original data. This reweighting was applied exclusively 
to the training set, so as not to influence validation or test metrics. 
Furthermore, to reduce overfitting risks and increase generalisability, 
we applied a data augmentation pipeline, also restricted to the training 
set, which included random rotation, horizontal and vertical flipping, 
centre cropping, Gaussian blurring, and colour jitter.

All experiments were conducted on a single machine featuring an 
Intel(R) Xeon(R) CPU E5-2670 v3 @2.30 GHz CPU, 128 GB RAM, 
and NVIDIA Quadro 24 GB GPU. Training processes were executed for 
a maximum of 100 epochs, with early stopping based on validation 
performance. A batch size of 32, Stochastic Gradient Descent (SGD) 
optimiser, and a learning rate of 0.001 were employed throughout the 
training procedures. Although the FL experiments were conducted on 
a single physical machine, they were implemented using the Flower 
framework [89], which provides a modular and extensible infrastruc-
ture for both simulated and real-world FL deployments. This choice 
enables a faithful orchestration of client–server interactions, including 
weight transmission, aggregation, and synchronous updates, thereby 
offering a realistic simulation of federated training dynamics. While 
the current setup does not model real-world issues such as variable 
network conditions, communication delays, or system unreliability, it 
offers a controlled environment for benchmarking collaborative learn-
ing strategies. The use of Flower ensures that our implementation 
remains directly transferable to a distributed deployment scenario.

5. Experimental results

In this section, we present the outcomes of our experimentation, 
divided into four subsections. We begin with a quantitative analysis 
in  Section 5.1, where we provide numerical assessments of the perfor-
mance metrics obtained from our models. Following this, in  Section 5.2 
we delve into a qualitative analysis, offering insights into the visual 
aspects and interpretability of our results. Next, we conduct a compre-
hensive comparison with the state of the art, juxtaposing our findings 
with existing methodologies in the field (see  Section 5.3). Finally, 
we discuss the results in  Section 5.4, wherein we critically analyse 
and interpret the implications of our results in the context of WBC 
classification.

5.1. Quantitative analysis

The results obtained on the benchmark datasets using the consid-
ered DL architectures are presented in Tables  2–5, where performance 
metrics including Accuracy (A), Precision (P), Recall (R), and F1-score 
(F1) are reported. These metrics are calculated individually for each 
class and subsequently aggregated using a weighted average procedure 
to derive a consolidated performance measure.

Remarkably, DCML approaches, with very few exceptions, exhibit 
superior performance compared to the centralised approach. Upon 
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Fig. 2. Visual representation of the experimental design.
Table 2
Cross-dataset performances (Accuracy - A, Precision - P, Recall - R and F1-score - F1) on the Raabin dataset of the CL techniques compared to the centralised approach. The 
column SOURCE reports the dataset (or datasets, indicated as D1 ∪ D2) contributing to the final model. The best performance for each architecture is highlighted in boldface.
 Traditional learning Collaborative learning
 SOURCE Centralised learning SOURCE Early fusion Late fusion Federated learning
 A P R F1 A P R F1 A P R F1 A P R F1  
 

Re
s.1
52 AML 64.2 79.9 64.2 56.4 AML ∪ PBC 65.5 81.6 65.5 58.7 65.9 79.7 65.9 59.0 66.8 81.0 66.8 61.0 

 PBC 63.3 67.8 63.3 60.2 AML ∪ LDWBC 59.4 82.4 59.4 50.2 58.1 51.3 58.1 48.3 72.5 74.8 72.5 70.7 
 LDWBC 44.5 43.5 44.5 36.0 PBC ∪ LDWBC 56.8 65.6 56.8 53.0 59.8 66.4 59.8 55.2 59.0 72.4 59.0 60.9 
 

M
ob
.V
3 AML 53.7 58.4 53.7 50.9 AML ∪ PBC 59.4 68.5 59.4 50.0 56.8 57.6 56.8 49.0 59.8 62.5 59.8 51.3 

 PBC 47.6 38.9 47.6 38.7 AML ∪ LDWBC 57.2 58.0 57.2 53.8 57.2 61.7 57.2 55.8 44.5 45.8 44.5 44.0 
 LDWBC 32.3 47.7 32.3 31.8 PBC ∪ LDWBC 45.9 47.8 45.9 42.3 48.5 45.4 48.5 44.0 51.5 52.4 51.5 49.1 
 

In
c.
v3

AML 62.9 73.7 62.9 59.3 AML ∪ PBC 57.2 71.5 57.2 49.9 65.1 76.7 65.1 61.1 63.8 70.7 63.8 55.3 
 PBC 65.5 74.5 65.5 62.8 AML ∪ LDWBC 50.2 59.1 50.2 42.4 55.0 67.5 55.0 49.4 73.8 79.9 73.8 69.9 
 LDWBC 45.0 51.0 45.0 37.6 PBC ∪ LDWBC 45.9 48.1 45.9 40.5 58.1 70.3 58.1 54.6 68.1 69.5 68.1 65.9 
 

