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ARTICLE INFO ABSTRACT

Keywords: Federated learning (FL) allows collaborative machine learning (ML) model training among decentralized
Federated learning clients’ information, ensuring data privacy. The decentralized nature of FL deals with non-independent
Machine learning and identically distributed (non-IID) data. This open problem has notable consequences, such as decreased

Non-IID data
Data heterogeneity quantification
Spatiotemporal skew

model performance and longer convergence times. Despite its importance, experimental studies systematically
addressing all types of data heterogeneity (a.k.a. non-IIDness) remain scarce. This paper aims to fill this
gap by assessing and quantifying the non-IID effect through an empirical analysis. We use the Hellinger
Distance (HD) to measure differences in distribution among clients. Our study benchmarks five state-of-the-
art strategies for handling non-IID data, including label, feature, quantity, and spatiotemporal skews, under
realistic and controlled conditions. This is the first comprehensive analysis of the spatiotemporal skew effect in
FL. Our findings highlight the significant impact of label and spatiotemporal skew non-IID types on FL model
performance, with notable performance drops occurring at specific HD thresholds. The FL performance is also
heavily affected, mainly when the non-IIDness is extreme. Thus, we provide recommendations for FL research
to tackle data heterogeneity effectively. Our work represents the most extensive examination of non-IIDness
in FL, offering a robust foundation for future research.

1. Introduction data heterogeneity) hinders model performance and convergence dur-

ing training [7,8]. Such non-IID data is classified into four categories:

In today’s digital age, the interaction of machine learning (ML) label, feature, quantity, and spatiotemporal skew [9].

and healthcare or financial data holds immense promise for improv- Spatiotemporal skew presents unique challenges that are particu-
ing disease diagnosis [1] and combating financial crimes [2]. These larly critical yet underexplored in FL research. This skew occurs when
advancements have traditionally relied on centralized learning (CL), data distributions vary across both geographical locations (spatial) and
such as Machine Learning as a Service (MLaaS) platforms — including periods (temporal) [10]. Such skew fundamentally differs from the
AWS, Azure, and Google Cloud [3] — where raw data is aggregated on label, feature, or quantity skew by introducing dynamic variations that
a central server for model training. However, it raises critical questions standard FL aggregation algorithms often fail to address [11]. Under-

about data privacy when dealing with sensitive information from hos-
pitals or banks. In this context, trusted research environments emerge
as a mechanism for balancing ML research and protecting individual
privacy [4,5].

Federated learning (FL) [6] has emerged as a transformative ap-
proach for training ML models across decentralized data sources, pre-
serving data privacy and security. This paradigm is particularly ben-
eficial in cross-silo settings, where entities such as hospitals, banks,
and other organizations collaborate without sharing sensitive data.
However, a significant challenge inherent in FL is the variation in data

distributions across clients, referred to as non-IID (Non-Independent S X )
and Identically Distributed) data. This non-IID data (i.e., non-IIDness, data, while higher values (e.g., 0.25, 0.5, 0.75, 0.9) represent increasing

standing spatiotemporal skew is crucial because it directly impacts the
model’s ability to generalize across diverse real-world environments
while maintaining temporal relevance, making it a key frontier for
robust FL systems.

Furthermore, diagnosing and quantifying the level of non-IID data
in FL is a significant challenge, as emphasized by Pei et al. [12] and
Li et al. [13], who identify critical research directions in this domain.
Numerous studies have introduced metrics to quantify the level of non-
IID data in FL [14-17], with the Hellinger Distance (HD) [18] emerging
as one of the most reliable options. HD = 0.0 corresponds to fully IID
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degrees of non-IID data, with HD = 0.9 approaching the most non-IID
scenario considered in our study. HD offers a fine-grained measurement
of distribution differences, achieving values close to 1 under extreme
non-IID conditions, unlike the Jensen-Shannon Distance (JSD), which
tends to plateau at lower levels. Furthermore, HD is versatile and
applicable across various types of skews.

Motivation. Recent advances in FL research have significantly ad-
vanced our understanding of non-IID data challenges, with notable
progress in addressing isolated aspects of heterogeneity such as la-
bel skew [19-21]. Based on this foundation, there is now a timely
opportunity to unify these insights through comprehensive empiri-
cal benchmarks that span the full spectrum of non-IID skews. While
pioneering theoretical frameworks [12,22] have established critical
mitigation principles, translating these into practice requires systematic
quantification of how diverse non-IID data types — from feature skew
to spatiotemporal drift — affect real-world FL performance metrics.
Closing this knowledge gap through rigorous experimental analysis will
empower the community to develop FL systems that are theoretically
sound and empirically robust across application domains.

Our study addresses this gap by using the HD to quantify differences
in client data distributions, enabling a rigorous empirical analysis of
non-IID effects across multiple dimensions, including label, feature,
quantity, and spatiotemporal skews. Throughout the assessment of
spatiotemporal skew, we capture the impact of dynamic data shifts over
time and space, which are particularly relevant in real-world applica-
tions such as banking credit risk [23] and personalized healthcare [24].
This approach ensures that our conclusions are robust and generalizable
across diverse scenarios.

Contribution. The subsequent points encapsulate the contributions of
our study:

1. We benchmark five of the most employed state-of-the-art aggre-
gation and client selection of FL algorithms to tackle non-IID
data distributions among clients under realistic, controlled, and
quantifiable methods for synthetic data partitioning and all non-
IID types (label, feature, quantity, and spatiotemporal skews).
Previous empirical works have focused on label skew [19-21]
or in combinations of label, feature, and quantity skew [25]
(see Section 2.1 for more details). Thus, this is the first study
empirically analyzing how the spatiotemporal skew affects the
performance of FL models.

2. We motivate using HD to quantify the differences among data
distributions, standardizing the guidelines for systematic studies
of non-IID data in FL. This is the first work to demonstrate
that the effect of the non-IID data is not the same under all
levels of heterogeneity. We use HD to quantify differences in
distribution as it provides more granular information, and we
leave as future work the exploration of other measures; see our
section on design insights and opportunities.

3. We provide a reference to researchers about which methods are
robust to which kind of non-IID data on highly benchmarked
datasets.

4. We give highlights and relevant recommendations for FL re-
searchers based on quantifying the level of non-IID data.

To the best of our knowledge, this is the most comprehensive and
complete empirical study of non-IID data and its effects on FL models.

Positioning within industrial information integration. This study con-
tributes to the Journal of Industrial Information Integration’s focus on
industrial non-IID data and privacy-preserving analytics by thoroughly
evaluating non-IID data effects in FL. FL is increasingly adopted in
industrial domains such as healthcare, intrusion detection in IoT,
and digital twins for industrial IoT, where data is distributed across
multiple silos and devices with inherent heterogeneity. Prior works
in this journal have addressed related challenges, including emotion
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recognition based on electroencephalography (EEG) as a crucial
research area in the Internet of Medical Things (IoMT) [26], federated
ensemble model for intrusion detection in distributed IoT networks
for enhancing cybersecurity [27], and adaptive optimization for FL
enabled digital twins in industrial IoT [28].

Our work advances these efforts by systematically quantifying the
impact of diverse non-IID data types on FL model performance using
the HD metric. Furthermore, we benchmark state-of-the-art aggrega-
tion and client selection algorithms, offering practical guidance for
deploying FL in industrial scenarios characterized by complex data
distributions. This positioning situates our research within the ongo-
ing scholarly conversation on industrial information integration and
FL, underscoring its significance for robust, privacy-aware industrial
analytics.

Ethical considerations in FL:. FL inherently aligns with ethical principles
related to data minimization and user privacy, as it allows individual
clients to retain their raw data locally. However, despite these benefits,
FL is not immune to ethical concerns. Potential privacy risks remain due
to model inversion or gradient leakage attacks [29], and there is a need
for transparency and informed consent when deploying FL in real-world
applications [30]. Future work must integrate privacy-preserving mech-
anisms (e.g., differential privacy [31], secure aggregation [32]) and
conduct rigorous audits to ensure ethical compliance in decentralized
learning scenarios [33].

2. Related work

In this section, we present recent studies that empirically evaluate
the behavior of non-IID data in FL. Additionally, we compare our work
with relevant surveys on non-IID data in FL.

2.1. Empirical studies

Studies that analyze and benchmark the performance of methods
to tackle the non-IID data effect on the FL models under controlled
and systematic scenarios are scarce. Nevertheless, in this section, we
introduce those works that, to some extent, provide empirical analysis
about the repercussions of non-IID data.

A study by Vahidian et al. [19] challenges conventional thinking
regarding non-IID data in FL. They posit that dissimilar data among
participants is not always detrimental and can be advantageous, and
we found similar results. Their argument centers on two main points:
firstly, that differences in labels (label skew) are not the sole determi-
nant of non-IID data, and secondly, that a more effective measure of
heterogeneity is the angle between the data subspaces of participating
clients. Complementary, we encompass a broader spectrum of non-IID data
types and include images and tabular data.

Wong et al. [20] conduct extensive experiments on a large network
of IoT and edge devices to present FL real-world characteristics, in-
cluding learning performance and operation (computation and commu-
nication) costs. Moreover, they mainly concentrate on heterogeneous
scenarios, the most challenging issue of FL. While they thoroughly
analyze the impact of non-IID data, the focus is primarily on image
datasets, and they do not explore comparisons of aggregation algo-
rithms to address highly heterogeneous scenarios. In contrast, our work
expands on this by incorporating diverse datasets and benchmarking state-
of-the-art methodologies to tackle non-IID data in FL effectively, offering a
broader and more practical perspective.

