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Abstract

Federated learning (FL) is a promising approach for training distributed machine learning
models while preserving clients’ data privacy. However, in real-world FL systems, data
are often not independent and identically distributed (non-IID). This heterogeneity can
slow convergence, degrade model performance, and increase client drift. To address these
challenges, numerous methods have been proposed to mitigate non-IID data effects by
optimizing client selection, local training, and model aggregation strategies. Despite their
effectiveness in improving performance and efficiency, these methods rarely consider fair-
ness across clients. Improving global accuracy does not guarantee balanced participation,
influence, or outcomes, which may lead to biased model behavior across clients. In this sur-
vey, we review existing non-IID mitigation methods in FL from a fairness perspective and
provide a systematic analysis of their implicit impact on client participation and influence.
Unlike prior surveys that treat fairness as a separate research direction, this work analyzes
how these methods designed for non-IID mitigation implicitly shape fairness outcomes
across clients. Our taxonomy classifies existing methods into three categories—fairness-
aware, semi-fairness-aware, and fairness-unaware—based on their design strategies for
client selection and model aggregation. Using this taxonomy, we analyze the advantages,
trade-offs, and limitations of each category and highlight that mitigating non-IID data
does not guarantee fairness across clients. Finally, we identify open challenges and outline
future directions, including system-level FL design that jointly considers non-IID mitigation
and fairness and the development of standardized fairness evaluation metrics. Overall,
this survey aims to provide a structured perspective on the relationship between non-IID
mitigation and fairness and support the development of more balanced and scalable FL
systems under non-IID conditions.

Keywords: federated learning; non-IID; fairness; client selection; model aggregation

1. Introduction
Federated learning (FL) has emerged as a distributed learning paradigm that enables

multiple clients to collaboratively train a global model without sharing their raw data [1].
Because data naturally resides across various devices that hold large volumes of private
information, FL is particularly well-suited to privacy-sensitive applications. In healthcare,
FL allows institutions to train models on sensitive patient records without exposing indi-
vidual data, thereby improving clinical decision-making while preserving privacy [2]. In
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finance, it supports decentralized risk modeling and fraud detection by allowing financial
institutions to share insights without exchanging customer data [3]. In Internet of Things
(IoT) environments, FL allows edge devices, such as sensors, wearables, and smart systems,
to learn from distributed data across applications, including smart cities, environmental
monitoring, and industrial systems, while respecting communication constraints and data
privacy concerns [4].

Despite these advantages, FL faces significant challenges in real-world deployments. A
central challenge is data heterogeneity, which is commonly referred to as not independently
and identically distributed data (non-IID), whereby clients exhibit different local data
distributions rather than drawing from a shared statistical population. This heterogeneity
can appear in different forms, including quantity skew, feature skew, or label skew, and can
substantially degrade model accuracy, increase communication and computation cost and
slow convergence [5]. To mitigate these effects, prior work has proposed client clustering [6],
regularization techniques [7], adaptive aggregation [8], and personalized learning [9].
Although these approaches improve accuracy, convergence speed, and communication
efficiency, they are designed from a performance perspective.

The fairness implications of non-IID mitigation methods remain comparatively under-
explored. In FL, fairness can be interpreted regarding balanced participation, influence,
and model performance across clients with diverse data distributions. Performance-driven
strategies, such as selecting clients with larger datasets or prioritizing highly informative
updates, may implicitly favor certain clients while underrepresenting others. Consequently,
a global model may achieve strong average performance while providing limited benefits to
clients with scarce, minority, or unique data. This raises a critical question: does improving
performance under non-IID data lead to fair outcomes?

The existing studies largely evaluate non-IID mitigation methods using performance
and efficiency metrics that do not capture disparities across clients. Furthermore, fairness
is typically treated as an independent objective rather than being examined in relation to
non-IID mitigation strategies. As a result, there remains limited systematic analysis of how
non-IID mitigation methods affect fairness across the FL pipeline.

The existing surveys categorize client selection and aggregation methods by mech-
anism, communication style, or application domain; however, these studies do not take
fairness into consideration. This study addresses this gap by reviewing non-IID miti-
gation methods from a fairness perspective. Table 1 lists relevant survey studies on FL.
For instance, Qi et al. [10] discuss model aggregation methods from the perspective of
system architecture and synchronization. Mayhoub and Shami [11] present a survey of
client selection methods in FL from the perspective of mechanisms and metrics. Ayeelyan
et al. [12] provide a comprehensive survey of FL design principles and functional architec-
ture. Almanifi et al. [13] discuss how non-IID mitigation techniques can improve model
update and communication efficiency. However, these studies do not examine how non-IID
mitigation methods affect fairness across clients.

To address this limitation, we analyze how client selection and aggregation strategies
shape client participation and client influence on the global model. Based on this analysis,
we propose a taxonomy that classifies existing non-IID mitigation methods into three
categories—fairness-aware, semi-fairness-aware, and fairness-unaware—depending on
whether fairness is explicitly considered in one or both stages of the FL pipeline. Using
this taxonomy, we systematically compare existing methods and analyze their advantages,
trade-offs, and limitations. We further examine current evaluation practices, including
commonly used datasets, non-IID settings, model architectures, and application domains,
and identify key challenges such as the lack of fairness-oriented metrics and standard-
ized benchmarks.
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Table 1. Comparison of previous surveys and reviews for non-IID, stages, and fairness in FL
(✓: included, Θ: partially included, ✕: not included).

Ref. Main Contributions Year Non-IID Client
Selection

Model
Aggregation Fairness

[12] A review of the functionalities and design
requirements of federated learning. 2024 Θ Θ Θ ✕

[5]
Introduction to basic definitions, related

technologies, and specific classifications of
federated learning.

2021 Θ ✕ ✕ ✕

[14]

A review of FL architecture, design, technical
challenges, and comprehensive taxonomies
covering various challenging aspects and

contributions.

2021 Θ Θ Θ ✕

[15]
A review of the impact of non-IID on

communication efficiency, model
convergence, and FL accuracy.

2024 Θ ✕ Θ ✕

[16]
A review of challenges posed by non-IID and

classification of the existing solutions from
the research entry point.

2022 ✓ ✕ Θ ✕

[17]

A review of current research work on
handling non-IID data challenges with a

discussion of their advantages and
disadvantages.

2021 ✓ ✕ ✓ ✕

[18] A review of client selection methods that
mitigate the heterogeneity problem. 2023 Θ ✓ ✕ ✕

[19] A systematic review of client-side challenges
in federated learning. 2023 Θ ✓ ✕ ✕

[11] A critical review of recent client selection
methods in federated learning. 2024 Θ ✓ ✕ ✕

[20]

A categorization of the techniques used for
efficient communication in FL and

identification of the most widely used
methods to mitigate non-IID and

communication cost.

2024 Θ Θ Θ ✕

[13]
A review of recent work regarding improving
communication and computation efficiency

in FL.
2023 ✕ Θ Θ ✕

[10]

A review of model aggregation methods with
a categorization of the methods into four

forms: synchronous, asynchronous,
hierarchical, and robust.

2024 ✓ ✕ ✓ ✕

[21]

An exploration of the key notions of fairness
in FL, identification of sources of bias,

analysis of fairness-aware strategies, and
evaluation of current research trends in

fairness metrics.

2026 ✕ Θ ✕ ✓

[22]

A harm-centered framework for fairness in
FL, connecting technical decisions to

stakeholder impact, and offering actionable
recommendations for more accountable,

context-aware research.

2026 ✕ ✕ ✕ ✓

Our
survey

A review of FL methods that mitigate non-IID
data from a fairness perspective across client

selection and model aggregation stages.
2026 ✓ ✓ ✓ ✓
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This survey offers a structured perspective on how non-IID mitigation methods affect
fairness in FL, with particular attention to client selection and model aggregation. Its
contribution lies in bridging performance-oriented mitigation strategies with fairness
concerns, helping future methods better balance performance, efficiency, and fairness.

The main contributions of this study are as follows:

(1) We provide a fairness-oriented reinterpretation of non-IID mitigation methods in FL.
(2) We propose a taxonomy that categorizes methods such as fairness-aware, semi-

fairness-aware, or fairness-unaware based on whether fairness is considered in client
selection, model aggregation, or both stages.

(3) We analyze the advantages, trade-offs, and limitations of each category, highlighting
the relationship between fairness, performance, and efficiency.

(4) We identify critical gaps in the current evaluation practices and outline future research
directions toward more balanced FL systems.

Our study contributes to a better understanding of fairness in FL under non-IID data
settings. Through a fairness-oriented analysis of client selection and model aggregation
methods, it provides a structured framework for examining how fairness is incorporated
into existing non-IID mitigation approaches. The significance of this work lies in identifying
fairness-related design choices, highlighting research gaps, and supporting future research
on balancing fairness, performance, and efficiency in real-world FL applications.