De
n.
12
1 AML 40.2 60.4 40.2 31.9 AML ∪ PBC 45.4 57.8 45.4 41.5 52.8 59.3 52.8 46.1 64.6 82.9 64.6 58.1 

 PBC 63.8 67.6 63.8 60.5 AML ∪ LDWBC 35.8 40.4 35.8 29.4 46.7 60.9 46.7 37.7 67.2 78.6 67.2 64.9 
 LDWBC 51.5 62.0 51.5 45.3 PBC ∪ LDWBC 49.3 59.7 49.3 46.5 59.8 69.1 59.8 57.8 56.3 62.6 56.3 54.3 
 

Vi
T

AML 65.5 67.0 65.5 61.6 AML ∪ PBC 64.6 65.7 64.6 61.0 68.1 71.5 68.1 64.7 72.9 79.7 72.9 68.7 
 PBC 68.1 74.0 68.1 63.9 AML ∪ LDWBC 66.4 68.2 66.4 64.1 66.8 70.1 66.8 63.9 71.6 70.9 71.6 67.3 
 LDWBC 59.8 63.6 59.8 57.9 PBC ∪ LDWBC 69.4 76.2 69.4 67.4 68.1 72.9 68.1 64.5 73.4 76.4 73.4 71.8 
 

Sw
in

AML 63.3 66.4 63.3 55.6 AML ∪ PBC 62.4 76.5 62.4 52.9 65.9 79.3 65.9 58.0 72.9 78.2 72.9 70.1 
 PBC 67.7 77.1 67.7 61.5 AML ∪ LDWBC 68.6 79.6 68.6 62.2 69.4 81.5 69.4 63.9 77.3 79.7 77.3 77.1 
 LDWBC 71.2 74.2 71.2 69.6 PBC ∪ LDWBC 74.7 80.0 74.7 72.2 72.5 79.5 72.5 69.0 70.7 77.0 70.7 70.1 
comparing the three DCML approaches, FL consistently achieves supe-
rior performance. Moreover, FL demonstrates a smaller decline when 
the PBC dataset is the target. In this scenario, both early and late 
fusion approaches show a decrease in performance comparable to the 
centralised method, whereas FL displays a less pronounced decrease.

To further highlight these trends, Fig.  3 presents a box plot depicting 
the accuracy values obtained by all DL models trained using both cen-
tralised and DCML approaches, tested across the four target datasets. 
The efficacy of DCML methods in narrowing the confidence interval 
of predictions, thereby yielding more stable outcomes, is noteworthy. 
Notably, FL demonstrated superior performance across most instances, 
except for results obtained on the Raabin dataset, despite achieving the 
highest accuracy values.

A salient observation is the enhancement of model generalisation 
achieved through DCML methods, leading to heightened robustness in 
predictions. Notably, early fusion demonstrated advantages over the 
centralised approach; however, its static strategy for combining infor-
mation limits its effectiveness in cross-dataset evaluation scenarios. In 
contrast, the most promising results were obtained using late fusion and 
FL approaches. The latter, in particular, benefits from iterative train-
ing across distributed clients, enabling the integration of diverse data 
8 
representations over time, which consistently enhances classification 
performance.

The outcomes presented in Tables  2–5 unveil a notable trend: 
when incorporating the PBC dataset within the source, there is an 
observable enhancement in performance. This observation suggests 
that the PBC dataset encompasses considerable variability and pos-
sesses the capability to effectively represent diverse image acquisition 
systems/methodologies, thus exhibiting heightened potential for gen-
eralisation. Conversely, when the PBC serves as the target dataset, 
performance demonstrates increased variability, as exemplified more 
distinctly in Fig.  3.

Another consideration is that across most cross-dataset evaluations, 
FL consistently achieves the highest performance across all metrics, 
including recall, F1-score, and precision. Naturally, the outcomes are 
contingent upon the specific training datasets and the employed DL 
model, and variations arise when altering either of these parameters. 
Furthermore, under the test condition involving the InceptionV3 neural 
network trained with the Raabin and LDWBC datasets and tested on 
the PBC dataset, objective metrics indicate that one of the FL’s rela-
tively inferior results (A= 63.6%,P = 57.7%, R=63.6%, and F1=56.3%) 
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Table 3
Cross-dataset performances (Accuracy - A, Precision - P, Recall - R and F1-score - F1) on the AML dataset of the CL techniques compared to the centralised approach. The column 
SOURCE reports the dataset (or datasets, indicated as D1 ∪ D2) contributing to the final model. The best performance for each architecture is highlighted in boldface.
 Traditional learning Collaborative learning
 SOURCE Centralised learning SOURCE Early fusion Late fusion Federated learning
 A P R F1 A P R F1 A P R F1 A P R F1  
 

Re
s.1
52 Raabin 76.8 77.7 76.8 77.1 Raabin ∪ PBC 71.1 79.7 71.1 70.3 84.0 85.6 84.0 84.0 78.4 85.1 78.4 78.5 