In their study, Mora et al. [21] examine existing solutions in the
literature to mitigate the challenges posed by non-IID data. On the one
hand, they emphasize the underlying rationale behind these alternative
strategies and discuss their potential limitations. On the other hand,
they identify the most promising approaches based on empirical results
and critical defining characteristics, such as any assumptions made by
each strategy. In addition, they focused on label skew and considered
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Table 1
Comparison against surveys (resources) for non-IID data in FL (Q: Included, &': Partially included, ©: Not
included).
Resource Publication Label Feature Quantity Spatiotemporal Non-IID data Empirical
year skew skew skew skew Quantification highlights
221 2024 V] (%) (%) (%) () (%)
[12] 2024 Q Q O 0 0
[34] 2022 Q ° 0 0 0 0
[10] 2022 0 0 Q 0 O
[91 2021 (V] (V] (V] (] (]
Ours 2025 O O Q Q Q Q
one dataset in their experiments. In our paper, we alternatively analyze
broader datasets and data skewness types, identifying limitations and
potential approaches to overcome them. server
Li et al. [25] conduct a comprehensive experimental evaluation ’
of FL aggregation algorithms under non-IID data settings. They sys-
tematically analyze the strengths and limitations of state-of-the-art
FL aggregation algorithms while introducing diverse data partitioning
methods to simulate various non-IID scenarios. Their work highlights oot (3 et

the challenges posed by non-IID data, such as accuracy degradation
and training instability, and provides empirical insights into the per-
formance of each algorithm across different settings. In our paper, we
build upon their work by analyzing spatiotemporal skew and introducing
metrics to quantify its effects, offering a broader perspective on non-IID
data and its impact on model performance.

2.2. Surveys

Some surveys that explore the effects of non-IID data in the model
performance have been proposed, and they are depicted in Table 1.
Earlier works, such as those from 2024, focus on label skew, providing
valuable insights into this dimension. Resources from 2022 partially
mention spatiotemporal skew, contributing to a deeper understanding
of these aspects. The 2021 study offers an essential foundation by ad-
dressing label skew, paving the way for more comprehensive analyses
in subsequent years.

Compared to the previous surveys summarized in Table 1, our
work builds upon and extends their contributions by offering a more
comprehensive approach. We include empirical evaluations of the effects
of non-IID data, provide quantification of the non-IID data level, and
conduct extensive experiments to assess the impact of spatiotemporal skew
thoroughly. These additions enhance our study’s depth and practical
relevance, complementing earlier works.

3. Background

This section provides an overview of FL, its fundamental training
process, and the challenges posed by non-IID data. We categorize differ-
ent types of data skew that impact FL performance and introduce meth-
ods for quantifying the level of non-IID data. Additionally, we review
state-of-the-art aggregation and client selection strategies designed to
address these challenges, such as FedAvg [6], FedProx [13], Random
size-proportional selection (Rand) [35], Power-Of-Choice (POC) [35],
and Model Contrastive Learning (MOON) [36].

3.1. Basics of FL

FL [6] suits siloed data (a.k.a. clients, local nodes, parties, partici-
pants) where multiple organizations or institutions hold their datasets.
This decentralized approach enables collaborative model training with-
out sharing the raw data, contributing to data privacy and ownership
for each participating organization [37].

Fig. 1 presents an overview of the cross-silo FL training process,
where participating clients train local models (M;) on their datasets

Local Training

E Private Data
-
(Di)

— J
(“:’\J # @j Local models
(M;)
Q00 Y | — | e
Local Training Qoo | e | Local Training,

" 1. -

Client1

Client2

Fig. 1. FL training process overview.

(D;), all based on a pre-distributed global model (M) [38,39]. Instead
of sharing raw data, clients exchange model updates (M;) without sen-
sitive information, aggregating centrally to enhance the global model.
By utilizing a central server for coordination, clients transmit their
updates, aggregated to improve the global model. This iterative process
allows collaboration without compromising data privacy, as each client
receives the updated global model without sharing raw data, ensuring
data privacy while facilitating collaboration.

3.2. Data skew types.

A centralized dataset' D = {(x;,¥}),-.-,(X,,¥,)}, is @ collection of n
tuples where x; = [(x;),, ..., (x;),,] is the feature representation of the ith
element (sample) in the dataset, and y; € {1,...,7} is the (true) label
of the ith element.

In the FL setting, the dataset D is distributed over K clients. We let
D; be the set of elements of the ith client. That is:

D=uk, D, andfori#j: D,nD;=4.

Defining the type of non-IID data in FL is relevant since it can
drastically influence the performance of the models. We follow the
settings of previous work [9,40]. For a supervised learning task on
client i (local node i), we assume that each data sample (x,y) € D,,
where x is the input attributes or features, and y is the label, following
a local distribution P;(x, y). Let us define:

PYp= Y Pxz and PYx= Y Pxy) €3]
(x,2)€D; (x,»)ED;
z=y Xp=x

1 Notice that this definition of a centralized dataset includes tabular data,
images, medical data, and graph data, and any dataset expressible as a
collection of arrays.
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with PI.Y (»), the ith client labels’ distribution and P,.Xf "(x) the distribution
over the #th input feature of the ith client. Then, the classification for
non-IID data (i.e., data skew types) is as follows:

» Regarding the concept of identically distributed:

1. Label skew: Means that the label distribution P,.y (y) of
different clients is different.
2. Feature skew: Occurs when the distribution of the features
X, . . .
P"“(x) varies from client to client.
3. Quantity skew: Refers to the significant difference in the
number of examples of different client data P;(x, y).

» Regarding the concept of independent:

4. Spatiotemporal skew: Also known as spatial-temporal
skew under federated continual learning (FCL) [41-43].
It refers to the inner correlation of data in the time (or
space) domain. In other words, the distribution P,(x,y) is
not stationary but depends on time or space.

3.3. Quantifying the degree of non-IID data.

Regarding selecting valuable scenarios to demonstrate the effects
of non-IID data in FL, the current literature often relies on ad-hoc
partitions [44-46]. Therefore, in this work, we use a metric that system-
atically evaluates the level of non-IID data to select scenarios for measuring
the effect of non-IID data. We opted for the Hellinger Distance (HD), a
metric widely used to gauge the separation between two probability
distributions calculated as in Eq. (2) [18].

2
HD(PY (). PY () = é\/zyey <\/P1Y(y) - \/PzY(y)>

(2)

The HD provides a fine-grained and sensitive measurement of distri-
butional differences, reaching values close to 1 under extreme non-IID
conditions, unlike the JSD, which often saturates and fails to capture
high skew levels. In contrast to the Earth Mover’s Distance (EMD) [14],
whose values depend heavily on the choice and scale of the ground
distance, HD offers normalized and consistent comparisons across tasks
and datasets, making it particularly suitable for FL scenarios. The
ablation study in Jimenez et al. [14] empirically demonstrated that HD
can capture subtle variations between clients’ data distributions even
under moderate non-IID data. Through its continuous quantification of
distributional divergence, HD enables a precise assessment of how the
level of non-IID data evolves and impacts model performance, offer-
ing a detailed understanding of how diverse forms of heterogeneity,
across labels, features, quantities, and spatiotemporal aspects, affect
convergence and generalization.

3.4. Aggregation and client selection algorithms

In an FL process, the server aggregates the weights obtained from
each client and communicate them back to each participant.

In this section, we explain the five state-of-the-art aggregation and
client-selection algorithms assessed in our experiments.

FedAvg: 1t is a fundamental algorithm in FL [6] designed to train
ML models across a network of decentralized devices while preserving
data privacy. In FedAvg, each client computes model updates and sends
them to a central server using local data. The server averages these
updates to calculate a global model update and then sends it back
to the clients. This process iterates until it converges (the model’s
performance gets stable). FedAvg suffers from three key limitations: (1)
degraded performance under non-IID data distributions across clients,
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(2) inefficient communication rounds caused by straggling devices or
disproportionate local dataset sizes, and (3) a uniform aggregation
approach that fails to account for variability in client data quality or
device reliability, potentially biasing the global model.

FedProx: It is a framework designed to address non-IID data in
FL [13], offering a generalized and reparametrized version of FedAvg.
This approach incorporates a regularization term (u) to minimize the
difference between local and global weights. Finally, the framework
aggregates local model updates from all devices to obtain an updated
global model. Using this proximal term, FedProx aims to improve
convergence and performance in heterogeneous federated learning en-
vironments. FedProx ensures convergence even with non-IID data while
requiring only minor adjustments to implementation. However, it has
notable drawbacks: (1) its effectiveness depends significantly on careful
hyperparameter selection, and incorrect settings may slow convergence
or raise communication overhead; (2) in real-world applications, its
advantages weaken under extreme levels of non-IID data, particularly
when client datasets contain completely distinct classes. [25].

Rand: Rand is a baseline client selection strategy introduced to
handle non-IID data that is not biased toward clients with higher local
losses. Most current analysis frameworks consider a scheme that selects
the training set of clients S() by sampling m clients randomly (with
replacement) such that client k gets selected with probability p,, the
fraction of data at that client [47]. Rand provides unbiased client
selection but suffers from key limitations: (1) it fails to prioritize clients
with informative updates, hindering convergence speed; and (2) in
highly non-IID settings, it may underrepresent rare data distributions,
reducing model generalization.

POC: The POC algorithm performs well under a non-IID distribu-
tion. It is inspired by the power of d choices load balancing strategy,
which queueing systems commonly use [35,47]. The central server first
samples a candidate set of d clients, where d is between m (the number
of clients to be selected) and K. These candidates are chosen based
on their data fraction (p,). The server then sends the current global
model to these candidates, who compute and return their local losses.
Finally, the server selects m clients with the highest losses to participate
in the next training round. This approach aims to balance the workload
and prioritize clients with more informative updates, improving the
efficiency of the FL process. While this approach enhances training
efficiency and manages non-IID data effectively, it also has limitations:
(1) Selection bias can marginalize underrepresented clients, thereby
weakening the model’s generalization ability. (2) The method intro-
duces higher complexity and greater communication costs in the client
selection process.

MOON: 1t is a simple and effective FL framework designed to tackle
non-IID data. It uses the similarity between model representations to
correct the local training of individual parties (i.e., conducting con-
trastive learning at the model level). The network proposed in MOON
has three components: a base encoder, a projection head, and an output
layer. The base encoder extracts representation vectors from inputs.
Le et al. [36] introduce an additional projection head to map the
representation to a space with a fixed dimension. Last, the output
layer produces predicted values for each class. For ease of presentation,
with model weight w, they use F,(-) to denote the whole network
and R,(-) to denote the network before the output layer (i.e., R,,(X,)
is the mapped representation vector of input X,). Like the previous
methods, this approach is effective but has drawbacks: (1) higher
computational costs due to generating and comparing augmented data
views, and (2) restricted use for non-visual data (e.g., text or time-
series), where creating meaningful augmentations is difficult because
of text context-dependence and time-series structural limitations. [48]

3.5. Models used in FL

In FL, the choice of model architecture plays a critical role in
determining both performance and communication efficiency across
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Table 2
Characteristics of the datasets.