The remainder of this study is organized as follows. Section 2 presents the background
of FL and discusses the challenges posed by non-IID data. Section 3 describes the research
methodology. In Section 4, we introduce the proposed taxonomy and analyze existing
methods accordingly. Then, Section 5 discusses the main findings and open challenges.
Finally, Section 6 concludes this study.

2. Background in Federated Learning
2.1. Federated Learning Process

Federated learning is an emerging approach in decentralized machine learning. It
enables training a shared model without transferring data from clients to the central server,
thereby enhancing privacy preservation and limiting data leakage risks, reducing data
transfer, and supporting learning from decentralized and heterogeneous data sources. In
FL, each client updates the local model using its data and then sends the updates to the
central server for aggregation into a global model. A federated learning system consists
of two core components: (1) a client, where the data is held locally and model training
occurs, and (2) a server where the updates from clients’ models are aggregated, as shown
in Figure 1. Federated learning can be classified by two deployment settings: cross-device,
which involves a very large number of clients, such as smartphones or IoT devices, where
data are small per client, and clients are unreliable; and cross-silo FL, which involves a
small number of reliable clients, such as hospitals or enterprises, where each client holds a
large dataset and participates consistently.

These deployment types influence the design of an FL system. The basic process in FL
consists of the following three steps:

• Global model initialization: The server initializes the global model as the starting point
of the FL process.

• Client selection: Selected clients receive the global model and train the model locally, and
after updating the model parameters, the updated parameters are sent to the server.

• Aggregation: The server receives the updated parameters of each selected client
and aggregates these updates using an aggregation method to generate a global
updated model.
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Figure 1. Federated learning system.

2.2. Non-IID Data in Federated Learning

The term non-IID refers to data that are not independent or identically distributed
across clients, which differs from the traditional statistical assumption that training samples
are drawn from the underlying distribution. In FL, this variation arises because clients
differ in their environments, behavior, data sources, resources, or target tasks, leading
to substantial differences in the content and distribution of local data [23]. Accordingly,
non-IID data can be characterized at two levels:

• Intra-client non-IID: Heterogeneity within a single client’s local dataset, where the
client’s own data may be imbalanced or uneven.

• Inter-client non-IID: Heterogeneity across clients, where each client holds a distinct
data distribution.

For example, two devices collecting local user data may differ substantially in label
distribution, feature patterns, and sample sizes, meaning that each client contributes
different representative information to the training process. This heterogeneity manifests
in several forms:

• Feature distribution skew: This pattern indicates a variation in the distribution of
features or inputs across clients, assuming the label remains similar. This variance
leads to unstable local updates during training, resulting in conflicting parameters
during aggregation on the central server and negatively affecting the model’s ability to
generalize across clients. As a result, the global model may perform better on dominant
feature distributions while providing lower accuracy for clients with distinct local
characteristics, leading to performance disparities and fairness concerns across clients.

• Label distribution skew: The label distribution skew discrepancy relates to the different
proportions of class labels across clients. Some clients may have concentrated on
only a few classes; not all clients are equally represented among the target classes.
This uneven distribution biases the global model toward frequently observed classes,
reducing overall accuracy and potentially disadvantaging clients that contain rare or
underrepresented classes, resulting in representations and performance disparities.

• Quantity skew: This pattern indicates the difference in the data size available with
each client, and this leads to an impact on balancing during the training. The effect
is particularly evident in FedAvg, where clients with larger datasets receive higher
aggregation weights, giving them greater influence on the global model and potentially
reducing fairness for clients with limited data.

• Dynamic heterogeneity: This form of heterogeneity acknowledges that label skew,
feature skew, and quantity skew are not necessarily static. Concept drift occurs
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when a client’s data shifts across training rounds due to changes in user behavior,
environment, or application context. Temporal skew occurs when clients contribute
updates reflecting different time periods, often due to asynchronous or irregular
participation. Both forms can cause the global model to become misaligned with the
current data of some clients or to rely on outdated updates from others, introducing
additional fairness risks.

Although system heterogeneity is distinct from non-IID data, it can interact with non-
IID data by limiting the participation and aggregation influence of clients with valuable but
resource-constrained data. Therefore, it is discussed only where it affects client selection
and aggregation fairness.

These forms of heterogeneity create several interconnected challenges for FL, which
require techniques and approaches to mitigate data heterogeneity by designing frameworks
that adaptively address multiple challenges caused by non-IID types, rather than handling
each separately [24]. In FedAvg [1], as shown in Algorithm 1, the server selects a random
subset of clients each round, and these selected clients train the model locally for a defined
number of epochs. The clients send the updated model back to the server, and the server
aggregates the models by calculating a weighted average based on each client’s data size.
However, under non-IID data conditions, this mechanism accounts for client data quantity
but does not address label skew, feature skew, or dynamic heterogeneity.

Algorithm 1 Federated averaging algorithm. The K clients are indexed by k, B is the
local minibatch size, E is the number of local epochs, and η is the learning rate

Server executes:
initialize w0

for each round t = 1, 2, . . . do
m←max (C · K, 1)
St ← (random set of m clients)
for each client k ∈ St in parallel do

wk
t+1 ← ClientUpdate (k, wt)

wt+1 ← ∑k
k=1

nk
n
· wk

t+1

ClientUpdate (k,w): // Run on client k
B← (split Pk into batches of size B)
for each local epoch i from 1 to E do

for batch b ∈ B do
w← w − η∇ℓ(w; b)

return w to server

The result is a global model that tends to favor dominant clients, dominant classes,
and dominant feature distributions. The principal challenges arising from non-IID data are
as follows, as presented in Figure 2:

• Conflicting updates and slow convergence: This challenge is produced by the different
statistical distributions of data across clients, which leads to inconsistent updates
that may conflict during aggregation, slowing convergence and increasing training g,
communication, and computation cost.

• Bias and representation imbalance: Different forms of non-IID data create different
fairness challenges. Label skew can reduce representation of minority classes, feature
skew can create performance disparities across clients, and quantity skew can allow
clients with large datasets to exert disproportionate influence during aggregation.
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Together, these effects may lead to participation imbalance, influence imbalance, and
unequal model performance.

• Poor generalization: A global model optimized for dominant clients may perform
poorly for clients with rare labels, distinct feature distributions, or limited data, moti-
vating a personalization and fairness-aware approach.

• Concept drift: Changes in client data over time can make the global model less suitable
for the current local distribution. Asynchronous participation further introduces
updates from different time periods, creating fairness gaps between clients with recent
and delayed contributions.

Figure 2. Challenges posed by non-IID in FL settings.

These challenges show that non-IID data can negatively affect convergence speed,
communication and computation cost, stability, and fairness across clients. Client selection
and aggregation methods are therefore needed not only to maximize global performance
but also to promote stability, equitable influence, and fairness throughout the FL system.

2.3. Client Selection

Client selection refers to the process of choosing a subset of available clients to partici-
pate in each federated learning round. Since not all clients can participate simultaneously
due to communication, computation, or availability constraints, the server usually selects
only a fraction of clients in each round. In the FedAvg settings, clients are often selected
randomly, as in Algorithm 1, which provides a simple and low-overhead selection mecha-
nism. However, under non-IID data, client selection becomes more critical. Since clients
may hold different label distributions, feature distributions, data quantities, or system
capabilities, the selected clients in each round may not represent the overall federation.
If the selected clients mainly come from dominant data distributions, larger datasets, or
stronger devices, the global model may become biased toward those clients. In contrast,
clients with minority labels, rare data patterns, smaller datasets, or limited resources may
be repeatedly underrepresented. Therefore, client selection determines who participates in
the learning process. From a fairness-aware perspective, this stage is important because
exclusion at the selection stage limits which clients and data distributions can influence the
global model in later stages.
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https://doi.org/10.3390/electronics15143178


Electronics 2026, 15, 3178 8 of 42

2.4. Model Aggregation

Model aggregation refers to the process of combining local client updates to produce
a new global model. After selected clients train local models using their private data,
they send model updates, gradients, prototypes, logits, or other representations to the
server. The server then aggregates these updates to generate the next global model. In
FedAvg, aggregation is performed using data-size-based weighing. Although data-size-
based aggregation is simple and efficient, it can create unequal influence under non-IID
data. Clients with larger datasets or majority distributions may dominate the global update,
while clients with smaller datasets, rare labels, or different feature distributions may have
limited influence. Aggregation, therefore, determines how client knowledge is integrated
into the global model. Consequently, aggregation design has a significant effect on model
convergence, representation of heterogeneous data, and overall learning performance.