 PBC 73.2 80.5 73.2 72.9 Raabin ∪ LDWBC 71.1 77.6 71.1 69.9 76.3 80.1 76.3 74.8 72.7 81.2 72.7 72.4 
 LDWBC 66.5 78.7 66.5 62.8 PBC ∪ LDWBC 83.0 87.3 83.0 82.6 86.1 87.5 86.1 85.7 83.5 85.1 83.5 83.4 
 

M
ob
.V
3 Raabin 44.3 65.6 44.3 43.9 Raabin ∪ PBC 74.7 77.9 74.7 75.7 66.0 76.1 66.0 62.6 82.5 83.7 82.5 82.6 

 PBC 69.1 73.9 69.1 66.6 Raabin ∪ LDWBC 56.7 62.5 56.7 54.1 54.1 53.0 54.1 50.7 64.9 73.3 64.9 64.3 
 LDWBC 52.1 47.5 52.1 46.3 PBC ∪ LDWBC 72.7 75.1 72.7 72.9 63.4 52.1 63.4 56.5 70.1 75.0 70.1 68.5 
 

In
c.
v3

Raabin 71.1 77.7 71.1 73.3 Raabin ∪ PBC 83.0 84.2 83.0 83.4 84.5 86.6 84.5 84.9 77.8 84.2 77.8 77.7 
 PBC 77.8 81.3 77.8 76.7 Raabin ∪ LDWBC 75.3 77.2 75.3 73.3 80.4 82.0 80.4 79.8 70.1 78.1 70.1 69.0 
 LDWBC 67.5 75.6 67.5 65.5 PBC ∪ LDWBC 74.7 79.8 74.7 74.5 79.4 83.5 79.4 78.5 75.3 82.4 75.3 74.8 
 

De
n.
12
1 Raabin 77.8 77.7 77.8 76.0 Raabin ∪ PBC 85.1 85.6 85.1 84.3 87.1 88.1 87.1 86.7 90.7 90.9 90.7 90.7 

 PBC 74.7 80.7 74.7 74.4 Raabin ∪ LDWBC 76.8 81.1 76.8 75.9 83.0 85.2 83.0 80.9 82.5 84.4 82.5 81.8 
 LDWBC 78.4 82.4 78.4 75.8 PBC ∪ LDWBC 81.4 85.7 81.4 81.2 85.6 88.0 85.6 85.1 85.1 87.2 85.1 85.1 
 

Vi
T

Raabin 56.7 67.1 56.7 56.7 Raabin ∪ PBC 71.6 75.3 71.6 72.1 62.9 74.8 62.9 62.3 83.5 85.5 83.5 83.9 
 PBC 64.9 79.0 64.9 65.2 Raabin ∪ LDWBC 66.0 74.3 66.0 64.4 63.4 74.3 63.4 61.7 69.6 76.1 69.6 69.2 
 LDWBC 58.8 70.0 58.8 56.0 PBC ∪ LDWBC 68.6 76.4 68.6 67.5 64.9 75.7 64.9 64.1 75.8 82.2 75.8 76.1 
 

Sw
in

Raabin 62.9 70.2 62.9 63.3 Raabin ∪ PBC 68.6 72.6 68.6 67.6 68.6 75.8 68.6 67.5 82.0 84.6 82.0 82.2 
 PBC 69.6 75.8 69.6 67.5 Raabin ∪ LDWBC 60.8 73.6 60.8 58.1 65.5 76.9 65.5 60.5 81.4 83.8 81.4 80.2 
 LDWBC 58.8 71.9 58.8 51.0 PBC ∪ LDWBC 63.9 77.5 63.9 58.7 68.6 77.9 68.6 63.0 79.9 83.4 79.9 80.4 
Table 4
Cross-dataset performances (Accuracy - A, Precision - P, Recall - R and F1-score - F1) on the PBC dataset of the CL techniques compared to the centralised approach. The column 
SOURCE reports the dataset (or datasets, indicated as D1 ∪ D2) contributing to the final model. The best performance for each architecture is highlighted in boldface.
 Traditional learning Collaborative learning
 SOURCE Centralised learning SOURCE Early fusion Late fusion Federated learning
 A P R F1 A P R F1 A P R F1 A P R F1  
 

Re
s.1
52 Raabin 40.1 50.6 40.1 32.4 Raabin ∪ AML 40.9 56.4 40.9 32.7 41.7 55.8 41.7 32.5 50.0 77.7 50.0 41.4 

 AML 43.8 70.3 43.8 34.5 Raabin ∪ LDWBC 47.5 54.1 47.5 37.2 44.6 54.9 44.6 33.5 65.3 78.4 65.3 61.1 
 LDWBC 52.5 54.0 52.5 44.2 AML ∪ LDWBC 49.6 78.2 49.6 39.1 47.1 56.9 47.1 36.6 75.2 84.5 75.2 70.4 
 

M
ob
.V
3 Raabin 55.0 55.6 55.0 48.4 Raabin ∪ AML 80.2 83.0 80.2 79.8 68.2 77.9 68.2 65.4 71.5 81.1 71.5 67.4 