Dataset Type #training #test #features #classes Classes
examples examples distribution
CIFAR10 Images 50,000 10,000 3072 10 Balanced
FMNIST Images 60,000 10,000 784 10 Balanced
CIFAR100 Images 50,000 10,000 3072 100 Balanced
Physionet Tabular 39,895 2095 120 27 Balanced
Covtype  Tabular 522,910 58,102 54 7 Unbalanced
Serengeti Tabular 257,927 28,659 64 13 Unbalanced
5G NTF Tabular 74,838 13,207 7 12 Unbalanced
MHEALTH Tabular 851,021 364,724 14 13 Unbalanced

distributed clients. Depending on the nature of the data and the tar-
get task, different types of models may be employed to balance ex-
pressiveness, computational cost, and generalizability [49]. Below, we
outline several common model types used in FL, highlighting their core
characteristics and suitability for decentralized training environments.

* Deep Neural Networks (DNNs): DNNs are feedforward networks
with multiple hidden layers, capable of learning complex pat-
terns through hierarchical feature extraction [50]. They serve as
foundational models in FL due to their flexibility.

Convolutional Neural Networks (CNNs): CNNs specialize in pro-
cessing grid-like data (e.g., images) using convolutional layers
for local feature detection, pooling for dimensionality reduc-
tion, and fully connected layers for classification [51]. Their
parameter-sharing property makes them efficient for FL tasks.
Transfer Learning Models: Pre-trained architectures like ResNet9
[52], EfficientNetBO [53], and MobileNetV2 [54] leverage trans-
fer learning by adapting learned features from large datasets
(e.g., ImageNet) to new tasks with limited data [55]. In FL, such
models reduce communication overhead and improve conver-
gence by starting from robust initial weights.

4. Experimentation setup

Datasets. This work considers eight widely employed real datasets to
train the centralized learning (CL) and FL models. Four of these, i.e., CI-
FAR10 [56], FMNIST [57], Physionet 2020 [58], and Covtype [59]
serve to simulate label, feature, and quantity skew. To further ex-
amine label skew in scenarios with a considerably larger number of
classes, we also included CIFAR100 [60]. The remaining three datasets,
i.e,, 5G Network Traffic flows [61], MHEALTH [62], and Snapshot
Serengeti [63], are used to simulate spatiotemporal skew. Table 2
provides an overview of the main characteristics of each dataset.

Models. We adopt a well-studied CNN broadly applied in computer
vision [64] for the CIFAR10 and FMNIST datasets. It includes one input
layer and three convolutional blocks, where the first two blocks each
have a convolutional layer followed by a max pooling layer, and the
final block contains a convolutional layer and a flattened layer. The
initial convolutional layer has 32 filters, whereas the subsequent two
layers each have 64 filters with a 3 x 3 filter size and ReLu as the
activation function. In the dense section of the network, there is one
dense layer with 64 neurons using ReLU as the activation function.
We utilized a ResNet9 for the CIFAR100 dataset. Additionally, we
employed in our tests the transfer learning models EfficientNetBO and
MobileNetV2 since they produce higher classification power results for
the datasets studied.

For the tabular datasets, we use a DNN, selected because it is widely
employed in classification tasks with tabular data [65]. It comprises
one input layer, three hidden layers, and one output layer [66]. The
input layer uses as many units as the number of features in the training
set. The three layers contain 500 hidden units each, and the last layer
is formed by considering the neurons equal to the number of classes
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to predict. Additionally, the hidden layers used the ReLu activation
function, and the output layer used a SoftMax function. We use Adam
as our optimizer with a learning rate of 0.001 for K = 30 clients
and a batch size of 64. In our simulations, models were trained for
40 communication rounds and 10 local epochs, except for those using
the MOON aggregation algorithm and those involving the CIFAR100
dataset, which were trained for 100 communication rounds to ensure
convergence in those settings. To ensure reproducibility and statistical
validity, we executed all experiments across the datasets using five and
ten distinct data partitions generated from fixed random seeds.

4.1. Hyperparameters tuning
For a fair comparison, we base our hyperparameter grids on the

best-performing hyperparameters presented in the original papers as
follows:

FedAvg: We do not set any specific tuning process for this algo-
rithm [6].

Rand: The fraction of clients considered in each communication
round gets fine-tuned from {0.3,0.5,0.7} [47].

FedProx: The y parameter gets fine-tuned from {0, 0.001, 0.01,
0.1, 1, 10, 100} [13].

POC: The parameter C is equal to 0.5. The parameter d gets
fine-tuned from {15, 18,19,21} [47].

MOON: The u is tuned from the grid of {0.1, 1,5, 10}, and we find
the best y of 0.1, and we set the value of temperature to 0.5 [36].

4.2. Hardware specification

We used an Ubuntu 22.04.4 LTS machine with 200 GB of disk,
Intel(R) Xeon(R) Platinum 8259CL CPU @ 2.50 GHz processor, 16
processors, 125 GB of RAM, and Python 3.10.12 to run the experiments.
The FL models were trained using the Flower [67] platform.

4.3. Performance metrics

This subsection describes the performance and convergence metrics
considered in our experiments and a justification for their use.

Accuracy [19-21]. Tt refers to the proportion of correctly classified
instances compared to the total data size. Higher values of accuracy
indicate a better model performance. It can be calculated as follows:

3

where C, indicates the number of correctly classified samples on client
k and n, is the number of data samples on client k. We performed
five and ten independent trials using different random seeds for the
experiments. To ensure robust and reliable results, we report the mean
accuracy and the standard deviation across these trials, providing a
comprehensive view of the model’s performance variability.

Curvature [68,69]. We incorporate curvature as a metric to identify
points along the accuracy curve with respect to HD where model
performance changes considerably. Given a parametric curve a(f) =
(x(#), y(2)), where x(¢) denotes the level of non-IID data quantified by
HD and y(¢) the corresponding model accuracy, the curvature x(r) at
that point is defined as:

_ X0y @ - x"y'®
(@02 +y@2)"

where x/(-) denotes the first-order derivative and x”(-) is the second-
order derivative.

Number of times detected as critical point (#Detected as critical point).
To identify critical points related to the effects of non-IID data, we
count how many times each HD value is detected as critical based
on curvature. Specifically, points where the curvature satisfies x >

(1) 4
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1 are considered indicators of sharp performance degradation. This
count-based metric highlights HD values where degradation occurs
consistently across the different models built by varying the label
skew of the clients’ data distributions, reflecting the robustness and
consistency of a critical point of change across different settings.

Average curvature. This metric captures the overall sharpness of
performance change at each HD value by averaging curvature values
across different models built under the same non-IID data. By averaging
out the curvature values across models, it offers a more robust and
reliable estimate of how critical each point truly is. A higher average
curvature indicates a sharper and more consistent performance drop,
pointing to greater sensitivity or instability at that level of non-IID data.
This metric aims to identify the points where performance degradation
is not only present but also most pronounced, helping us more effec-
tively evaluate and compare the flagged HD values (0.5 and 0.75) as
critical points.

Number of times that performed the best [25]. This metric quantifies
how frequently an aggregation algorithm performs better than other ap-
proaches across multiple experimental trials. A higher count indicates
greater consistency and robustness. This metric helps identify which
methods consistently excel across different data partitions, which is
particularly valuable in FL, where non-IID data distributions can lead
to high-performance variance between trials.

Rounds-to-accuracy (RTA) [70]. This metric measures the minimal
number of communication rounds needed for the global model to
achieve at least 90% of the maximum accuracy among the aggregation
algorithms. It reflects the efficiency of the FL process since lower values
indicate a faster model’s convergence.

5. Label skew results

This section examines how label skew in the client data affects
the models’ performance. Consider that the Covtype is an unbalanced
dataset regarding the labels, and CIFAR10, FMNIST, CIFAR100, and
Physionet are balanced datasets. The accuracy of the models on each
CL is our baseline for comparing the accuracy of the models generated
in FL.

The results in this section are presented as a step toward complete-
ness with respect to three properties: (1) reproducibility across datasets,
(2) consistency across aggregation algorithms, and (3) visibility across
the non-IID spectrum. A consolidated statement of the criteria and a
compact evidence map tying each highlight to its supporting results
appear in Section 5.4.

5.1. Synthetic partitioning method

Using the FedArtML tool [14], we employed the Dirichlet distribu-
tion (DD) to partition data among clients based on label distribution.
The DD generates random numbers summing to one, controlled by
the parameter «. Higher a values (e.g., 1000) create similar local
distributions, while lower values increase the chance of clients having
examples from a single, randomly chosen class [44]. The selected
values {1000, 6, 1, 0.3, 0.03} allow us to examine the impact of varying
degrees of non-IID data on FL performance. Note that the Dirichlet
distribution is the multivariate analogue of the Beta distribution; in
particular, Unif (0, 1) = Beta(1, 1). Therefore, the partition of the datasets
using DD is a skewed split of the data distribution [71].

We quantify the degree of non-IID data across clients using the HD.
Specifically, we partition the data using the DD’s « values {1000, 6, 1,
0.3,0.03} to achieve distinct HD levels {0.0,0.25,0.5,0.75,0.9} to cover a
representative spectrum of non-IID data ranging from fully IID to highly
non-IID partitions. For instance:

» A DD concentration parameter « = 1000 yields IID data (HD »
0.0), as labels are uniformly distributed.
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Fig. 2. Distribution of CIFAR10 among 30 clients for different levels of non-
IID data. The x-axis shows distinct a values used to partition the data and the
resulting HD for clients from 1 to 30. The y-axis shows the participation of
each class depicted on the z-axis.

» Conversely, « = 0.03 produces highly skewed partitions (HD =
0.9).

Thus, each a value maps to a unique HD based on the label distri-
bution, enabling controlled experimentation across non-IID scenarios.
Fig. 2 exemplifies the partition distribution for label skew using thirty
clients. All ten classes get evenly distributed among every client in the
IID scenario (¢ = 1000,HD = 0.0). As we decrease the a parameter in
the DD, the distribution of classes among clients becomes more diverse.
In the extreme case of « = 0.03,HD = 0.9, certain classes are absent in
some clients.