2.5. Fairness in Federated Learning

Fairness has become an important research topic in FL due to heterogeneity in client
data, resources, participation, and contributions. Recent surveys have reviewed fairness
notions, sources of bias, evaluation metrics, and mitigation techniques in FL [21], while
also highlighting the need to consider fairness across the entire FL lifecycle and from
multiple stakeholder perspectives [22]. To provide the necessary background for our
taxonomy, this section briefly reviews the main fairness evaluation metrics used in FL
and summarizes representative fairness-aware algorithms before focusing on fairness in
non-IID mitigation methods.

2.5.1. Fairness Evaluation Metrics

Fairness evaluation in FL is challenging, particularly when data is heterogeneous, and
there is a need to account for performance [21]. Fairness can be considered from different
angles of the system, including model performance, training efficiency, client contribution
update similarity, group-level outcomes, and temporal fairness [25]. Therefore, existing
FL fairness studies use different metrics depending on the objective of the method and
the application scenario. Common metrics include: accuracy, efficiency, distance-based
measures, average variance, statistical parity difference, equal opportunity difference,
Pearson correlation coefficient, and Jain’s fairness index [21].

Although these metrics do not always use the terms participation fairness or influence
fairness, they can support stage-level fairness analysis. For example, Jain’s fairness index
can be used to examine equality in client selection, resource allocation, or client outcomes.
Cosine similarity and distance-based metrics can help analyze update alignment during
aggregation. Average variance can reveal client-level performance disparity. However,
many non-IID mitigation methods mainly report accuracy, convergence, communication
cost, or robustness, without explicitly reporting fairness metrics. Therefore, this survey
uses participation fairness and influence fairness as conceptual boundaries for the tax-
onomy. Table 2 summarizes how fairness-related behavior can be evaluated when such
measurements are available.

2.5.2. Fairness-Aware Algorithms in Federated Learning

Fairness has received increasing attention in FL due to disparities in client data distri-
butions, resource availability, participation frequency, and model contribution. To address
these challenges, a variety of fairness-aware algorithms have been proposed that aim to
improve participation fairness, contribution fairness, resource fairness, and performance
fairness across heterogeneous clients. Existing fairness-aware approaches can be broadly
categorized into five groups. Optimization-based methods formulate fairness as part of the
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learning objective or as a constrained optimization problem, enabling explicit trade-offs
between fairness and model performance [26–28]. Fair resource allocation methods seek
to distribute communication, computation, or learning benefits more equitably between
clients, with representative examples including q-FedAvg and logarithmic fairness-based
approaches [29,30]. Reputation-based methods leverage clients’ historical behavior, re-
liability, or contribution records to guide participation decisions and improve fairness
over time [31,32]. Game-theoretic methods employ concepts such as cooperative games
and Shapley values to evaluate client contributions and allocate rewards fairly [33,34].
Gradient-based methods improve fairness by modifying local updates, reducing gradient
conflicts, or adjusting aggregation weights during training [35,36].

Table 2. Fairness evaluation metrics in FL.

Metric Evaluation
Objective Advantages Limitations Applicable Non-IID

Scenarios

Accuracy
Model performance

across clients or
groups

Simple and widely
used

Does not directly
measure fairness

unless reported per
client or group

Label skew,
feature skew,
concept drift

Efficiency Training rounds or
total training time

Captures training
cost and convergence

behavior

Does not directly
measure fairness

outcomes

Quantity skew,
temporal skew

Euclidean distance

Difference between
model, weight, or

representation
vectors

Useful for measuring
model divergence

Sensitive to scale and
high-dimensional

updates

Feature skew,
concept drift

Manhattan distance Absolute differences
between vectors

Simple and
interpretable

Does not capture
directional similarity

Feature skew,
concept drift

Cosine
similarity/distance

Directional similarity
between client

updates

Useful for detecting
gradient conflict

Ignores update
magnitude

Feature skew,
concept drift

Maximum difference
Largest deviation

between target and
actual values

Highlights the
worst-case disparity Sensitive to outliers Label skew,

feature skew

Average variance
Variation in client
performance over

time

Captures
performance

disparity

Does not identify the
source of disparity

Label skew, feature
skew, concept drift

Statistical parity
difference

Difference in positive
outcomes between

groups

Useful for group
fairness

Requires sensitive or
group attributes Label skew

Equal opportunity
difference

Difference in true
positive rates

between groups

Useful for
classification fairness

Requires labels and
sensitive attributes Label skew

Pearson correlation
coefficient

Alignment between
estimated and true

contributions

Useful for
contribution
evaluation

Requires reliable
contribution

estimates
Quantity skew

Jain’s fairness index
Equality in allocation
or achieved fairness

between clients

Bounded and easy to
interpret

Equal allocation may
not always mean fair

treatment under
non-IID data

Quantity skew,
temporal skew
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3. Research Methodology
This study followed the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) [37]. The method used to conduct this research is as follows: First,
the research questions are described, followed by the inclusion and exclusion criteria. The
search strategy is then stated; finally, the study selection process is presented.

3.1. Research Questions

This survey is guided by the following questions:

RQ1. What client selection and model aggregation approaches have been proposed to
mitigate the effects of non-IID data in FL?
RQ2. How is fairness incorporated into client selection and model aggregation mechanisms
within existing non-IID mitigation methods?
RQ3. How can non-IID mitigation methods be classified according to fairness awareness in
client selection and model aggregation?
RQ4. How do existing studies evaluate fairness, performance, and efficiency under non-IID
FL settings?
RQ5. What research gaps and future directions remain for developing fairness-aware
systems under non-IID data?

3.2. Inclusion and Exclusion Criteria

The inclusion criteria are as follows:

• Articles focused on federated learning under non-IID settings.
• Articles focused on client selection, model aggregation, or fairness strategies.
• Articles published during the period from 2021 to 2026.
• Studies written in English.

The exclusion criteria:

• Articles focused only on privacy, security, blockchain, or adversarial attacks without
relevance to non-IID mitigation or fairness.

• Articles focused only on general FL without addressing non-IID data, client selection,
and model aggregation.

3.3. Search Strategy

Researchers conducted the search strategy across multiple databases, including IEEE
Xplore, Google Scholar, Scopus, and Web of Science, to comprehensively retrieve relevant
studies. They used a combination of keywords such as “federated learning”, “client
selection”, “model aggregation”, “non-IID”, “data heterogeneity”, “fairness”, and “fairness-
aware federated learning”. To refine the search results and ensure thorough coverage of
the literature, they applied operators (AND/OR).

3.4. Study Selection

As shown in Figure 3, the initial search phase retrieved 442 records. All references
were imported into Zotero [38], where 65 duplicate records were identified and removed,
leaving 337 studies for screening. Titles and abstracts were then screened according to the
predefined inclusion and exclusion criteria. At this stage, 249 studies were excluded because
they were not relevant to FL under non-IID settings, client selection, and model aggregation,
or because they were survey or review articles. This process left 128 reports for full-text
retrieval. However, 15 reports could not be retrieved. The remaining 113 studies were
assessed for eligibility. After applying the predefined criteria, 43 studies were excluded
for two reasons: (1) the study did not present a method that could be mapped to the client
selection or model aggregation stages of the FL pipeline, even if it mentioned non-IID data
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in the abstract (25); (2) the study did not provide enough methodological, algorithmic,
or evaluation detail to determine how the method addressed non-IID data in the client
selection and/or model aggregation stages (n = 18).

Figure 3. PRISMA flow diagram.

4. Taxonomy of Non-IID Mitigation Methods from a Fairness-Awareness
Perspective

In this section, we present our proposed structured taxonomy for analyzing federated
learning methods that aim to mitigate non-IID data. Existing studies classify non-IID
mitigation methods based on technical mechanisms, such as client selection, aggregation
modification, clustering, personalization, regularization, communication efficiency, or ro-
bustness. In contrast, this survey provides a complementary perspective by examining
whether fairness is explicitly considered in the main stages of the FL pipeline. In developing
the proposed taxonomy, we adapt the taxonomy development method introduced by Nick-
erson et al. [39]. The purpose of our taxonomy is to support researchers and developers of
FL systems in identifying where fairness is considered within non-IID mitigation methods.
Following the conceptual-to-empirical approach, our taxonomy dimensions were derived
from the theoretical structure of the FL pipeline and then validated against the reviewed
methods. The meta-characteristic of the taxonomy is fairness awareness in the FL pipeline.
Based on this meta-characteristic, the taxonomy classifies methods according to whether
fairness is considered in two key stages: client selection and model aggregation. Since FL
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operates as a repeated cycle of client selection, local training, and aggregation, fairness
should be examined at the system level rather than in a single component only.