 AML 71.1 78.7 71.1 70.1 Raabin ∪ LDWBC 50.8 56.6 50.8 40.9 43.4 40.9 43.4 35.5 45.5 57.7 45.5 34.7 
 LDWBC 33.5 47.8 33.5 25.4 AML ∪ LDWBC 68.2 78.1 68.2 61.6 62.8 77.8 62.8 58.4 55.4 73.0 55.4 46.1 
 

In
c.
v3

Raabin 47.5 47.5 47.5 39.5 Raabin ∪ AML 42.6 32.9 42.6 32.5 53.7 71.0 53.7 42.7 38.0 39.3 38.0 25.4 
 AML 40.9 68.2 40.9 32.3 Raabin ∪ LDWBC 38.8 26.3 38.8 23.5 39.3 25.0 39.3 26.7 63.6 57.7 63.6 56.3 
 LDWBC 25.2 15.8 25.2 14.1 AML ∪ LDWBC 24.8 17.2 24.8 13.7 31.8 19.5 31.8 20.8 59.5 71.7 59.5 57.2 
 

De
n.
12
1 Raabin 41.3 55.6 41.3 34.2 Raabin ∪ AML 33.1 34.9 33.1 21.3 35.1 16.2 35.1 21.3 62.8 79.4 62.8 59.2 

 AML 27.3 11.0 27.3 15.5 Raabin ∪ LDWBC 56.6 72.5 56.6 50.8 63.2 80.8 63.2 59.4 69.8 80.2 69.8 68.7 
 LDWBC 82.2 85.7 82.2 81.2 AML ∪ LDWBC 46.7 57.9 46.7 37.9 55.0 78.4 55.0 45.4 62.0 78.6 62.0 59.3 
 

Vi
T

Raabin 59.9 58.4 59.9 54.5 Raabin ∪ AML 71.1 74.7 71.1 69.2 76.4 81.2 76.4 75.6 64.0 75.5 64.0 62.7 
 AML 79.3 83.4 79.3 78.9 Raabin ∪ LDWBC 72.3 78.5 72.3 69.3 69.4 82.5 69.4 66.6 70.2 80.2 70.2 68.2 
 LDWBC 63.6 77.7 63.6 61.7 AML ∪ LDWBC 70.7 79.5 70.7 66.6 83.5 86.4 83.5 82.7 84.3 87.2 84.3 83.6 
 

Sw
in

Raabin 60.3 61.8 60.3 54.2 Raabin ∪ AML 62.8 69.3 62.8 58.6 60.3 69.0 60.3 52.3 74.8 80.6 74.8 73.5 
 AML 52.9 72.9 52.9 43.4 Raabin ∪ LDWBC 61.2 76.1 61.2 57.1 67.4 81.2 67.4 64.7 75.2 81.2 75.2 74.4 
 LDWBC 71.9 82.6 71.9 71.4 AML ∪ LDWBC 54.1 74.8 54.1 48.0 59.5 78.0 59.5 55.2 92.1 93.3 92.1 92.0 
outperforms both early and late fusion approaches. Across the major-
ity of evaluations, FL exhibits superior performance compared to the 
other two DCML methods, showcasing enhanced generalisation and 
robustness against variations in datasets.

5.2. Qualitative analysis

To conduct a qualitative assessment of the compared methods, we 
engaged in a visual examination of the quality of features extracted 
from the intermediate layers of the models, as well as the resulting acti-
vation maps. For brevity, our analysis focuses exclusively on the results 
obtained with Res.152, which exhibited superior performance under 
the conventional centralised approach. This selection allows for more 
precise insights into the advantages offered by the DCML paradigm. 
Notably, we exclude the Late Fusion approach from our analysis, as it 
involves fusion at the final layer, resulting in data extracted from the 
intermediate layers identical to those of the centralised approach.
9 
Initially, we explore the distribution of features through t-SNE [90], 
aiming to assess the models’ capability in clustering cells of the same 
class while simultaneously separating cells of different classes. The 
plot in Fig.  4 includes features from various target datasets to gauge 
generalisation capabilities. Markers of the same colours forming dis-
tinct groups represent cells of the same class with notable similarity in 
embedding space. Our observations indicate that while the centralised 
approach achieves high intra-class clustering, it fails to introduce mean-
ingful separation between cells of different classes. The early fusion 
technique exhibits more meaningful separation, albeit with scattered 
records and less well-defined clusters of cells of the same class. Con-
versely, the FL technique strikes a better balance between intra-class 
clustering and inter-class separability.