5.2. Classification power
In this subsection, we focus on the findings from the simulations to

compare different aggregation algorithms and datasets regarding their
classification power (a.k.a. accuracy).

Highlight 1: The drop in the model’s performance for label skew
appears in a double threshold. A notable performance decline is
immediately evident when the HD exceeds 0.5 and 0.75.

Previous works claim that non-IID data affects the performance of
FL models [22,34,72]. Nevertheless, for the first time, we showcase
that the effect of non-IID data is not the same under all levels of
heterogeneity. Fig. 3 depicts the accuracy change by varying the level
of non-IID data distributions among the clients measured by HD con-
cerning the baseline model created in the centralized setting. As the
non-IID data partitions increase, the model’s accuracy decreases. When
the HD between data distributions of the clients exceeds 0.75, the drop
becomes more drastic compared to previous levels.

To more precisely characterize the inflection points in model per-
formance, we compute the curvature of the accuracy curves across
multiple datasets. As shown in Table 4, curvature values highlight
sharper changes at HD = 0.75 and beyond. Notably, models also start to
experience a sharper decline in accuracy after HD = 0.5, indicating the
beginning of instability. The aggregated metric “#Detected as critical
point” shows that HD = 0.75 is identified as a critical point in all five
datasets, and the average curvature at this point (3.7) is the highest
across all HD values.

One possible explanation for this double-threshold effect is that
when HD surpasses 0.5, the model starts experiencing a noticeable
decline due to increasing divergence in local distributions, leading to
a degradation in the global model’s generalization. However, beyond
HD = 0.75, the level of heterogeneity may reach a critical point where
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Table 3
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Mean and standard deviation Accuracy for each dataset for CL, FedAvg, Rand, FedProx, Power-Of-Choice, and MOON, considering different levels of non-IID data
as measured by HD for K = 30. Each model has undergone ten different trials (random seeds).

Category Dataset HD CL FedAvg Rand FedProx POC MOON
0 66.12% + 0.73% 66.16% + 0.74% 66.35% + 0.72%  66.26% + 0.70% 64.45% + 1.05%
0.25 65.91% + 0.49% 65.49% + 0.52% 65.86% + 0.60% 65.61% + 0.67% 63.40% + 0.74%
CIFAR10 0.5 70.50% + 0.60%  63.41% + 0.95% 62.93% + 1.55% 63.56% + 0.83%  62.86% + 1.71% 60.95% + 1.33%
0.75 58.85% + 1.06%  56.80% + 2.24% 58.80% + 1.04% 55.84% + 1.48% 55.27% + 0.51%
0.9 43.22% + 2.24% 40.95% + 2.43% 44.33% + 2.83%  39.04% + 2.99% 38.84% + 2.31%
0 90.68% + 0.18% 90.63% =+ 0.18% 90.69% + 0.15%  90.62% + 0.17% 88.70% + 0.27%
0.25 90.44% + 0.14% 90.52% + 0.17%  90.51% + 0.17% 90.51% + 0.18% 88.17% + 0.22%
FMNIST 0.5 90.90% + 0.20% 89.92% + 0.11% 89.84% + 0.31% 89.96% + 0.20% 89.74% + 0.35% 87.37% + 0.22%
0.75 88.15% + 0.54% 87.51% + 0.81% 88.17% + 0.47%  87.23% + 0.78% 84.70% + 0.84%
0.9 80.37% + 3.78% 79.08% + 4.67% 81.10% + 2.21%  77.83% + 3.28% 70.79% + 5.73%
0 62.88% + 0.28% 62.72% + 0.35% 63.05% + 0.12% 62.80% + 0.38% 56.51% + 0.30%
Label distribution skew 0.25 62.66% + 0.35%  62.45% + 0.25% 62.55% + 0.32% 62.30% + 0.21% 56.32% + 0.49%
CIFAR100 0.5 67.47% + 0.46%  61.72% = 0.60% 61.49% + 0.39% 61.74% + 0.26%  61.23% + 0.17% 56.47% + 0.19%
0.75 59.47% + 0.37% 58.46% + 0.73% 59.72% + 0.51% 59.10% + 0.25% 56.24% + 0.42%
0.9 54.38% + 0.69% 52.87% + 1.17% 54.80% + 0.63%  52.85% + 0.99% 51.45% + 1.18%
0 57.97% =+ 0.49% 57.48% =+ 0.40% 58.16% + 0.62% 57.86% + 0.76% 61.80% + 0.62%
0.25 57.65% + 0.47% 57.42% + 0.54% 57.79% + 0.55% 57.48% + 0.53% 60.94% + 0.60%
Physionet 0.5 63.74% + 1.24%  55.69% + 0.93% 55.26% + 1.05% 56.29% + 1.00% 55.24% + 1.48% 58.76% + 0.71%
0.75 50.88% + 1.18% 50.19% + 2.07% 51.47% + 1.20% 49.51% + 2.30% 53.51% + 1.37%
0.9 41.35% + 2.70% 39.68% + 3.01% 41.95% + 2.07% 38.81% + 3.68% 42.49% + 3.00%
0 94.95% + 0.06% 94.89% =+ 0.08% 94.96% + 0.09% 94.84% + 0.10% 95.64% + 0.06%
0.25 92.05% + 1.14% 91.63% =+ 1.52% 92.10% + 1.28% 93.89% + 0.73% 93.36% + 1.18%
Covtype 0.5 95.60% + 0.10% 84.92% + 3.71% 83.10% + 2.79% 85.54% + 3.39% 88.21% + 2.17% 84.61% + 3.44%
0.75 77.55% + 3.63%  76.25% + 4.10% 77.55% + 3.64% 74.68% + 5.31% 57.79% + 12.66%
0.9 59.10% =+ 8.70% 59.02% =+ 9.19% 59.46% + 8.74%  57.29% + 10.72%  50.51% + 5.57%
Number of times that performed the best 4 1 12 2 6

Table 4

Curvature values derived from the CNN model’s accuracy trends at various levels of non-IID data, highlighting points of sharp change in performance under

increasing label skew across five datasets.

Dataset HD = 0.25 HD = 0.50 HD = 0.60 HD = 0.65 HD = 0.70 HD = 0.75 HD = 0.80 HD = 0.85
CIFAR10 0.2 0.3 1.1 0.5 1.6 3.9 4.4 2.8
Covtype 0.3 0.4 0.2 0.3 0.2 3.5 6.6 2.9
FMNIST 0.0 0.0 0.5 0.6 0.9 1.3 1 3.3
Physionet 0.1 0.2 0.5 2.2 1.3 1 3.3 3.2
CIFAR100 0.0 0.2 0.1 0.1 1.2 1.5 2.5 1.8
#Detected as critical point 0 0 1 1 3 5 5 5

Average curvature 1.2 0.2 0.5 0.75 1 3.7 3.57 2.8

Table 5

Curvature values derived from the accuracy trends of CNN, EfficientNetB0O, and MobileNetV2 models on the CIFAR-10 dataset at various levels of non-IID data,

indicating points of sharp performance change.

Model HD = 0.25 HD = 0.50 HD = 0.60 HD = 0.65 HD = 0.70 HD = 0.75 HD = 0.80 HD = 0.85
CNN 0.2 0.3 1.1 0.5 1.6 3.9 4.4 2.8
EfficientNetBO 0.2 0.5 2.3 3.1 4.7 3.7 2.1 0.7
MobileNetV2 0.2 0.3 2.0 2.9 5.5 4.8 1.1 0.3
#Detected as critical point 0 0 3 2 3 3 3 1

Average curvature 0.2 0.4 1.8 2.2 3.9 4.1 2.5 1.3

client models become overly specialized to their local data, significantly
reducing the effectiveness of global aggregation. This sharp accuracy
drop suggests that at extreme levels of non-IID data, FedAvg strug-
gles to find a well-generalized solution, potentially due to conflicting
optimization directions from highly dissimilar client updates.

Highlight 2: Transfer learning models exhibit greater sensitiv-
ity to variations in clients’ label distributions, with performance
degrading more rapidly and sharply as non-IID data increases.

Fig. 4 illustrates the accuracy of models created using three differ-
ent architectures: the CNN discussed earlier, EfficientNetBO, and Mo-
bileNetV2, both of which utilize transfer learning. As HD increases, all
models experience performance degradation. Transfer learning models
exhibit a more pronounced decline under high non-IID data compared
to the CNN which stems from their reliance on frozen feature extrac-
tors, limiting adaptation to heterogeneous data. As HD increases, local

updates to the final layers create misaligned feature representations,
reducing the effectiveness of global aggregation. In contrast, the CNN
trained from scratch better adapts to decentralized data, making it more
robust in extreme non-IID settings.

Table 5 presents the curvature analysis for the same models. The
curvature values for the transfer learning models not only confirm the
sharper performance drops but also reveal that these declines begin
earlier along the HD spectrum. The peaks in curvature, which quantify
the steepness of accuracy degradation, occur sooner and with higher
intensity compared to those in Table 4. This suggests that transfer
learning models are more sensitive to label distributional shifts over
the clients’ data. Still, the presence of distinct inflection points after
HD = 0.5 and at more prominent at HD = 0.75 further supports the
existence of a double threshold pattern in performance degradation
under non-IID conditions.
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Fig. 3. Changes in the models’ accuracy considering different levels of non-IID
data measured by HD for K = 30.
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Fig. 4. Changes in the models’ accuracy considering different levels of non-1ID
data measured by HD for K = 30 using CNN, EfficientNetB0, and MobileNetV2
on the CIFAR10 dataset.

Highlight 3: Aggregation algorithms such as Rand, POC, and
MOON are particularly vulnerable to performance degradation
under conditions of high non-IID data.

Consider the case when the HD is 0.9 (i.e., high non-IID data) for
all the datasets presented in Table 3. When comparing the accuracy
of Rand and POC versus their corresponding CL performance, those
algorithms tend to have a higher drop in performance than the other
aggregation algorithms. In FL scenarios with high non-IID data, the
distribution of data labels across clients is highly uneven. It means
that specific clients may have more or different data types than others.
Under such a scenario, Rand and POC may inadvertently select clients
with skewed or unrepresentative data distributions, leading to poor
generalization performance when aggregating their updates.

MOON has the sharpest decrease in performance when the paradigm
switches from CL to FL. MOON’s contrastive loss, designed to align
local and global representations, becomes ineffective when client dis-
tributions are too divergent, as past representations no longer serve
as meaningful anchors. This misalignment exacerbates performance
degradation, making these methods less suited for extreme non-IID
scenarios.