This survey adopts a stage-level view of fairness in non-IID mitigation methods in
FL. We look at fairness from a high-level perspective. Instead of limiting our definition of
fairness to methods that directly optimize fairness as an objective, we consider whether
fairness choices are incorporated into the design of non-IID mitigation methods in FL, even
if the overall system is optimized for other objectives, such as convergence speed, commu-
nication efficiency, or model accuracy under non-IID data. In our taxonomy, we focus on
two dimensions: participation fairness in client selection and influence fairness in model
aggregation. These two dimensions are chosen because they represent the main processes
in an FL system that affect fairness. Thus, an FL method (F) can be represented, using two
dimensions, as F = {CS, MA}, where CS denotes client selection, and MA denotes model
aggregation. Each dimension can take one of the two values: CS ∈ {Included, Not Included}
and MA ∈ {Included, Not Included}. A stage is considered included when the method
design directly addresses fairness in client selection and model aggregation. For client
selection, this means considering participation fairness through the inclusion of diverse,
minority, underrepresented, resource-constrained, or otherwise disadvantaged clients. For
model aggregation, this means considering influence fairness through mechanisms that
balance or justify the influence of heterogeneous clients on the global model. A stage is
considered not-included when the mechanism mitigates non-IID data without addressing
these fairness considerations.

The two dimensions produce four possible combinations: fairness in client selection
and model aggregation, fairness in client selection only, fairness in model aggregation
only, and fairness in neither stage. However, for analytical purposes, the two middle
cases are grouped as semi-fairness-aware since they share the common characteristic of
partial fairness coverage regardless of which stage is addressed. Consequently, methods
that incorporate fairness in both stages are classified as fairness-aware, methods that
incorporate fairness in only one stage are classified as semi-fairness-aware, and methods
that do not incorporate fairness in either stage are classified as fairness-unaware.

For example, a method that promotes balanced participation across heterogeneous
clients but uses a standard aggregation FedAvg is classified as semi-fairness-aware because
fairness is considered only during client selection. Similarly, a method that adjusts aggrega-
tion weights to reduce unequal client influence but uses random or performance-driven
client selection is also classified as semi-fairness-aware because fairness is considered only
in model aggregation. A method is classified as fairness-aware only when fairness consider-
ations are incorporated into both stages. In contrast, a method that improves convergence
speed, communication efficiency, or model accuracy under non-IID data without address-
ing participation fairness or influence fairness is classified as fairness-unaware. Therefore,
the proposed taxonomy should be interpreted as a classification of fairness awareness
in method design rather than a judgment of whether a method ultimately achieves fair
outcomes. The taxonomy identifies whether fairness is incorporated into client selection
and/or model aggregation and provides a structured framework for analyzing non-IID
mitigation methods from a fairness-awareness perspective.

The proposed taxonomy, illustrated in Figure 4, provides the decision logic used to
classify reviewed methods based on the incorporation of fairness within different stages of
the FL pipeline under non-IID data settings.
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Figure 4. Fairness-aware taxonomy of non-IID mitigation methods. Methods are classified according
to whether fairness is explicitly considered in the client selection or model aggregation stages, in both
stages, or in neither stage.

4.1. Fairness-Aware Non-IID Mitigation Methods

Fairness-aware methods explicitly consider fairness in client selection and model
aggregation. In these methods, client selection is designed to improve fair participation
or representation, while aggregation is designed to regulate client influence and reduce
dominance by specific clients or data groups. Therefore, these methods address both key
fairness concerns under non-IID data: who participates and whose updates shape the
global model. FedFast [40] addresses label and feature skew by proposing ActvSAMP to
cluster clients using K-means and select delegates of each cluster to ensure diversity in the
pre-training stage. ActvAGG uses delegates to train the model and sends the updates to the
server in the post-training stage, and then the server propagates the updated model to other
clients in the post-aggregation stage. This method aims to reduce communication costs
and improve accuracy. However, it depends heavily on the quality of the clustering and
the similarity metric. The approach by the authors of [41] focuses on mitigating label and
quantity skew by proposing a reputation-enabled aggregation method, which calculates the
reputation score depending on the comparison of accuracy with the current and previous
models, as well as a temporary global model. The reputation score is calculated in the
post-training stage to select clients, and the client with a lower score than the defined
threshold is rejected. The clients who passed the threshold are accepted to the aggregation
stage, where each client is weighted based on the contribution according to the normal
distribution. This method aims to filter the clients in the client selection stage and weight
clients based on their contribution, which leads to improved convergence and accuracy.
Despite these improvements, the method requires a predefined reputation threshold to
identify and exclude poor-quality clients. The authors of [42] leverage non-IID by proposing
the CATA-Fed method, which is divided into client selection and aggregation stages. In
the client selection stage, the clients apply adaptive local update (ALU), starting with local
training to measure how many epochs each client is able to train in a defined time. Based
on this measure, the server then detects the stragglers and applies a straggler-mitigating
scheme (SMS) to prevent stragglers from delaying training by dividing the data into sub-
clients to use in each round. After SMS, cluster fair selection (CFS) is applied to cluster
clients based on the data size, and within each cluster, proportional fair selection (PFS)
is applied to select clients across rounds. In the aggregation stage, FedAvg weights each
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client’s contribution by the amount of data it used in that round, including stragglers. ALU
and SMS were used to validate the updates, CFS was employed to fairly select clients,
and aggregation was utilized to balance the weight, which leads to higher accuracy and
improved convergence speed. G-FML [43] mitigates non-IID data when client data are
highly skewed by proposing group-based federated meta-learning G-FML, which groups
similar clients together and then separates learning meta-models into the groups. Each
client trains a local autoencoder to extract a representation of its data distribution, and then
the server applies K-means clustering to group clients with similar distributions. After
that, within each cluster, MAML is applied to train a group-specific meta-model. This leads
to outperforming baseline methods under strong non-IID. One concern is that clustering
quality depends heavily on the autoencoder’s representation, and dynamic regrouping
introduces extra computation and communication overhead. CFMTL [44] focuses on label
and quantity skew by clustering clients based on model similarity using the Earth Mover’s
Distance (EMD) in the post-training stage. Within each cluster, a random selection is made
in each round to ensure fair client selection in the pre-aggregation stage, and then FedAvg
aggregation is applied within each cluster. After that, proximal regularization is applied
to adaptive personalization, and knowledge is transferred between clusters to prevent
isolation between them in the post-aggregation stage. This method leads to results that
outperform the basic FL regarding accuracy and communication efficiency.

4.2. Semi-Fairness-Aware Non-IID Mitigation Methods

Semi-fairness-aware methods consider fairness in only one stage of the FL pipeline.
Some methods improve fairness in client selection but use standard or performance-driven
aggregation. Other methods use random or performance-driven selection but introduce
aggregation mechanisms that regulate influence, correct update bias, or reduce dominance
under non-IID data. Therefore, these methods partially address fairness, but they do not
provide a system-level fairness design across selection and aggregation.

4.2.1. Fairness-Aware Client Selection with FedAvg Aggregation

In federated learning, fairness can be introduced at different stages of the training pro-
cess. Some methods apply fairness-aware client selection while using the standard FedAvg
aggregation rule. In this approach, the server carefully selects clients using a structured
mechanism such as clustering or optimization to ensure representation of diverse data dis-
tributions. However, the aggregation stage is still performed using FedAvg, which weights
the updated client’s model based on local data size, and this leads to an imbalance. As a
result, the system can be described as participation-fair but aggregation-unfair. Although
fairness is considered at the selection stage, statistical dominance may still appear during
aggregation, especially under non-IID data.

Several studies [6,45–48] use clustering clients with similar characteristics to control
which clients participate in each round. The main objective is to improve representation
under heterogeneous data. This can be carried out during pre-training based on local
dataset characteristics and geographical location or during post-training based on local
model training time and parameters.