Additionally, to offer a visual explanation for the decisions made 
by the DL models and enhance transparency, we extracted the Class 
Activation Map (CAMs) from each dataset, again using the Res.152 
architecture, which, as mentioned before, exhibited superior perfor-
mance under the conventional centralised approach. Given the clinical 
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Table 5
Cross-dataset performances (Accuracy - A, Precision - P, Recall - R and F1-score - F1) on the LDWBC dataset of the CL techniques compared to the centralised approach. The 
column SOURCE reports the dataset (or datasets, indicated as D1 ∪ D2) contributing to the final model. The best performance for each architecture is highlighted in boldface.
 Traditional learning Collaborative learning
 SOURCE Centralised learning SOURCE Early fusion Late fusion Federated learning

A P R F1 A P R F1 A P R F1 A P R F1  

Re
s.1
52 Raabin 53.3 55.5 53.3 49.0 Raabin ∪ AML 52.9 54.8 52.9 45.2 56.4 53.8 56.4 50.6 52.0 57.6 52.0 47.6 

AML 50.7 52.3 50.7 45.8 Raabin ∪ PBC 72.0 78.5 72.0 71.3 79.1 82.0 79.1 79.1 80.9 82.0 80.9 80.7 
PBC 79.1 81.1 79.1 78.2 AML ∪ PBC 70.2 79.5 70.2 67.3 72.4 82.0 72.4 71.4 59.6 75.5 59.6 57.7 

M
ob
.V
3 Raabin 47.6 62.1 47.6 46.3 Raabin ∪ AML 57.3 50.2 57.3 51.6 56.9 57.1 56.9 52.4 61.8 67.1 61.8 60.2 

AML 39.1 50.6 39.1 33.0 Raabin ∪ PBC 52.4 57.5 52.4 46.9 56.0 63.9 56.0 50.2 64.4 67.7 64.4 62.7 
PBC 57.8 71.9 57.8 52.8 AML ∪ PBC 66.7 71.8 66.7 65.3 67.6 73.5 67.6 66.6 60.9 68.2 60.9 56.5 

In
c.
v3

Raabin 51.6 60.4 51.6 52.1 Raabin ∪ AML 50.7 65.2 50.7 44.6 49.3 63.5 49.3 48.2 48.9 56.9 48.9 46.0 
AML 45.8 50.7 45.8 41.8 Raabin ∪ PBC 59.6 69.3 59.6 57.0 63.1 67.5 63.1 63.2 68.0 72.2 68.0 66.9 
PBC 59.1 61.7 59.1 59.0 AML ∪ PBC 58.7 50.3 58.7 52.7 57.3 64.8 57.3 56.6 63.6 74.8 63.6 63.3 

De
n.
12
1 Raabin 45.3 62.6 45.3 41.0 Raabin ∪ AML 40.9 40.2 40.9 33.4 43.1 50.3 43.1 37.1 61.3 67.7 61.3 61.0 

AML 40.9 38.2 40.9 33.0 Raabin ∪ PBC 57.8 73.0 57.8 56.1 60.4 76.0 60.4 59.8 56.0 73.8 56.0 55.1 
PBC 61.3 62.2 61.3 59.4 AML ∪ PBC 65.8 71.6 65.8 63.1 59.6 73.5 59.6 57.4 65.3 77.9 65.3 63.4 

Vi
T

Raabin 55.1 66.3 55.1 53.3 Raabin ∪ AML 51.1 55.5 51.1 47.8 60.9 71.7 60.9 60.0 49.8 68.9 49.8 44.9 
AML 62.7 75.1 62.7 61.9 Raabin ∪ PBC 62.2 69.2 62.2 60.9 65.8 74.2 65.8 65.1 63.6 72.6 63.6 63.9 
PBC 66.2 69.9 66.2 65.2 AML ∪ PBC 56.0 62.8 56.0 52.9 68.0 77.2 68.0 68.0 62.7 74.0 62.7 61.5 

Sw
in

Raabin 52.9 56.5 52.9 50.2 Raabin ∪ AML 50.7 59.6 50.7 44.2 52.9 56.9 52.9 46.1 69.3 73.2 69.3 64.2 
AML 44.9 40.5 44.9 35.8 Raabin ∪ PBC 52.4 60.4 52.4 46.7 58.7 63.7 58.7 55.4 62.7 67.1 62.7 61.1 
PBC 60.4 71.2 60.4 57.0 AML ∪ PBC 48.9 70.7 48.9 37.0 50.7 65.9 50.7 42.1 71.1 76.9 71.1 70.7 
ig. 3. Analysis of accuracy trend of the DCML techniques, compared to the centralised approach, on different target datasets. For brevity, we have reported the average performance 
f all DL architectures trained with the same SOURCE dataset (or datasets) reported in  Tables  2–5.
ig. 4. The two-dimensional projection obtained with t-SNE of the high-dimensional feature vectors extracted from the four target datasets by using the first convolutional layer 
f the fourth residual block of the Res.152 model obtained with the centralised approach (left), early fusion (centre) and FL (right).
G

mportance of relying on interpretable cues, such as cytoplasmic tex-
ure, nuclear shape, and granularity, we expect effective DL models to 

ocalise such regions in WBC images when making decisions. C

10 
We employed two algorithms to extract the CAMs, namely the 
radient-weighted CAM (Grad-CAM) algorithm [91] and the Eigen-