Highlight 4: Unbalanced class datasets experience a sharper drop
in performance when moving from IID to highly non-IID settings
compared to balanced datasets.
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Table 6

The performance’s decrease range of the model
for the four datasets, moving from the lowest
(HD = 0) to the highest (HD = 0.9) levels of non-
IID data and considering FedAvg.

Dataset (HD = 0) - (HD = 0.9)
CIFAR10 22.9%

FMNIST 10.31%

CIFAR100 8.5%

Physionet 16.62%

Covtype 35.85%

Consider the IID case (i.e., HD = 0) and the most extreme non-IID
case (i.e., HD = 0.9) for each dataset as depicted in Table 6. Notice
that the range of decrease in the reported performance (accuracy of
HD = O - accuracy of HD = 0.9) is higher for the unbalanced dataset
(Covtype) than for balanced datasets (CIFAR10, FMNIST, CIFAR100,
and Physionet).

The sharper performance drop in unbalanced datasets under high
non-IID data derives from the compounding effects of class imbalance
and non-IID data. In such cases, certain classes may be overrepresented
in specific clients while being nearly absent in others, leading to biased
local models. These biased updates fail to capture the overall class
distribution when aggregated, resulting in poor generalization. In con-
trast, balanced datasets distribute class information more evenly across
clients, mitigating this effect and leading to a less severe performance
decline.

5.3. Convergence
In this subsection, we focus on the findings obtained using the

CIFAR10 dataset to compare different aggregation algorithms regarding
their learning process and the smoothness of training.

Highlight 5: The higher the non-IID data level of labels, the more
rounds are required to achieve convergence [25].

Table 7 examines the algorithms’ convergence from a different per-
spective. We investigate the performance of each aggregation approach
across a certain level of non-IID scenario, independent of the others.
For each specific non-IID situation described by HD, we determine
how many rounds each aggregation algorithm requires to achieve 90%
of its maximum accuracy. Therefore, regardless of the aggregation
algorithm, as the non-IID data partitioning over the clients increases,
more communication rounds are necessary to reach a convergence
point (where the accuracy gets stable). Such behavior aligns with the
findings of Li et al. [25].

We observe the mentioned behavior because the data distributions
among clients are sufficiently dissimilar, so the models built for each
client are only optimal for their data, which diverges from the optimal
case. As the training progresses, the weights delivered by the server to
the clients improve because they get optimized by considering all of
the data across all clients.

Furthermore, FedAvg, Rand, FedProx, and POC exhibit similar be-
havior in achieving a convergence point, and they do so after roughly
the same number of communication rounds. On the other hand, MOON,
as expected, requires more rounds to reach the same convergence state.

5.4. Completeness of the label-skew highlights

Establishing the completeness of our highlights is essential because
these claims are intended to guide practitioners and researchers be-
yond the specific runs reported here. We consider the label-skew
highlights complete if each stated pattern is (i) reproducible across
multiple datasets — Covtype (unbalanced), CIFAR-10, FMNIST, CIFAR-
100, and Physionet — (ii) consistent across aggregation algorithms
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Table 7
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RTA for FedAvg, Rand, FedProx, POC, and MOON reached in different levels of non-IID cases as determined by

HD over CIFAR10 for K = 30.

Category Dataset Aggregation HD =0 HD = 0.25 HD = 0.5 HD = 0.75 HD = 0.9
algorithm
FedAvg 5 5 6 15

Label Rand 5 5 6 10 14

distribution CIFAR10 FedProx 5 5 6 9 15

skew POC 5 5 6 8 15
MOON 8 8 10 12 20

(FedAvg, Rand, FedProx, POC, MOON), (iii) visible across a represen-
tative non-IID grid defined as HD € {0,0.25,0.5,0.75,0.9} generated
via our Dirichlet partitioning, (iv) robust to random seeds (reporting
meanzstandard deviation), and (v) corroborated by a model-agnostic
change-point proxy (curvature «) rather than accuracy alone.

Demonstrating completeness strengthens both internal validity (the
findings are not contingent on a narrow experimental choice) and
external validity (the findings are likely to generalize), improves repro-
ducibility, and clarifies the scope and boundary conditions under which
our conclusions hold. In turn, this makes the highlights actionable:
they can reliably inform system design, algorithm selection, and risk
assessment when deploying FL under label skew.

Evidence map. The following list is a reading guide that links each stated
highlight to the exact figures/tables that substantiate it.

* Double threshold at HD ~ 0.5 and 0.75. The inflection is visible in
the per-dataset accuracy trends (Fig. 3 and Table 3) and is quanti-
fied by the curvature analysis (Table 5), where the “#Detected as
critical point” metric peaks at HD = 0.75 and non-zero detections
begin after HD = 0.5 (see also cross-architecture confirmation in
Table 5 and Fig. 4).

Cross-architecture confirmation. The same HD~0.5 and 0.75 pattern
appears with alternative model families (e.g., CNN vs. transfer
learning), indicating the effect is not tied to a single architecture
(see Fig. 4, Table 4).

« Algorithm sensitivity at high label skew. Under extreme skew (e.g.,
HD = 0.9) across datasets in Table 3, Rand and POC tend to
suffer larger drops relative to their CL counterparts, and MOON
shows the sharpest CL to FL decrease, indicating these approaches
are particularly vulnerable in high non-IID settings (discussion
following Table 3).

Unbalanced datasets are more brittle under high skew. Comparing
IID (HD = 0) to extreme skew (HD = 0.9), the drop is larger for
Covtype (unbalanced) than for balanced datasets (Table 6).
Convergence slows as label skew increases. RTA increases monoton-
ically with HD for all five algorithms on CIFAR-10 (Table 7). The
same trend holds across the other datasets; for brevity, we report
CIFAR-10 as a representative case.

Robustness notes. (A) Across seeds: all accuracy tables report mean+sta
ndard deviation over repeated trials; the curvature-based critical-point
counts (#Detected, with criterion curvature > 1) aggregate over runs
and datasets, indicating stable change-points rather than single-seed
artifacts. (B) Across models/algorithms: the double-threshold pattern ap-
pears for CNN and transfer-learning models (Table 4), and the accuracy
drop with HD is visible across all five aggregation algorithms (Table 3).
(C) Effect sizes at the thresholds: the accuracy deltas at HD = 0.5 and 0.75
versus IID are consistently larger than deltas between adjacent lower
HD levels; see Table 3 (per-dataset rows) for exact values.

Boundary conditions (scope of validity). Our thresholds are empirical
and refer to the non-IID range induced by the Dirichlet partitioning
with a € {1000,6,1,0.3,0.03} mapping to HD € {0,0.25,0.5,0.75,0.9},
the datasets and architectures reported, and the training regimen de-
tailed in Section 4. Within this scope, curvature and accuracy jointly
indicate HD ~ 0.5 (onset) and HD = 0.75 (critical) as consistent change
points.

Takeaway. The evidence satisfies our completeness criteria: (i) it re-
produces across balanced and unbalanced datasets; (ii) it is consistent
across FedAvg, Rand, FedProx, POC, and MOON; (iii) it appears across
the full non-IID range HD € {0,0.25,0.5,0.75,0.9}; (iv) it is robust
to random seeds (meanzstandard deviation reported); and (v) it is
corroborated by a curvature-based change-point analysis rather than
accuracy alone.

6. Feature skew results

This section examines how feature skew in the client data affects
the models’ performance.

6.1. Synthetic partitioning method

For simulating feature skew, we employed two diverse methods
from FedArtML [14] to test their properties:

Gaussian noise method: This approach introduces diverse Gaussian
noise levels to each client’s local dataset to achieve diverse feature
distributions. Specifically, for each client i, noise levels % are added
according to the user-defined noise level o, with £ ~ Gau|(o - ‘E)’
where % represents the resultant features after applying the noise

level to the original features. Here, Gau (o - é) denotes a Gaussian

distribution with a mean of 0 and a variance of ¢ - %, and K represents
the total number of clients.

Hist-Dirichlet-based method: The process starts by characterizing the
attributes of each client using other average values and then sub-
jecting them to a binning procedure. Subsequently, it establishes the
participation of each feature category within each client using the DD
with a specified a. Unlike the Gaussian Noise approach, this method
distributes the data among the clients without modifying the features.
We measure the non-IID data with the HD among the features across
clients (FHD) within the range {0,0.25,0.5,0.75,0.9}.

6.2. Classification power

In this subsection, we focus on the findings from the simulations to
compare different aggregation techniques and datasets regarding their
classification power (a.k.a. accuracy) in the presence of feature skew
over the clients’ data. Table 8 summarizes the models’ performance
derived from different aggregation algorithms under varying degrees
of non-IID feature distributions, as indicated by FHD.

Highlight 6: The performance of FL-generated models is lower than
that of CL-generated models.

Transitioning the training methodology from CL to FL depicts a
decline in the model’s performance, notably more pronounced in im-
age datasets (CIFAR10) compared to tabular datasets (Covtype). This
outcome is predictable since the model gets trained without access to
the complete dataset, and each client optimizes the weights based on
its available data. The more significant decrease observed in image
datasets stems from the heightened complexity inherent in classifica-
tion tasks compared to tabular datasets.



D.M. Jimenez-Gutierrez et al.

Table 8

Mean and standard deviation Accuracy for each dataset for CL, FedAvg, Rand, FedProx, Power-Of-Choice, and MOON, considering different levels
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of feature

skewness measured by FHD for K = 30. Each model has undergone ten different trials (random seeds).