The authors of [45] focus on mitigating label distribution and quantity skew by cluster-
ing clients based on each client’s sample size or the similarity of their local model updates in
the pre-round stage. The authors then select samples from each cluster using multinomial
distribution sampling to ensure diverse representation. While this method ensures that
clients with unique data are more likely to be clustered, the clustering process becomes
expensive when scaling to a very large number of clients.
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The authors of [6] propose Heterogeneity-Aware Clustered Client Selection (HACCS),
in which clients send the similarities found in statistical data distributions, computational
resources, and training loss to the server. After that, the server clusters clients with similar
data distributions during the pre-round stage, and each cluster is assigned a probability of
selection based on its average latency and loss. Clusters with lower latency and higher loss
are more likely to be selected, and then the representative fastest clients within each cluster
are selected in the pre-aggregation stage. HACCS aims to ensure diverse data representation
across clients to mitigate data heterogeneity and reduce convergence time. The method
by the authors of [46] introduces an irrelevance score metric to select the best client in
an imperfect heterogeneous environment. The irrelevance score is calculated based on
several factors, including data size, class imbalance, and the degree of non-IID distribution.
Each client then sends the score to the server during pre-training. This score helps in
detecting clients who are small-data free riders. The server sorts the scores using the time
sort algorithm, groups them into clusters, and selects the top clients of each cluster. After
each training round, the server updates the score and re-evaluates the client selection for
the next rounds. This method aims to balance these factors to form a balanced client group,
leading to faster convergence even in highly skewed data distributions. SCS [47] introduces
a stochastic integer-programming-based client selection, which balances performance and
cost while accounting for uncertainty in client reputation. In this method, clients are
clustered into three categories: low, medium, and high reputation. The categories are
based on the quality of their local gradient updates, which are evaluated by the server in
each round. The server formulates an optimization problem to select the best set of clients
from each cluster, which minimizes the total training cost while maintaining strong model
performance. However, this method assumes that high reputation equals reliability. The
work by the authors of [48] discusses the label distribution skew in the IoT environment,
which degrades performance, and proposes the FEDGS framework based on the GPB-CS
algorithm to cluster clients by location and then selects a subset from each cluster to form a
homogeneous super node. The GPB-CS algorithm is applied during the pre-training stage
based on statistical information about each client’s label distribution. This method aims
to verify the distribution before accepting clients’ updates, thereby improving accuracy
and reducing the number of training rounds. While effective, this method depends on the
assumption that clients are naturally clustered by static location, but it fails in dynamic
federation environments, such as mobile networks.

Cluster-based methods group clients according to similarity, reputation, or distribution
metrics. They rely on predefined structures or periodic updates, while optimization-based
selection treats client selection as a sequential decision problem that adapts over time based
on feedback and estimated rewards. However, both approaches aim to reduce non-IID
effects at the selection stage, where contribution weighting remains dependent on data size
using standard FedAvg.

Unlike clustering methods, optimization methods treat client selection as a decision
problem with a clear goal and well-defined constraints. Instead of random client selection,
the server evaluates each client based on measurable factors such as data distribution, time
cost, and fairness. These factors are then placed inside a formal optimization model that
guides the selection process. RBCS-F [31] proposes a reputation-based client selection with
fairness. It is designed to improve fairness and efficiency within a mobile edge computing
environment. This method considers fairness and the total time each client spends down-
loading, training, and uploading their model. Each client reports information from the
previous round, including its computation capacity, transmission power, channel condition,
and model size. Using this information, the server applies a Contextual Combinatorial
Multi-Armed Bandit (C2MAB) framework to estimate the expected time required for com-
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munication and training with each client. At the same time, a Lyapunov optimization
framework ensures that the selection remains fair and diverse over time. This method
improves training efficiency while maintaining controlled fairness across clients compared
with baseline methods. However, fairness is defined as equal participation opportunity,
not equal model benefit, which leads to selecting clients that have a poor local model.

The approach by the authors of [49] models client selection as a combinatorial multi-
armed bandit problem. The key idea is that the gradients of local models reflect the
class distribution of each client’s training data. Unlike clustering methods, this approach
learns from previous rounds and dynamically updates its strategy. To estimate the class
distribution, the method uses a shared global dataset to analyze the updated local gradients
from clients. Based on this information, an estimation scheme is applied to approximate
the class balance between clients. Then, the Contextual Multi-Armed Bandit (CMAB)
algorithm is used to select a subset of clients whose combined label distributions form
a more balanced dataset. In each round, when the server receives model updates from
the clients, the estimation scheme is computed, and then the CMAB algorithm selects
a client group. This approach aims to achieve fair class representation and improve
the global model’s convergence performance. While effective, an auxiliary dataset is a
practical constraint in real deployments. Wang et al. [50] propose an efficient FL framework
that mitigates non-IID data using an evolutionary algorithm-based client selection. The
genetic algorithm selects base clients whose combined data distribution approximates
the overall distribution, helping include diverse and underrepresented clients. However,
aggregation follows FedAvg with data-volume weighting and does not explicitly address
influence fairness.

4.2.2. Fairness-Aware Client Selection with Performance-Driven Aggregation

In this category, client selection is fairness-aware, while aggregation uses unfair op-
timized weighting strategies rather than FedAvg. These methods move beyond simple
data size averaging by introducing computational power, updating freshness, commu-
nication delay, or adaptive weighting parameters. However, the aggregation objective
remains performance-driven rather than fairness-driven. Therefore, these methods can be
described as participation-fair with efficiency-optimized aggregation, rather than a fully
fairness-aware federated learning system. The authors of [51] address label distribution
skew by proposing a decentralized approach called E-Tree, depending on the hierarchical
tree structure. KMA builds a cluster by accounting for data similarity and network distance
to ensure intra-cluster aggregation quality during the post-training stage and then selects a
public node to average updates from its members. After these decentralization updates,
each cluster sends its aggregated model to the central server for final global aggregation.
This method outperforms the benchmark approach in accuracy and convergence speed.
This assumption may not hold under highly dynamic environments, as the data similarity
and network distance criteria are not enough to guide the tree. The technique by the authors
of [52] focuses on mitigating the label distribution variance between clients by proposing a
group-based client scheduling (GS) technique that groups the clients into several clusters
such that their label distributions complement each other, based on a new metric called
Group Earth Mover’s Distance (GEMD) in the pre-training stage. GEMD measures the
deviation between each cluster and the global distribution. In each round, the server selects
a client from the cluster with the lowest GEMD value, indicating that the cluster represents
a balanced dataset. The GS technique forms complementary client groups and selects the
most balanced ones, leading to improved performance of the FL algorithm compared with
random client selection. However, the method assumes there is a trusted third party that
helps prepare the information needed for grouping. The framework by the authors of [53]
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mitigates the label and quantity skew by proposing an Eiffel framework that integrates
fairness client selection by scheduling based on computation cost, data size, local loss, and
age of update (AoU) in the pre-training stage and weights each client’s contribution in
the aggregation stage based on system capability. This method aims to select clients who
ensure the system is efficient and fair. Although promising, it introduces privacy leakage
indirectly. The authors of [54] propose SACW, a semi-asynchronous FL framework that
mitigates non-IID and system heterogeneity using DBSCAN-based client clustering and
adaptive weighted aggregation. The method selects one representative client from each
label distribution cluster, helping to include minority and underrepresented groups in each
round. However, aggregation weights depend on data size and staleness, which improves
efficiency but does not ensure balanced client influence. Sun et al. [55] propose LN-FHAR,
a two-stage FL framework that addresses label noise and non-IID data through client
grouping, reliable-neighbor support, and prototype regularization. The method retains
high- and low-quality clients, supporting noisy or minority-distribution clients rather than
excluding them. However, aggregation uses sample-size and quality-based weights, which
improve robustness but do not ensure balanced client influence.