AM [92]. Both methods aim to highlight the regions in the input 
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Fig. 5. Comparison of the activation maps, computed with the Grad-CAM algorithm, on Raabin (a) and AML (b) datasets, from the Res.152 model trained with the dataset (or 
datasets, indicated as D1 ∪ D2) reported on the left, using the centralised learning (CL), early fusion (Early Fus.) and federated learning (FL) approaches.
image that most influence the model’s predictions, thus helping to 
assess whether predictions are grounded in relevant morphological 
and textural features of WBCs. Grad-CAM [91] is a gradient-based 
explainability technique that generates coarse localisation heatmaps 
by leveraging the gradients of the target class flowing into the final 
convolutional layer. These gradients are globally averaged and used 
as weights to produce a weighted combination of activation maps, 
highlighting the regions most relevant for a given prediction. On the 
contrary, Eigen-CAM [92] is a gradient-free alternative that constructs 
activation maps by performing Principal Component Analysis (PCA) 
over the activation tensors of convolutional layers. Specifically, the 
first principal component is projected back into the image space to 
form a saliency map. This method provides a stable, architecture-
agnostic visualisation that does not rely on backpropagation, making it 
particularly useful when gradient information is noisy or unavailable.

Even in this context, focusing on generalisation capabilities, we 
present cross-dataset results in Figs.  5 and 7 and Figs.  6 and 8. Each 
row displays activation maps of the same DL models trained with a 
source dataset or pair of datasets and tested with each of the aforemen-
tioned datasets. Contrary to expectations, DL models associated with 
the centralised approach, particularly evident in cross-dataset results 
with Grad-CAM, exhibit activations not solely focused on WBCs. How-
ever, early fusion and FL approaches alleviate this issue, with minimal 
inaccuracies observed in the activation maps. Indeed, Figs.  5 and 7 
show that the only imperfections consist of the maximum activation 
values not centred in the WBCs. These inaccuracies are minimal and, 
notably, FL demonstrates consistent activation map quality with both 
Grad-CAM and Eigen-CAM algorithms.

Compared to Grad-CAM, Eigen-CAM produced more visually stable 
and coherent activation patterns across domains and collaborative 
setups. However, while Grad-CAM more clearly highlighted differ-
ences between learning strategies (centralised, early fusion, and FL), 
Eigen-CAM maps were more uniform, indicating that despite the train-
ing differences, the models consistently focused on morphologically 
relevant regions, neglecting irrelevant or artefactual features.
11 
5.3. Comparison with related work

It is imperative to highlight that this comparative analysis does 
not aim to propose a specialised neural network for WBC subtypes 
classification; rather, it focuses on enhancing the generalisation of 
existing (including ad hoc) architectures when confronted with domain 
shift.

In this context, very few studies have conducted cross-dataset ex-
periments on heterogeneous datasets to evaluate the generalisation 
capacity of their methodologies [15]; also, some methods have different 
prerogatives [14,38,54,55].

In the study conducted by Salehi et al. [15], the authors proposed 
a novel approach for extracting features from WBCs in PBS, based on 
a cross-domain adapted autoencoder to address domain shifts, called 
AutoEncoder-based Cell Feature Extractor (AE-CFE). After extracting 
features in an unsupervised manner, the approach was trained on AML 
and tested on PBC, and vice versa. The method obtained performance of 
21.90% and 45.10% in terms of accuracy, resulting in lower accuracy 
than the used approach.

Among the works with different objectives, Tummala et al. [38] 
proposed a Siamese twin network (STN) model using EfficientNet-B3 
as the base model for WBC classification in various few-shot scenarios. 
Additionally, Sadafi et al. proposed a continual learning approach for 
class incremental and domain incremental scenarios in WBC classifica-
tion, involving the merging of two public datasets, PBS and AML, along 
with a private one [54].

For these reasons, in Table  6 we present a comprehensive summary 
of existing research results on the same datasets considered in this 
study, outlining their methodologies and corresponding accuracies.
Datasets results. In the PBC dataset, a notable spectrum of accura-
cies is observed among the methodologies. Particularly, the feature 
extraction technique known as LeuFeatx, paired with the XGBoost 
classifier, yields the lowest accuracy of 92.00% [32]. Conversely, the 
ML-CNN [31] achieves the highest accuracy of 99.72%, surpassing all 
other approaches examined in this dataset.

In the case of the Raabin dataset, the ML-CNN similarly exhibits 
exceptional performance, attaining an accuracy of 99.22% [31], closely 
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Fig. 6. Comparison of the activation maps, computed with the Eigen-CAM algorithm, on Raabin (a) and AML (b) datasets, from the Res.152 model trained with the dataset (or 
datasets, indicated as D1 ∪ D2) reported on the left, using the centralised learning (CL), early fusion (Early Fus.) and federated learning (FL) approaches.
Fig. 7. Comparison of the activation maps, computed with the Grad-CAM algorithm, on PBC (a) and LDWBC (b) datasets, from the Res.152 model trained with the dataset (or 
datasets, indicated as D1 ∪ D2) reported on the left, using the centralised learning (CL), early fusion (Early Fus.) and federated learning (FL) approaches.
trailed by ResNext50 [5] with 99.17%. These findings underscore the 
efficacy of tailored CNNs in WBC classification tasks, even though the 
method with the least accuracy on this dataset is WBCaps, achieving 
92.74%.