Category Method Dataset FHD CL FedAvg Rand FedProx POC MOON
0 70.50% + 0.60%  66.12% + 0.70%  66.16% + 0.74%  66.35% + 0.72% 66.26% + 0.70%  64.45% + 1.05%
ciparlo 035 70.81% x 0.45%  66.18% + 0.57%  66.04% + 0.44%  66.29%  0.63% 66.24% + 0.50%  64.23% x 0.53%
0.75  70.44% + 0.29%  66.17% + 0.44%  66.31% + 0.61%  66.36% + 0.56% 66.27% + 0.56%  64.58% + 0.55%
0.9  69.71% + 0.03%  65.81% + 0.82%  65.89% + 0.72%  65.85% + 0.68%  65.90% =+ 0.77% 63.52% + 0.66%
0 90.90% + 0.20%  90.68% =+ 0.18%  90.57% + 0.14%  90.69% + 0.15% 90.62% + 0.17%  88.70% =+ 0.27%
evngsy | 035 9091% = 0.26%  90.69% x 0.19%  90.97% x 0.15% 90.71% x 0.17%  90.97% x 0.17%  88.67% + 0.28%
0.75 90.96% + 0.11%  90.54% + 0.09%  90.53% + 0.11%  90.57% + 0.23% 90.51% + 0.19%  88.64% + 0.19%
Gaussian Noise 0.9  90.76% + 0.13%  90.59% % 0.09%  90.71% + 0.15% 90.70% = 0.29%  90.51% + 0.11%  88.55% =+ 0.21%
0 63.74% + 1.24%  57.97% + 0.49%  57.48% + 0.40%  58.16% =+ 0.62% 57.86% + 0.76%  61.80% =+ 0.62%
Physionet 035 63:30% x 1.31%  57.89% x 0.39%  57.92% x 0.64%  58.08% x 0.61% 57.47% x 1.13%  61.22% x 0.72%
sione
v 0.75 60.13% + 1.11%  52.81% + 0.83%  52.84% + 0.74%  52.28% =+ 0.38%  51.39% + 0.25%  56.10% = 0.90%
0.9 2897% + 3.22%  29.43% + 1.49%  29.88% x 1.27%  29.43% =+ 1.15%  25.25% + 1.97%  32.06% = 1.30%
0 95.60% + 0.10%  94.95% + 0.06%  94.89% + 0.08%  94.96% + 0.09%  94.84% + 0.10%  95.53% =+ 0.04%
Cout 0.35 95.68% + 0.10%  94.94% = 0.06%  94.90% + 0.04%  94.90% =+ 0.08%  94.88% + 0.08%  95.65% = 0.06%
OV e
YPE 075 95.53% + 0.04%  94.79% = 0.08%  94.62% + 0.04% 94.74% + 0.07%  94.68% = 0.13%  95.11% + 0.07%
0.9 6853% + 1.49%  50.01% + 0.35%  49.81% + 0.50%  50.03% =+ 0.42%  50.10% + 1.67% 49.20% + 0.11%
Feature distribution skew 0 66.42% + 0.34% 66.35% + 0.35%  66.21% + 0.59%  66.40% = 0.70%  64.79% = 0.32%
0.25 66.09% + 0.49%  66.13% + 0.48%  65.82% + 0.46%  66.15% + 0.53% 65.12% + 0.85%
CIFARIO 0.5  70.50% + 0.60%  66.30% + 0.67%  66.04% + 0.66%  66.22% + 0.40%  66.52% + 0.56% 64.52% + 1.08%
0.75 66.23% + 0.33%  66.04% + 0.67% 66.17% + 0.55%  66.34% + 0.51% 64.99% + 0.31%
0.9 66.25% + 0.47% 65.25% + 0.51%  65.25% + 0.90%  66.17% = 0.47%  64.12% + 0.56%
0 90.72% + 0.20% 90.68% + 0.12%  90.68% + 0.15%  90.59% =+ 0.22%  88.75% + 0.13%
0.25 90.62% + 0.10%  90.66% + 0.27%  90.70% = 0.15% 90.62% =+ 0.18%  88.72% =+ 0.32%
FMNIST 0.5  90.90% + 0.20%  90.78% + 0.12% 90.66% + 0.09%  90.63% =+ 0.17%  90.78% + 0.23%  88.43% =+ 0.30%
0.75 90.53% + 0.24%  90.67% + 0.18%  90.73% =+ 0.17% 90.56% = 0.12%  88.26% + 0.30%
Hist-Dirichlet 0.9 89.77% + 0.32%  89.73% + 0.35%  89.66% + 0.24%  89.81% + 0.29% 87.38% + 0.16%
0 57.73% + 0.72%  57.76% + 0.51%  58.02% + 0.76%  57.52% =+ 0.68%  61.13% + 0.42%
0.25 57.67% + 0.61%  57.62% + 0.69%  58.16% + 0.63%  57.05% = 0.37%  61.91% + 0.39%
Physionet 0.5  63.74% + 1.24%  57.92% =+ 0.40%  57.50% =+ 0.68%  57.86% + 0.33%  57.35% + 0.47%  61.20% + 0.83%
0.75 57.27% + 0.64%  57.18% + 0.97%  57.34% + 0.88%  56.99% = 0.86%  62.11% + 0.44%
0.9 56.47% + 0.80%  55.49% + 1.34%  56.49% + 0.60% 55.80% + 1.24%  59.82% + 1.02%
0 94.95% + 0.03%  94.81% + 0.02%  95.00% + 0.03%  98.84% + 0.09% 95.62% + 0.11%
0.25 94.95% + 0.05%  94.83% + 0.09%  94.97% + 0.09%  94.77% = 0.03%  95.63% + 0.05%
Covtype 0.5  95.60% + 0.10%  94.90% + 0.02%  94.88% + 0.11%  94.90% + 0.07%  94.88% = 0.02%  95.65% + 0.02%
0.75 94.80% + 0.05%  94.67% + 0.10%  94.78% + 0.08%  94.74% + 0.10%  95.57% + 0.07%
0.9 93.30% + 0.42%  93.11% + 0.52%  93.38% + 0.31%  93.47% = 0.33%  94.51% + 0.07%
Number of times that performed the best 4 2 7 7 16
Highlight 7: The model’s performance in image datasets remains patterns. Even in CL, where data is typically more stable, excessive

unaffected by increasing the feature non-IID data [25].

Consider only the image datasets (CIFAR10, FMNIST) and the mod-
els generated in FL. Regardless of the aggregation algorithm employed,
the performance of the final model remains stable across different
levels of feature non-1ID data, consistently converging to specific values
for each aggregation algorithm. This behavior is consistent with the
observations reported by Li et al. [25].

Such a pattern arises from the robustness of convolutional layers,
which extract spatial features while suppressing minor pixel variations.
In the Gaussian-noise method, small perturbations do not significantly
alter key patterns, as convolutional filters average out noise. Deeper
layers further aggregate features, preserving essential information and
minimizing the impact on performance.

Highlight 8: For tabular datasets, using Gaussian noise levels that
exceed FHD=0.9 results in a notable performance decline in the
model, emphasizing the acute dissimilarity among samples.

Having tabular datasets (Covtype, Physionet) and using the Hist-
Dirichlet approach shows that increasing the degree of feature non-IID
data does not impact the performance. However, when dealing with
Gaussian noise, if we surpass FHD = 0.9, there is a noticeable decline
in performance.

This decline occurs because the data becomes highly dissimilar
and noisy, making it difficult for the model to extract meaningful
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noise disrupts feature learning, reducing the model’s generalization
ability and leading to performance degradation.

Highlight 9: In scenarios where the features are non-IID par-
titioned across clients, MOON performs better than all other
aggregation algorithms for tabular datasets.

Table 8 validates that no particular algorithm outperforms others
in image datasets, as they yield comparable final performance metrics.
MOON emerges as the top-performing algorithm in tabular datasets,
surpassing all other algorithms. Its performance is nearly equivalent to
that of models trained in CL.

This occurs since MOON can immediately start learning meaningful
contrasts between differences in the label using the provided features
of the tabular dataset. On the other hand, for images, the model first
needs to learn to extract meaningful features from raw pixels before it
can start contrasting different object classes effectively. For example,
consider the Physionet dataset, which contains features such as age,
sex, heart rate, and P-R interval. In that case, each feature has a clear
medical interpretation, and the model can directly use the mentioned
feature values without learning initial representations. Conversely, for
CIFAR10, the model must learn to extract meaningful features from raw
pixels before contrastive learning can be effective.
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RTA for FedAvg, Rand, FedProx, POC, and MOON reached in different levels of feature non-IID cases as determined by FHD over

CIFAR10 and Covtype using Hist Dirichlet for K = 30.

Category Method Dataset ~ Aggregation

algorithm

FHD =0 FHD =0.25 FHD =0.50 FHD =0.75 FHD = 0.9

FedAvg
Rand
FedProx
POC
MOON

CIFAR10

Feature

distribution  Hist Dirichlet

FedAvg
Rand
FedProx
POC
MOON

skew

Covtype
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6.3. Convergence

In this subsection, we concentrate on the results of the simulations,
aiming to contrast various aggregation algorithms and datasets in terms
of their convergence.

Highlight 10: Feature skew does not alter the model convergence
point.

Table 9 presents an alternative viewpoint on the previous highlight.
It outlines the iterations needed for FedAvg, Rand, FedProx, POC,
and MOON to achieve 90% of the maximum accuracy across various
degrees of feature non-IID conditions, as characterized by FHD, using
the CIFAR10 dataset. Increasing the non-IID data of features within
the data has minimal impact on the model’s ability to converge to its
optimal performance.

The minimal impact of feature skew on convergence suggests that
while feature distributions differ across clients, the underlying task
remains learnable. Unlike label skew, which directly affects class repre-
sentation in local updates, feature skew primarily alters input variations
without disrupting the overall decision boundary. As a result, the global
model can still generalize effectively across clients, leading to similar
convergence behavior regardless of the degree of feature non-IID data.

7. Quantity skew results

This section examines how the quantity skew in the client data
affects the models’ performance.

7.1. Synthetic partitioning method

We use the MinSize-Dirichlet method included in the FedArtML [14]
tool, which specifies the DD’s « value and generates the desired partic-
ipation proportions for each client. Subsequently, a minimum required
size, referred to as “the minimum number of examples”, is estab-
lished for each client. Thus, the minimum proportion size, denoted as
MinSize, is calculated as MinSize = M, where n repre-
sents the total number of examples in the centralized dataset. If the
designated proportions fall below MinSize, it substitutes them with
MinSize. Finally, the proportions are normalized to fall from O to 1.

We assess the level of non-IID data using the HD for quantity skew
(QHD) within the range {0,0.10,0.17}. This small range arises because
the finite size of the dataset constrains quantity skew. Unlike other
skews, the proportions derived from the quantity distribution cannot
exhibit extreme divergence, as the total number of samples restricts
how unevenly clients can receive data.
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7.2. Classification power:

In the following paragraphs, we concentrate on the simulation re-
sults to evaluate various aggregation algorithms and datasets regarding
their classification accuracy, particularly considering the impact of
quantity skew on the clients’ data.