4.2.3. Random Client Selection with Fairness-Aware Aggregation

In this category, clients are selected randomly without explicit fairness control. The
participation probability is not adjusted for diverse data distribution or class imbalance.
However, aggregation is designed to correct statistical bias, reduce client drift, or balance
influence under non-IID data [56]. FedDist addresses the label and quantity skew by using
different model architectures. If a neuron from a client is too dissimilar from what exists
in the global model, a new neuron is added to the global architecture to preserve specific
client knowledge, and after adding new neurons, FedDist performs layer-wise training
rounds so new layers can adapt to the expanded representation. This method increases the
model’s capacity to represent clients instead of correction-based methods, and this leads
to a balance between personalization and generalization. However, if many clients intro-
duce unique patterns, the global model may expand continuously, which then increases
memory and communication costs. The authors of [57] focus on mitigating label skew by
introducing a variance reduction mechanism using a correction term that estimates how
much each client update is biased from the global model. Even if clients are randomly
selected, the control terms in local training for the selected clients reduce the variance
between local and global updates. This result demonstrates an improvement in accuracy
and reduced communication rounds. The framework by the authors of [58] leverages
feature distribution skew by proposing the FedAAR framework, which addresses two main
problems in non-IID. First, it reduces the client drift during local training by using the
prototype-guided local update (PLU) module to learn consistent features in post-training.
Second, it reduces conflicts between the local gradients using the cosine distance during
the global aggregation by using gradient-refinement-based aggregation, GRA. However,
the validation scale is small. FedBGVS [59] mitigates label skew in the global model; it
balances the weighting by using a balanced global validation score (BGVS) at the server to
evaluate each updated model received from clients after local training, and then it adjusts
the client’s weight in the aggregation stage. This method improves performance compared
with baseline methods. This design choice assumes that the server must own a balanced
validation dataset, which may not be available in privacy domains. FedFusion [60] ad-
dresses the challenge of model aggregation in a non-IID environment by depending on
model statistical information instead of data (data-agnostic). It infers the global distribution
from clients’ statistical parameters in the post-training stage. Based on these statistical
parameters, the Variational AutoEncoder (VAE) validates the consistency of client updates
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and then adjusts the updates according to their suitability for the virtual components. The
method aims to validate and balance the weight of the client’s contribution by inferring
the global distribution during the pre-aggregation stage. Although the method achieves
significant performance improvements over the state of the art, training the VAE at the
server each round adds computational overhead. The authors of [61] focus on mitigating
label and quantity skew by proposing the FLT method, which discovers the related clients
by extracting and embedding data for each client and uses K-means to compress and send
the data as a signature in the pre-training stage. On the server side, UMAP is applied
to build an adjacency matrix that can be used directly by the FedAvg aggregation or to
form clusters in the pre-aggregation stage, thus improving accuracy and speeding up the
convergence. However, UMAP depends on a pre-trained encoder distributed to all clients,
which introduces a form of prior knowledge that may not always be available. The method
by the authors of [62] addresses label/quantity skew as well as temporal skew, FlexCFL
clustering clients based on EDC, newcomers based on cosine similarity, controls the tem-
poral shift by the Wasserstein distance in the post-training stage, and in the intra-group,
it applies FedAvg, where in the inter-group, semi-pluralistic aggregation is applied by
defining a specific value. This method improves accuracy over baseline clustering and
standard FL methods. While this method addresses a static clustering limitation that was
ignored in clustered FL research, it introduces several tunable components that increase
system complexity. The method used by the authors of [63] leverages the challenge of
model aggregation in a non-IID environment, specifically regarding label distribution and
quantity skew. This paper proposes FedEWA, a novel parameter-wise elastic weighted
averaging method that replaces model-level averaging, such as FedAvg. After local training,
each client computes the important coefficients for its parameters and sends them to the
server. The server then performs elastic parameter-wise aggregation in the pre-aggregation
stage. This process validates the importance of each parameter before the aggregation,
which improves convergence efficiency. Despite the reported gains, it requires clients to
compute the importance of the coefficient for each model parameter during the local train-
ing. The authors of [8] propose the FedDyn method to mitigate label and quantity skew by
modifying the local objective with a dynamic regularizer to align local solutions with the
global solution. Instead of each client minimizing only its empirical loss, the local objective
is modified so that the local minima align more closely with the global minima. FedDyn
achieves faster convergence and reduces the number of communication rounds compared
with FedAvg, FedProx, and SCAFFOLD. In contrast, the method requires maintaining
and updating variables on the server, which increases memory overhead. The authors
of [64] address the resource-constrained reality of edge devices by introducing the FedGKT
framework, which is a group knowledge transfer training algorithm. Clients train small
CNNs on their local non-IID data during training. Instead of sending full model weights,
they transfer their knowledge via knowledge distillation to a large CNN on the server side
during the pre-aggregation stage. The goal is to build a hybrid setup in which the small
client model adapts to each user’s data, while the server model collects information from
all clients. This method reduces client computation and communication while maintaining
accuracy slightly better than FedAvg. While effective, feature map sharing may leak more
information than parameter averaging. QuPeD [65] addresses label distribution skew and
resource heterogeneity. This method combines personalized FL, model quantization, and
knowledge distillation into a unified framework. This method enables clients to collaborate
via knowledge distillation, allowing each client to adapt a personalized model while still
benefiting from a shared global model. Clients use compressed models of varying sizes to
accommodate local hardware limitations. Even when models are quantized, the method
outperforms baseline methods. The gains are achieved at the expense of communication
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overhead and potential privacy exposure through model outputs. FeSEM [66] focuses on
mitigating label and feature distribution skew by proposing a centralized method that
measures models for each client after local training, sends them to the server, and assigns
each client to the appropriate cluster. Then, the server updates each center by aggregating
the clients’ models and sends the updated model back for local fine-tuning. This stochas-
tic expectation–maximization (EM) algorithm repeats until each client is assigned to the
correct cluster and the model is improved for that cluster. This method achieves higher
accuracy than baseline methods. The approach relies heavily on clustering quality. The
authors of [67] propose a two-timescale hybrid federated learning TT-HF, which is a semi-
decentralized architecture composed of two components: device-to-device communication
and device-to-server communication. Clients are first grouped into clusters based on their
communication capabilities; within each cluster, neighboring devices interact through D2D
rounds to exchange and aggregate their local model parameters before global aggregation.
Then, a subset of clients sends their updated models to the server, which periodically
aggregates the cluster models to update the global model. This hybrid approach uses
decentralized learning inside clusters with centralized coordination across clusters. This
method achieves better accuracy and faster convergence than standard federated learning.
However, it depends on appropriate clustering and reliable D2D connectivity. The authors
of [68] focus on mitigating the challenges of label and quantity skews and communica-
tion costs by proposing a disentangled Information Bottleneck (IB) principle-based loss
function to update the local model in a manner that keeps the valuable information for
prediction while discarding unnecessary details. The authors also propose a robust model
aggregation approach based on mutual information (MI) to prune outlier clients on the
server side. This method aims to validate the effectiveness of client updates and the quality
of the aggregation, thereby reducing communication rounds and improving test accu-
racy. However, computing and estimating mutual information can introduce additional
computational overhead. The authors of [69] introduce mitigating features and quantity
skew by improving the integration of local training and aggregation. To extract features,
a deep learning model combined with multiscale convolution, an attention mechanism,
and a multistage residual connection is employed in the post-training stage. Moreover,
to improve the efficiency of the aggregation, a Kalman filter, FKF, is combined with cubic
exponential smoothing (CES) in the pre-aggregation stage. This method aims to give more
weight to reliable clients, reduce the impact of noisy updates, and maintain the global
model’s stability. The authors of [70] introduce FOCUS, an FL optimization method that
addresses non-IID and arbitrary client participation using push–pull gradient tracking. The
method accumulates gradient tracking variables over time, preserving contributions from
infrequently participating clients and reducing aggregation bias.

4.2.4. Performance-Driven Client Selection with Fairness-Aware Aggregation

In this category, client selection is not fairness-aware; clients are selected based on per-
formance indicators, such as loss or predefined criteria that may favor certain participants.
However, the aggregation introduces corrective mechanisms such as credibility-based
weighing or hierarchical validation. In this category, fairness is partially enforced at the
aggregation stage, even though selection is not balanced.

The authors of [71] mitigate label distribution and quantity skew, where some
clients have rare classes, which leads to high loss in the global model. This study pro-
posed an active client selection method that estimates how useful each client’s data
is for improving the current model. Clients with a higher estimation value are more
likely to be selected, with some random sampling to maintain diversity. This approach
focuses on informative updates and avoids wasting resources. The method remains
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sensitive to prioritizing high estimation values, which may unintentionally bias toward
specific clients. The authors of [72] propose a blockchain-based, decentralized frame-
work for cross-silo FL that leverages blockchain and homomorphic encryption. Clients
are selected depending on data size and model quality. In the aggregation stage, the
method adapts a novel hierarchical task based on a credibility score that depends on the
quality of local model updates, thereby indirectly mitigating label and quantity skew.
Although selection favors strong clients, aggregation attempts to regulate influence
using a credibility score. The method improves accuracy and convergence compared
with baseline methods. However, the credibility score depends on the quantity of data
and the quality of the model, which leads the system to bias toward larger clients.
FAIR [73] leverages label and quantity skew via an integrated framework that combines
a client selection strategy based on the quality of data through reverse auction in the
pre-training stage to ensure maximization of the total learning quality under a budget
constraint and an aggregation strategy using cosine similarity, which is calculated based
on the quality and size of the data to validate the updates in the pre-aggregation stage.
This method improves performance compared with selection and aggregation baseline
methods. Although promising, quality filtering excludes statistically diverse clients.
SHARE [74] enhances accuracy and reduces communication costs by mitigating the
label distribution skew. SHARE formulates communication cost as an optimization
problem by selecting a subset of nodes as edge aggregators and assigning clients to
each edge aggregator by using the greedy node association algorithm (GoA). The GoA
considers the per-round communication cost and mean Kullback–Leibler divergence
to form balanced data distributions at the edge. After this initial assignment, SHARE
uses local search (LoS) to optimize aggregator selection. This method aims to reshape
the data distribution in the aggregator to achieve stability. However, the optimization
is centralized and may become computationally heavy on a large scale. The authors
of [75] focus on mitigating label and feature distribution skew by proposing the MH-FL
method, which converts a star topology into a multi-layer cluster structure. The MH-FL
method groups clients into clusters and performs D2D collaboration within each cluster
during the post-training stage. Clients exchange updates to reach a local agreement
before sending any information upward. At the inter-cluster level, fog nodes are used
as intermediate aggregators to perform pre-global aggregation before the final global
update. This structure reduces communication costs, enhances resource utilization, and
speeds convergence.