To our knowledge, only one method has been tested on the LDWBC 
dataset [75]. This method amalgamates ResNet-50 and DenseNet-121, 
achieving an accuracy of 97.84%.

Moving to the AML dataset, Ghost-ResNeXt attains the highest 
accuracy of 98.61% [43], closely followed by DCNN with 98.27% [93]. 
12 
Conversely, the lowest accuracy on this dataset is recorded with the 
DCAE method, achieving 93.12% [94].

Generalisation results discussion. Transitioning to a broader discussion, 
as emphasised by Table  6 it is pertinent to underscore that on the 
one hand the various methodologies within this domain are specifically 
tailored to represent and classify WBCs. On the other hand, only one 
work in this domain conducted a cross-dataset evaluation, a critical 
aspect for assessing the generalisation capabilities of methodologies.
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Fig. 8. Comparison of the activation maps, computed with the Eigen-CAM algorithm, on PBC (a) and LDWBC (b) datasets, from the Res.152 model trained with the dataset (or 
datasets, indicated as D1 ∪ D2) reported on the left, using the centralised learning (CL), early fusion (Early Fus.) and federated learning (FL) approaches.
Table 6
Overview of existing works in this context with key insights from the proposed methods.
 DS Method Year Accuracy (%) 
 

PB
C

VGG-16 [30] 2019 96.20  
 ShuffleNet [95] 2020 97.94  
 BloodCaps (Capsule Network) [37] 2021 99.30  
 ResNext [15] 2022 85.70  
 LeuFeatx + XGBoost [32] 2022 92.00  
 EfficientNetV2 B0 [96] 2023 93.00  
 MedVIT-L [41] 2023 95.40  
 FeSViBS [40] 2023 93.60  
 Siamese twin network (STN) [38] 2023 97.25  
 EnsDA_Mix (with DenseNet-201) [42] 2023 99.47  
 RCMNet [39] 2023 99.63  
 Multibranch Lightweight CNN (ML-CNN) [31] 2024 99.72  
 

Ra
ab
in

WBCaps [97] 2020 92.74  
 NucSegNet [98] 2020 93.08  
 Shape and Color features + SVM [33] 2021 94.65  
 CNNDC [34] 2021 93.41  
 ResNext50 [5] 2022 99.17  
 ResNet50 + DenseNet121 [75] 2022 98.71  
 DRFA-Net [36] 2022 95.17  
 DeepViT [9] 2023 97.00  
 Meta-Learning Methodology (MeLM) [99] 2023 98.29  
 VGG-16 [12] 2023 98.75  
 Color invariance + ResNet50 [44] 2024 97.80  
 ML-CNN [31] 2024 99.22  

 

LD
W
BC

ResNet50 + DenseNet121 [75] 2022 97.84  

 

AM
L

Random forest [100] 2020 93.40  
 Deep Convolutional Neural network (DCNN) [93] 2021 98.27  
 ResNext [28] 2022 96.10  
 XGBoost [101] 2022 97.57  
 Ghost-ResNeXt [43] 2023 98.61  
 Deep convolutional autoencoder (DCAE) [94] 2023 93.12  
 Model and Data Heterogeneity in FL (MDH-FL) [63] 2024 81.69  
In particular, Tsutsui et al. [12] focuses on assessing the perfor-
mance of WBCs classification under domain shift. They achieve this 
objective by training two established CNNs, namely ResNet-50 and 
13 
VGG-16, on the Raabin dataset and subsequently evaluating their per-
formance on both Raabin and the LISC dataset. The study highlights the 
challenge of poor generalisation exhibited by the ResNet classifier when 
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faced with domain shifts, as evidenced by the model’s inferior perfor-
mance when trained on Raabin and tested on LISC. This is attributed 
to the utilisation of batch normalisation in ResNet. To address this 
limitation, the authors propose the adoption of group normalisation, 
which yields results comparable to those obtained with VGG-16, a 
model devoid of batch normalisation layers.

As previously mentioned in  Section 2, we identified two studies 
that applied FL methodologies for WBC classification [63,64]. Both 
studies focused their evaluation on single datasets and employed non-
IID strategies to partition the data among different clients. However, 
they did not explore cross-dataset scenarios or account for domain 
shifts. The studies aimed to classify known classes and identify un-
known classes separately, whereas our current investigation focuses on 
recognising five distinct WBC subtypes across different datasets while 
addressing domain shifts.

Without aiming for a direct point-by-point comparison, it is note-
worthy that our study achieves accuracies comparable to local (non-FL) 
methods. This achievement is significant as it allows for privacy preser-
vation while relating multiple clients with heterogeneous datasets, 
thus highlighting the potential of our approach in real-world scenarios 
where data privacy [19,20] and diverse data sources are paramount 
concerns.

Some examples in this context are given by the authors in [9], where 
they addressed WBC classification utilising the Raabin dataset and the 
DeepViT neural network, an enhanced iteration of the ViT network 
utilised in this investigation. Nonetheless, their methodology did not 
undergo evaluation through cross-dataset validation. Furthermore, our 
experiments indicate that when this neural network is solely trained 
on the Raabin dataset, its performance substantially declines to below 
60% across all metrics considered (see Tables  2–5).