Highlight 11: The quantity skew in the client’s data does not affect
the performance of the final model [25].

Table 10 depicts the performance of each aggregation algorithm
and dataset, using various levels of non-IID for quantity skew. Ex-
amining this table and considering each aggregation algorithm sepa-
rately, it is evident that the performance of the final models remains
consistent across various levels of quantity skewness in the clients’
records. This phenomenon occurs regardless of the chosen aggregation
algorithm, confirming that quantity skewness does not affect model
performance. This behavior pattern agrees with the results documented
by Li et al. [25].

The invariance of model performance to quantity skew suggests
that FL aggregation algorithms effectively balance updates regardless
of varying client sample sizes. Since clients contribute proportionally
to the global model, those with fewer samples still provide functional
gradients without disproportionately influencing training. Additionally,
standard optimization techniques, such as weighted averaging, mitigate
potential biases from data imbalance, ensuring stable performance
across different levels of quantity skewness.

7.3. Convergence

In this subsection, we focus on the findings obtained when different
aggregation algorithms are considered regarding their learning process
and the smoothness of training.

Table 11 shows the RTA for the aggregation algorithms on various
levels of quantity non-IID cases for the analyzed datasets. Looking at
this table, it is clear that regardless of the degree of non-IID data
in the number of records from each label across clients, all aggrega-
tion algorithms converge after a consistent number of communication
rounds.

Highlight 12: All aggregation algorithms converge after the same
number of communication rounds in the presence of quantity skew.

The consistent convergence across aggregation algorithms stems
from the redundancy in client datasets, where each client’s data mir-
rors the overall distribution. This redundancy allows the global model
to learn similar patterns from any subset of clients, ensuring that
convergence remains stable regardless of quantity skew.
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Mean and standard deviation Accuracy for each dataset for CL, FedAvg, Rand, FedProx, Power-Of-Choice, and MOON, considering different levels of non-1ID
partitioning of the record quantities measured by QHD for K = 30. Each model has undergone five different trials.

Category Method Dataset CL QHD FedAvg Rand FedProx POC MOON
0 65.77% + 0.57%  65.92% + 0.72% 66.45% + 0.61% 66.04% + 0.35% 64.01% + 0.46%
CIFAR10  70.50% + 0.6%  0.10 66.69% + 0.72%  66.29% + 0.67% 66.71% + 0.76% 68.82% + 0.89% 63.24% + 0.37%
0.17 66.04% + 0.65% 67.91% + 0.46% 68.07% + 0.42% 68.44% + 0.51% 63.49% + 1.25%
0 90.72% + 0.23% 90.69% + 0.25% 90.64% + 0.15%  90.67% + 0.11%  88.49% =+ 0.24%
FMNIST ~ 90.90% + 0.02% 0.10 90.37% + 0.16%  90.39% =+ 0.22% 90.30% + 0.45%  90.78% + 0.13% 88.04% + 0.27%
Quantity distribution skew Min-size Dirichlet 0.17 90.39% + 0.32%  90.43% + 0.19% 90.44% + 0.27%  90.65% + 0.31% 88.10% = 0.26%
0 58.23% + 0.68% 57.13% + 0.56% 58.04% + 0.29%  57.08% + 0.53% 61.29% + 0.81%
Physionet 63.74% + 1.24% 0.10 59.48% + 2.09% 59.06% + 1.71% 59.42% + 1.23% 61.29% + 0.50% 58.67% + 1.97%
0.17  64.22% + 1.27% 64.40% + 0.55% 64.92% + 0.71% 64.82% + 0.85% 63.86% + 0.40%
0 94.97% + 0.04% 94.87% + 0.06% 94.96% + 0.07%  94.83% + 0.05%  95.15% + 0.09%
Covtype  95.60% + 0.1%  0.10 95.67% + 0.10%  95.65% + 0.07% 95.70% + 0.10%  95.79% + 0.10% 95.13% + 0.12%
0.17  90.65% + 1.57%  94.77% =+ 0.43% 95.27% + 0.20% 94.94% + 0.44% 94.23% + 0.47%
Number of times that performed the best 1 0 3 6 2
Table 11

RTA for FedAvg, Rand, FedProx, POC, and MOON reached in different levels of quantity non-IID cases as
determined by QHD over CIFAR10 and Covtype using Min-size Dirichlet method for K = 30.

Category Method Dataset Aggregation QHD =0 QHD = 0.10 QHD = 0.17
algorithm
FedAvg 5 3 2
Rand 5 3 1
CIFAR10 FedProx 5 3 2
Quantity POC 5 3 2
A Min-size MOON 6 3 2
distribution Dirichlet
skew irichle FedAvg 3 2 1
Rand 3 2 1
Covtype FedProx 3 2 1
POC 3 2 1
MOON 4 2 1
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8. Spatiotemporal skew results HD

This section examines how varying levels of data disparity among
clients, based on time and location, impact model performance.

8.1. Synthetic partitioning method

The primary constraint in this partition process is that the dataset
must contain a categorical variable of space (i.e., places, cities, latitude,
longitude, etc.) or time (i.e., hours, months, years, etc.) to use as the
partitioning variable. For instance, Fig. 5 depicts the distribution of la-
bels along the date of the 5SGNTF dataset. In this case, the space variable
employed to create the federated data is the flow’s date expressed in
year-month-day format (categorical).

We use the St-Dirichlet method from FedArtML [14], which employs
the DD to segment the data based on spatial (SP skew) or temporal
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Fig. 6. Changes in the models’ accuracy considering different levels of non-IID
data measured by STHD for K = 30.

(TMP skew) categories to distribute the data among federated clients.
We assess the level of non-IID data using the HD for spatiotemporal
skew (STHD) within the range {0, 0.25, 0.5, 0.75, 0.9}.

8.2. Classification power

In this subsection, we focus on the simulation results to evaluate
various aggregation algorithms and datasets regarding classification
accuracy. We pay particular attention to the impact of different levels
of spatiotemporal skewness among the clients’ data.
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Mean and standard deviation Accuracy for each dataset for CL, FedAvg, Rand, FedProx, Power-Of-Choice, and MOON, considering different levels of non-1ID
partitioning of the records based on their space (SP) and time (TMP) measured by STHD for K = 30. Each model has undergone five trials.

Category Type Method Dataset CL STHD FedAvg Rand FedProx POC MOON
0 95.58% + 0.08% 95.56% = 0.09% 95.62% + 0.14  95.48% + 0.09  96.69% + 0.06
0.25 95.63% + 0.05% 95.50% + 0.10% 95.64% + 0.03  95.51% + 0.11  96.76% + 0.08
Serengeti  96.95% + 0.11% 0.5  95.40% = 0.08% 95.32% + 0.07% 95.36% + 0.06  95.32% + 0.06  96.51% = 0.04
0.75  94.09% + 0.25% 93.91% + 0.36% 94.15% + 0.21  94.06% + 0.09  95.80% + 0.16
o skew 0.9  88.65% + 0.18% 87.68% + 0.58% 88.49% + 0.13  88.20% + 0.39  91.74% & 0.20
0 89.98% + 0.04% 90.33% + 0.03  90.85% = 0.04 90.33% + 0.05  90.56% + 0.02
025 89.91% + 0.05 90.34% + 0.04  90.85% + 0.01  90.33% + 0.05  90.57% = 0.02
SPT distribution skew StDirichlet \ippaITH 01.970% + 0.09 0.5 89.77% + 0.10  90.28% + 0.04  90.85% + 0.02  90.32% + 0.04  90.48% + 0.04
075 89.26% + 0.31  89.15% + 0.24  89.87% + 0.31 88.79% + 0.48  89.69% = 0.18
0.90  79.84% + 0.57  82.34% + 1.36  82.48% + 0.78  81.33% + 0.74  82.95% + 1.04
0 92.15% + 0.04% 92.15% + 0.02% 92.14% + 0.02% 92.15% + 0.04% 92.23% + 0.02%
0.25  92.07% + 0.12% 92.05% + 0.15% 92.07% = 0.18% 92.15% + 0.05%  92.28% = 0.04%
TMP skew 5GNTE  92.39% + 0.10% 0.5  88.28% = 1.87% 87.92% + 2.00% 89.19% + 2.09% 92.08% + 0.08% 89.24% =+ 1.80%
075  85.82% + 0.06% 85.64% + 0.08% 85.83% = 0.08% 91.77% + 0.32% 86.51% = 1.79%
0.9  84.62% + 0.36% 84.50% + 0.20% 84.55% + 0.37% 89.23% + 2.13% 83.94% = 0.02%

Number of times that performed the best

0

0 4 3 8

Table 13

HD among clients’ label distributions at varying levels of non-IID partitioning by time and space.
Dataset STHD=0 STHD=0.25 STHD=0.50 STHD=0.75 STHD =0.9
Serengeti 0.01 0.09 0.22 0.36 0.53
MHEALTH  0.01 0.01 0.01 0.03 0.07
5GNTF 0.03 0.20 0.29 0.30 0.49

Highlight 13: The higher the non-IID data level in time and space,
the worse the model’s performance.

Table 12 depicts the performance for each dataset and aggregation
algorithms, using multiple levels of non-IID spatiotemporal skew. It
demonstrates that, irrespective of the aggregation algorithm employed,
model performance deteriorates when data distribution among clients
varies concerning time or space. Fig. 6 illustrates the comparison
between FedAvg and the centralized model across varying STHD levels,
showing the same pattern: model accuracy deteriorates as spatiotempo-
ral non-IID data among clients grows. However, the magnitude of this
deterioration differs across datasets. The performance in all datasets
drops noticeably once the STHD surpasses 0.75. This phenomenon
occurs because increasing the differences among clients’ data based
on time and location also raises non-IID data in the clients’ label
distributions. This behavior is evident in Table 13, which displays the
HD in label distributions at varying levels of STHD among clients. We
also concluded in the label skew study section that higher levels of
non-IID data among clients’ data distributions negatively impact the
performance of the final model.

8.3. Convergence

In this subsection, we showcase the results related to the models’
convergence when there are variations in the data concerning time and
location, considering the results obtained on the Serengeti, MHEALTH,
and 5GNTF datasets.