4.3. Fairness-Unaware Non-IID Mitigation Methods

Fairness-unaware methods aim to mitigate non-IID data by improving accuracy,
convergence, communication efficiency, robustness, or personalization, but they do not
explicitly incorporate fairness considerations in either client selection or model aggregation.
These methods may still improve performance under heterogeneous data. However, their
design does not directly address fair participation or fair influence.

4.3.1. Performance-Driven Client Selection with FedAvg Aggregation

TiFL [76] addresses heterogeneity in data and resources, which significantly impacts
training time and model accuracy in FL systems. This paper proposes the Tier-based
Federated Learning (TiFL) method, which is a clustering-based client selection approach.
Each client reports its training time to the server, and TiFL groups clients into tiers using
measured training latency. Then, in each training round, the server selects clients from the
same tier to participate. After each round, an adaptive tier selection mechanism updates the
probability of selecting each tier based on the global model’s accuracy during post-training.
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The aim is to trade off training time against accuracy rather than fixing a static policy.
Under data heterogeneity, it reports an approximately 3× speedup and about a 6% accuracy
improvement over a vanilla baseline while increasing training speed. While the method
makes rounds comparable in completion time, tiering by training latency reduces the data
diversity per round. FedCor [77] introduces a correlation-aware selection mechanism built
on Gaussian process modeling. Instead of estimating each client’s usefulness separately, it
treats loss reduction as a function over the client space and models that function using a
Gaussian process. After each training round, the correlation matrix is updated depending
on the client data and loss. FedCor aims to select a group of clients with complementary
influence and diverse data distributions, rather than just clients with high losses that
are highly correlated. This strategy prefers sets of clients that jointly maximize expected
global loss reduction and achieve diverse representation and data balance while reducing
communication costs and improving convergence speed and stability. While the strategy
focuses on identifying which combination of clients is informative rather than which
clients are good, it may avoid rare clients because they appear uncorrelated or noisy.
The authors of [78] focus on mobile edge computing (MEC) environments where clients
typically encounter non-IID data, particularly regarding label and quantity distribution
skew. This study proposes the CSFedAvg method, which calculates the degree of weight
divergence to measure the heterogeneity of clients’ data compared with a trained model
on auxiliary IID data on the server side. The server creates an auxiliary IID dataset to
train a reference model that acts like a compass pointing toward an unbiased direction,
and then it calculates the weight divergence between each client’s local model and the
auxiliary model. Based on this measure, the server selects clients with lower divergence
to participate in the following training round. It achieves noticeably higher accuracy in
fewer rounds. However, client selection is biased toward clients with lower divergence
and excludes clients with unusual data. The framework by the authors of [79] addresses
label skew by proposing an AUCTION framework. This method uses a reinforcement
learning model based on an encoder–decoder agent that selects the most suitable clients
that maximize the accuracy under a budget constraint. The AUCTION method is applied
in the pre-training stage to evaluate client data quality based on mislabeled samples and
class distribution, which can be indirectly measured from the global model’s loss. Each
client estimates the amount of mislabeled data by checking the global model’s loss on its
local dataset. At the same time, the server evaluates the class distribution by measuring
the loss of each client’s model on a global auxiliary dataset. This method aims to improve
model performance under budget constraints. One concern is that clients with rare but
important distributions may be ignored if their contribution appears inefficient relative
to price. The authors of [80] introduce the POWER-OF-CHOICE framework to mitigate
label and quantity skew, which is intentionally biased toward hard clients to accelerate the
training time. This selects clients after each training round based on their local loss. The
server first identifies candidate clients based on dataset size in the pre-training stage and
then sends the current global model to the selected clients to compute and return their local
losses. Clients with the highest losses are selected for the next round while controlling for
bias toward high local losses. This method converges up to three times faster and improves
accuracy compared with uniform random selection. In contrast, the framework is biased
toward clients with high losses, which may lead to poor stabilization training in extremely
noisy datasets. The method by the authors of [81] addresses data heterogeneity in the
IoT environment, where clients differ in data quality, quantity, and resource availability.
This paper proposes a multi-criteria client selection algorithm, FedMCCS, which is applied
during the pre-training stage in an IoT environment to evaluate available clients based on
client data characteristics and system performance. The primary purpose of the method is
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to dynamically update the decision for client selection based on the variability of factors,
including client location, energy, CPU, local training time, and data size, thereby reducing
the number of communication rounds and enhancing accuracy in each round. However, the
method reveals a sampling bias because of the exclusion of slower or constrained devices,
which correlate with specific user groups or environments. The authors of [82] focus on
mitigating label and feature distribution skew by proposing FAVOR, an experience-driven
control framework that intelligently and dynamically selects clients by designing a Deep
Reinforcement Learning (DRL)-based agent that applies the DDQN algorithm to select
the best subset of clients in the pre-training stage using model weights. Since model
weights are high-dimensional, PCA is used to compress them into a manageable feature
space. The reward function encourages two behaviors: increasing validation accuracy
and reducing the number of communication rounds. The policy explicitly learns to trade
off accuracy gains per round, thereby minimizing the number of communication rounds.
However, understanding why certain clients are repeatedly chosen can be difficult to
analyze regarding fairness. The authors of [83] enable mitigating label distribution skew in
mobile environments, which causes performance variance in FL. This paper proposes a
reputation-aware client selection method based on a Deep Reinforcement Learning (DRL)
agent using the DDQN algorithm to identify the best subset of clients during the pre-
training stage. The DRL agent calculates a reputation score based on clients’ performance
indicators compared with the average of all participants’ clients, a temporary aggregated
model, and the previous global model. This method avoids harmful updates, thereby
improving the performance and accuracy of FL in mobile environments. The DRL agent
excludes the low-reputation client even if its data are rare, and the model becomes less
representative of the full population. UCB-CS [84] aims to mitigate label and quantity skew
by adaptively selecting clients in each training round based on their average local loss and
how often the client has been selected. These quantities are combined into a discounted
Upper Confidence Bound (UCB) algorithm to balance exploitation by selecting clients with
higher local loss to improve the model and exploration by selecting clients that have been
selected less frequently. The discounted factor gradually forgets old observations to adapt
when client behavior changes. This method aims to adaptively and dynamically select
clients based on model performance and clients’ engagement history to achieve faster
convergence compared with baseline methods. However, higher loss can mean informative
data, but it can also mean noisy or corrupted data. Ma et al. [85] propose FANS, a client
selection framework that uses a combinatorial contextual neural bandit to address non-
IID data. The method selects top-K clients using per-class validation loss, neural reward
estimation, and the UBC strategy while applying FedAvg. However, prioritizing high-
performing clients does not explicitly address participation fairness or influence fairness.
The authors of [86] propose pFedLIA, a personalized FL framework that mitigates non-IID
heterogeneity through influence-based client clustering before aggregation. The method
estimates client influence using Lazy Influence Approximation, clusters clients with similar
data distributions, and applies FedAvg to each cluster. However, clustering is designed for
personalization rather than participation fairness, and intra-cluster aggregation does not
explicitly address influence fairness. The authors of [87] introduce PSI-PFL, a personalized
FL client selection framework that uses the Population Stability Index to measure label-
distribution divergence under non-IID data. The method selects which PSI values are below
a threshold, prioritizing clients closer to the global label distribution, while using FedAvg.
However, it may exclude highly heterogeneous minority clients.
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4.3.2. Performance-Driven Client Selection with Performance-Driven Aggregation