Similarly, in [75], the authors integrated the strengths of ResNet 
and DenseNet modules to enhance feature representation and incorpo-
rated a spatial and channel attention module (SCAM) to augment the 
model’s discriminative prowess for WBC nucleus characterisation. They 
evaluated their approach on LDWBC and Raabin datasets, achieving 
respective accuracy scores of 97.84% and 98.71%, precision values 
of 91.61% and 97.18%, recall scores of 96.38% and 98.42%, and F1-
scores of 93.82% and 97.78%. Regrettably, the authors did not subject 
their approach to cross-dataset assessment. Nevertheless, given their 
method’s adept fusion of DenseNet and ResNet architectures tailored 
for WBC classification, it facilitates a comparative analysis with our 
findings. As delineated in Tables  2–5, the results derived from the 
consolidated DenseNet and ResNet architectures fall short of those 
reported in the aforementioned study. However, as underscored by Ta-
bles  2–5, a centralised approach reduces neural networks’ abstraction 
capabilities, rendering them impractical for adaptation to alternate 
source datasets or validation with new WBC images. Consequently, FL 
and DCML methods could potentially enhance the applicability and 
utility of previously proposed neural networks in real-world scenarios, 
catering to diverse medical centres and assisting biologists in WBC 
classification endeavours.

5.4. Discussion

It appears from the above quantitative and qualitative results that FL 
stands out from the other approaches. It should also be noted that this 
average increase in performance corresponds to an increase in costs, 
not only related to computational costs but also to communications and 
security, even when FedAVG is used as an optimisation method. Indeed, 
it requires the establishment of prolonged private and secure commu-
nication between the clients and the server, which are responsible for 
training and data aggregation/fusion, respectively.

During the training of the models with a centralised approach, we 
found that the timings vary from an average (there are variabilities due 
to the size of the dataset used) of 38 m for Mob.v3, which is the lightest 
architecture to 8h2 m for Swin, which is the heaviest architecture. It 
14 
should be remembered that these timelines also apply to early fusion 
and late fusion approaches and simply need to be multiplied by 𝑛, 
i.e., the number of haematological research centres involved. Indeed, 
for these DCML approaches, there is no continuous communication be-
tween different haematological research centres, but it can be assumed 
that a single communication is established to consolidate a single model 
(in the case of early fusion) or to exchange the weights of the other 𝑛−1
branches that make up the final model (in the case of late fusion).

When training the models with FL approach, we found that the 
timings vary from an average of 4h23 m for Mob.v3 to 14h22 m 
for Swin. These timelines indicate that the communication overhead 
greatly influences the overall timings for training. Considering what 
also emerged regarding the vulnerabilities related to the possibilities of 
reconstructing (even if partially) the training data [23,24], it becomes 
imperative to ensure the safeguarding of all nodes, fostering secure 
communication among them, which also increases the material costs 
for this purpose.

In addition, it should be mentioned that all approaches except late 
fusion result in a single consolidated model. This means that for this 
DCML approach, in which a new model with multiple branches is 
created, there are additional costs in the inference phase, proportional 
to the number of branches themselves.

Finally, in our analysis, we acknowledge that we opted for a value 
of 𝑛 = 2 due to constraints pertaining to time and resources. However, 
while increasing the number of nodes undergoing training would pos-
sibly prolong the training time, it is plausible to believe that greater 
involvement of blood research centres, thus expanding the number of 
datasets, could potentially further improve the generalisation capabili-
ties of the DCML system.

6. Conclusion

In this work, we revisited the DCML paradigm approach for WBC 
subtypes classification, originally proposed with different purposes, 
arguing that it can be a further effective solution against domain 
shift, besides existing solutions based on domain adaptation (either 
supervised or unsupervised) and domain generalisation. Under this 
viewpoint, DCML can be viewed as a domain generalisation approach 
which leverages the collaboration of different data sources in a privacy-
preserving setup. An extensive empirical evaluation of three well-
known DCML methods, the early and late fusion and FL approaches, 
on four benchmark WBC datasets, confirmed the effectiveness of the 
DCML paradigm, which turned out to outperform the classical cen-
tralised approach. Considering also that the proposed solution against 
domain shift is very general and model-agnostic, and can therefore be 
implemented on top of any classification system, its potential scope 
is broader than the one considered in this work: (i) Besides being an 
alternative to other methods against domain shift, it is also comple-
mentary to them and can be combined with them to improve their 
performance further; (ii) Similarly, it can also be used in application 
scenarios where the target and source domains coincide to improve 
the model’s effectiveness further; (iii) Finally, it can also be used in 
further medical applications affected by restrictive privacy-preserving 
policies like the one addressed in this work or even other non-medical 
applications (e.g., video surveillance). In this context, an interesting 
research direction for future work is to investigate the combination of 
the DCML paradigm and other methods against domain shift and assess 
DCML’s effectiveness in different medical applications or even tasks, 
i.e., image segmentation.
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