Highlight 14: Spatial non-IID data shows no consistent impact
on convergence rounds; effects vary by dataset dynamics and task
difficulty.

According to Table 14, the same level of non-IID data can have a
radically different effect depending on the underlying data:

+ Serengeti: As STHD increases from 0 to 0.90, RTA nearly doubles
across all aggregation algorithms (e.g., FedAvg: 6 — 14; POC: 7
— 15). This suggests that data from different sites becomes more
heterogeneous, requiring more training rounds for the models to
converge.

13

» 5GNTF: All aggregation algorithms converge in just one round,
despite the STHD. This occurs when the classes are very easy to
distinguish and there is a clear gap between the records of one
class and those of the others. In such cases, the task becomes triv-
ial, and the time factor has minimal impact on when convergence
is reached.

MHEALTH: Across all aggregation algorithms, RTA stays
constant—except for MOON, which jumps sharply from 6 to 14
rounds as spatiotemporal non-IID data goes from 0 to 0.90. Since
the data come from body-worn sensors and are split by individual
subjects, client-specific covariate shifts emerge that particularly
undermine representation-based approaches like MOON.

For the MOON algorithm, the gap in RTA between STHD = 0
and STHD = 0.9 varies by dataset — 0 rounds for 5GNTF, 8 for
MHEALTH, and 11 for Serengeti — while other aggregation algo-
rithms show no such change. This indicates there is not a one-to-one
relationship between STHD and convergence speed; instead, factors
like task complexity, temporal patterns, and feature diversity shape
the outcome, supporting our earlier point that spatial non-IID data
impacts convergence inconsistently, depending on dataset dynamics
and problem difficulty.

9. General results
In this section, we provide highlights summarizing the overall re-

sults obtained from our experiments, combining the behavior shown
before for label, feature, quantity, and spatiotemporal skews.

Highlight 15: Label skew [19,25] and spatiotemporal skew
significantly impact the model’s performance.

Our experimental analysis reveals that not all forms of non-IID data
equally degrade FL performance. Label skew and spatiotemporal skew
exhibit the most severe impact. Label skew reduces model accuracy by
10%-40% compared to the CL baseline. Feature and quantity skews
show less significant effects (1%-5% accuracy drops). The previous
aligns with prior findings [19,25] that label skew disproportionately
harms aggregation, as local models overfit to dominant classes.
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Table 14
RTA reached for different levels of spatiotemporal non-IID cases as determined by STHD for K = 30.

Dataset Aggregation STHD=0 STHD=0.25 STHD =0.50 STHD =0.75 STHD =0.9
algorithm
FedAvg 6 7 7 10 14
Rand 7 7 8 10 14

Serengeti FedProx 7 7 7 10 14
POC 7 7 7 10 15
MOON 8 8 9 12 19
FedAvg 1 1 1 1 1
Rand 1 1 1 1 1

5GNTF FedProx 1 1 1 1 1
POC 1 1 1 1 1
MOON 1 1 1 1 1
FedAvg 2 2 2 3 2
Rand 2 2 2 3 2

MHEALTH FedProx 2 2 2 3 2
POC 2 2 2 4 2
MOON 6 7 7 13 14

Table 15 Table 16

The number of cases in which each specific algorithm achieved the best
performance for each study.

The number of cases in which each aggregation algorithm achieved the best
performance for each type of dataset.

Study #Cases FedAvg Rand FedProx POC MOON Dataset type  #Cases FedAvg Rand FedProx POC MOON
Label Skew 25 4 1 12 2 6 Image 39 8 3 19 9 0
Feature Skew 36 4 2 7 7 16 Tabular 49 1 0 7 9 32
Quantity Skew 12 1 0 3 6 2 Total best performance 9 3 26 18 32
Spatio Temporal Skew 15 0 0 4 3 8

Total best performance 9 3 26 18 32

Spatiotemporal skew introduces contextual drift (e.g., sensor data
varying across locations/times), corrupting the feature space. Similarly
to label skew, this cannot be fixed through simple aggregation — our
tests show FedAvg suffers 10%-12% higher accuracy loss. The global
model fails to perform effectively across all contexts because it averages
away crucial environmental patterns unique to specific locations or
times.

Highlight 16: FedProx performs better under label skew, POC
excels in handling quantity skew, and MOON exhibits greater
robustness to feature skew, whereas FedAvg and Rand tend to
struggle under high non-IID data levels.

Table 15 summarizes the cases in which each specific algorithm ex-
hibited the best performance compared to other aggregation algorithms
across four skewness types considered in our study. In most cases, the
FedProx, POC, and MOON aggregation algorithms achieved the best
performance, outperforming the simpler FedAvg and Rand algorithms.

Such a superior performance can be attributed to the specific mecha-
nisms to tackle the non-IID data of each aggregation algorithm. FedProx
stabilizes training by regulating the influence of the global model on
local clients, POC enhances personalization through loss-based selec-
tion, and MOON leverages contrastive learning to improve feature
representation. These mechanisms enable better adaptation to diverse
client distributions, leading to consistently stronger performance across
different skewness types.

Although FedProx, POC, and MOON generally outperform FedAvg
and Rand, the performance gains are often marginal. This indicates
that while these methods offer improvements in handling non-IID
data, they do not fully resolve the challenges posed by non-IID data.
The relatively small advantage suggests the need for more effective
aggregation algorithms to better adapt to diverse client distributions
and enhance model performance in FL scenarios.
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Highlight 17: FedProx is more effective on image datasets, while
MOON performs better with tabular datasets.

Table 16 examines the best-performing aggregation algorithms from
the perspective of the dataset type used for training. It shows that
FedProx outperforms all other algorithms on image datasets in nineteen
out of thirty-nine cases. In comparison, MOON generally surpasses
other algorithms on tabular datasets in thirty-two out of forty-nine
cases.

The effectiveness of FedProx on image datasets and MOON on
tabular datasets can be attributed to their distinct optimization strate-
gies. FedProx mitigates client drift by stabilizing updates, which is
particularly beneficial for complex, high-dimensional image data. In
contrast, MOON’s contrastive learning framework enhances feature
representation, making it more suited for tabular data, where feature
relationships play a critical role. These differences explain their varying
performance across dataset types.

10. Design insights and opportunities

We provide some design insights and opportunities, intending to
help researchers direct their efforts toward solving the effects of non-IID
data.

Quantifying the level of non-IID data. . Several works claim that the non-
IID data affects the performance of FL. models [22,34,72]. Nevertheless,
for the first time, we demonstrate that the effect of the non-IID data is
not the same under all the levels of heterogeneity (see Fig. 3).

Therefore, it is vital to quantify the non-IID data level in FL. This
work uses the HD metric to measure the level of non-IID data. However,
we encourage researchers to test different metrics, such as JSD [73],
EMD [74], and Total Variation distance [75], among others.

More effective methods to tackle high non-IID data. This work showcases
how the state-of-the-art methods to tackle non-IID data (Rand, POC,
FedProx, MOON) perform against FedAvg. The conclusion is that no
algorithm works better than FedAvg in all the scenarios. Moreover,
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the better methods do not greatly improve FedAvg under high non-
IID scenarios, as their gain is at most two percentage points. FedAvg
remains competitive due to its computational efficiency and adequacy
for moderately non-IID data, where its simplicity outperforms complex
methods like FedProx or MOON that incur tuning overheads. However,
in highly non-IID scenarios, adaptive approaches are essential, reveal-
ing a core trade-off between simplicity and adaptability. Thus, optimal
algorithm selection depends on the specific non-IID data and system
constraints in a given FL deployment.

This phenomenon has also been studied and claimed in the scarce
work of empirical analysis of non-IID data and methodologies [19,21,
25,76]. Therefore, creating methods to alleviate the effect of high levels
of non-IID data appropriately is needed to evolve and preserve FL. This
aligns with the open problems reported by Kairouz et al. [77].

Focusing on highly unbalanced data. In our experiments, we claim that
the more significant decrease in performance comparing CL and FL oc-
curs in unbalanced datasets since it relates to the challenge of learning
from highly skewed and less representative data (see Table 3).

Thus, it is relevant to create solutions to tackle non-IID data by
considering the degree of unbalancedness that the labels might have
across the clients.

Studying spatiotemporal skew. At the time of writing this work, no
analyses or empirical studies about the effect of the spatiotemporal
skew on the performance of FL models exist. Thus, for the first time,
we produce experiments to understand how different spatiotemporal
non-IID data levels affect an FL. model’s prediction power. The results
show (see Table 12) that high levels of space or time skews decrease
the performance of the models, more specifically when the HD is higher
than 0.75 (severe degree of non-IID data).

Thus, researchers may benchmark techniques to deal with space and
time skew in FL [78-80] to determine the behavior under high non-IID
data levels.

Methods to compare mixed non-IID data types. Current tools and meth-
ods for synthetic partitioning centralized data into federated data [14,
46,81-83] focus on simulating one type of non-IID data (label, fea-
ture, quantity, spatiotemporal skewness). Nevertheless, a more realistic
scenario would be combining two or more types of non-IID data to
evaluate the extent to which such mixes can alter the performance of FL
models. Therefore, for research in FL purposes, it would be interesting
to create methods to partition centralized data into federated clients
that permit the control of non-1ID data level for two or more data skews
simultaneously.

11. Conclusions

This study provides a comprehensive empirical analysis of the non-
IID effect in FL. Under controlled conditions, we benchmarked five
state-of-the-art strategies for addressing non-IID data distributions, in-
cluding label, feature, quantity, and spatiotemporal skew, with a par-
ticular focus on the relatively unexplored spatiotemporal dimension.
We aim to standardize the methodology for studying non-IID data in
FL by using HD to quantify data distribution differences. Our findings
reveal the significant impact of labels and spatiotemporal skews of
non-IID types on FL model performance. We also demonstrate that the
model’s performance drop appears at a double threshold. When HD
is higher than 0.5 and 0.75, higher damage and a steeper decrease
in performance slope occur. Moreover, our results suggest that the
FL performance is heavily affected, mainly when the degree of non-
IID data is extreme. Thus, we offer valuable recommendations for
researchers to address non-IID data. This work represents the most
thorough examination of non-IID data in FL to date, providing a robust
foundation for future research in FL.
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