The authors of [88] propose a contribution-based device selection (CDS) algorithm
for selecting clients based on estimating their contribution to improve the global model.
The method operates in two stages: in the exploration phase, by randomly selecting clients
in the pre-training stage and sending their model parameters and local accuracies to the
server, and in the exploitation phase, where the server estimates each client’s contribution
to the global model using a modified Truncated Monte Carlo (TMC) method. Based on
these contribution scores, the server selects the clients with the highest estimated impact
and aggregates their updates according to estimated usefulness to form the new global
model. This method relies on validating quality updates, which improves client selection
and results in reducing communication rounds by four and improving accuracy by about
97% compared with baselines. While this method directly attacks a real inefficiency in
FL, the contribution estimation is expensive, which shifts the cost from communication to
computation. The authors of [89] propose the RRAFL method, which indirectly addresses
non-IID types by calculating the data quality based on the reputation score. Using a
reverse auction strategy, the server selects participant clients in the pre-training stage to
achieve a balance between low cost and high reputation. After local training, the selected
clients send the updated model with the size of the data to the server to validate the
quality of the updated model for each client. In the pre-aggregation stage, each client
calculates a weight based on the quality of the updated model and the size of the data to
achieve balanced weighting. RRAFL consistently selects higher-quality participants and
achieves higher accuracy. This method focuses on participant reliability rather than directly
addressing non-IID drift, and it depends on reputation accumulation while newcomers
struggle to enter. The authors of [90] propose a method that effectively addresses system
heterogeneity and improves robustness in unreliable environments, but it does not address
non-IID challenges. This paper proposes SAFA, a semi-asynchronous FL protocol, and a
hybrid optimization approach that jointly improves client selection in the post-training
stage via compensatory First Come First Merge (CFCFM) and discriminative aggregation
via lag tolerance. SAFA demonstrates that the proposed protocol is effective regarding
shortening federated round duration, reducing local resource wastage, and improving the
accuracy of the global model at an acceptable communication cost. The authors of [91]
propose Feddle, an asynchronous FL framework that mitigates non-IID heterogeneity by
optimizing aggregation coefficients using server-side data. The method maintains a model
atlas of client update directions and learns merging coefficients to improve convergence
under in-domain or out-of-domain server data. However, update filtering is based on
anchor importance rather than participation firmness, and aggregation is optimized for
loss reduction rather than balanced client influence. The authors of [92] propose RAFL-Fed,
which dynamically selects clients based on computation budget, capacity, and network
proximity. The method ranks clients using importance weights derived from data quality,
latency, and resource efficiency, and then aggregates top-K client updates using weighted
averaging. However, it may exclude resource-constrained clients.

4.3.3. Random Client Selection with FedAvg Aggregation

FedAvg [1] aims to reduce the number of communication rounds by allowing multiple
local epochs in randomly selected clients and then sending the updates to the server
for aggregation. However, in non-IID settings, client drift emerges and leads to slow
convergence and introduces bias toward larger clients.
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4.3.4. Random Client Selection with Performance-Driven Aggregation

The authors of [9] propose Per-FedAvg, inspired by MAML, to address label distri-
bution skew by creating a personalized model that establishes a good baseline that each
client can quickly adapt to its own data. Each client trains a local model with regularized
updates that uses the Hessian information of the local loss. This helps client updates stay
aligned with the global model rather than drifting toward their own skewed labels. After
the local updates, the server aggregates the updated models to generate an adaptive
personalized model for each client in the aggregation stage. This method improves accu-
racy after only a few local fine-tuning steps compared with FedAvg. A key drawback
is that second-order optimization is computationally heavier and harder to deploy on
resource-constrained devices. The authors of [93] focus on mitigating label distribution
and quantity skew during aggregation by accounting for accuracy and data size for each
client. They propose FA-FedAvg, an improved version of FedAvg across two stages.
First, in local training, the client computes baseline accuracy and uses early stopping to
avoid unnecessary updates. Second, in the aggregation stage, the server uses weighting
by F1-score, which prioritizes models that learn rare faults. FA-FedAvg achieves higher
accuracy and reduces local training epochs. However, this approach only works when
the client can reliably evaluate its model locally, which requires shared validation data.
The approach by the authors of [94] focuses on mitigating feature distribution skew
by proposing a decentralized learning approach called learning-to-collaborate (L2C) to
decide who should collaborate with whom instead of forcing all clients to share one
global model. Each client in the post-training stage optimizes the mixing weights of
its model updates with its neighbors to minimize local loss for selected clients. The
extended version, meta-L2C, uses an attention mechanism to assign mixing weights for
new clients. The method achieves low communication and computation costs. At the
same time, neighbor-based mixing gives more influence to more similar nodes, while
different nodes contribute less, leading to unequal impact on the learned model. The
authors of [95] focus on mitigating label distribution skew by proposing the FedAdp
method, which uses adaptive weighting calculated in each round based on the client’s
contribution score using the angle between the local and global gradients to reduce the
global loss. This score is then passed through a non-linear mapping function to produce
the final weights for aggregation. Clients whose gradients align better with the global
direction receive higher weights, significantly reducing the number of communication
rounds to reach the target accuracy compared with FedAvg. However, it may down-
weight minority distributions that are rare but important and amplify clients aligned
with the global gradient direction. HPFL-CN [96] introduces a hierarchical personalized
FL framework designed to mitigate differences in heterogeneity across regions and exces-
sive communication between edge and cloud. The method applies privacy-preserving
feature clustering (PFC) to map each client’s data into a low-dimensional complex net-
work space, allowing clients with similar data patterns to be clustered without revealing
raw data. Based on these clusters, HPFL-CN used a client–mediator cloud architecture
for training. The client performs several rounds of local updates; mediators aggregate
the model within each cluster using effective hierarchical scheduling and then send the
cluster models to the cloud for periodic global aggregation. This method achieves higher
prediction accuracy and reduces communication rounds. However, hierarchical data
size weighting prioritizes efficiency over balanced participation. The authors of [97]
propose FL + HC to mitigate label and feature skew by hierarchical clustering clients
based on the similarity of their local updates in the pre-aggregation stage, using a dis-
tance metric, such as the Manhattan distance, to group clients whose updates behave
similarly. For each cluster, the server produces a personalized model that matches its
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data patterns more closely than a single shared model, which leads to speeding up con-
vergence in fewer rounds. However, fairness depends on timing; if clustering happens
early, clusters are made using noisy information; otherwise, strong clients dominate.
The authors of [98] propose FedSim to mitigate label, feature, and quantity skew by
clustering similar clients based on model gradients using the K-means algorithm in the
post-training stage, grouping clients with high similarity. Inside each cluster, the server
applies balanced weighting based on each client’s data size to mitigate quantity skew.
The server then aggregates all cluster models into a new global model. A key drawback
is that weighing based on data size within each cluster amplifies dominant client groups.
The authors of [99] focus on mitigating label distribution and quantity skew that causes
negative transfer in a cross-silo environment by proposing the FEDCOLLAB framework.
FEDCOLLAB is a cluster FL framework that clusters clients based on their distribution
distances and data quantity by using a lightweight client discriminator to estimate the
distribution and data size of each client in the pre-training stage. Then, the framework
clusters clients into coalitions and aggregates clients within each coalition using any
existing FL algorithm. The results demonstrate that FEDCOLLAB improves accuracy
and consistently outperforms other clustered FL algorithms. However, data-size-based
coalition aggregation favors larger coalitions. The authors of [100] propose Fed2A, an
asynchronous method designed to mitigate label skew, quantity skew, and temporal shift.
Fed2A uses periodic layer uploading (PLU) to reduce communication costs by sending
only the selected layers in the post-training stage. It also applies time variety weighting
(TVW) to provide a higher weight based on the recency of the model and representational
consistency enhancement (RCE) to measure the consistency of each layer with the global
model in the pre-aggregation stage. While Fed2A improves accuracy and training time,
the temporal freshness weighting favors recently active clients. The authors of [101]
introduce Federated Region Learning (FRL) to mitigate feature skew by clustering the
clients based on the region and training a personalized model for each cluster in the
pre-training stage. The method builds on the idea that clients in the same geographic
region often share similar data patterns. FRL provides two aggregation strategies, either
synchronous or asynchronous, and both are designed to achieve high accuracy and
fast convergence. The method overlooks data-size-based aggregation and prioritizes
regions with more data. Qiu et al. [102] propose OLG-FL to mitigate non-IID data hetero-
geneity using contrastive learning and contribution-weighted aggregation. The method
aligns local representations with global class centers and assigns aggregation weights
based on cosine similarity between local and global update directions. However, it lacks
client selection and may reduce the influence of minority clients whose updates diverge
from the dominant global direction. The authors of [103] introduce a hierarchical FL
framework for energy prediction using clustering-based fog organization and simulated
annealing aggregation. Clients are grouped by similar consumption profiles, while
aggregation favors better-performing clients. Bai et al. [104] propose FSCL, a federated
supervised contrastive learning model that aligns local feature representations with the
global model. The method combines cross-entropy loss with supervised contrastive
loss during local training, while all clients participate in every round. However, the
aggregation follows the FedAvg algorithm. The authors of [105] propose QHetFed, a
hierarchical FL method that mitigates non-IID and quantization noise through two-level
aggregation. The method averages quantized gradients within clusters and aggregates
cluster models at the cloud using cluster-size weights. However, client selection is not
addressed, and inter-cluster aggregation optimizes convergence.
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5. Discussion and Open Challenges
The methods analyzed in this survey were primarily proposed to mitigate non-IID

data effects and improve convergence and accuracy through client selection strategies and
aggregation techniques, rather than to define or measure fairness. These techniques can
implicitly introduce imbalance in client participation and in client influence on aggregation,
leading to biased model outcomes.

5.1. Analysis of Method Categories

The classification used in this study is based on fairness awareness in method design
rather than on performance objectives alone. Therefore, a method is not considered fairness-
aware simply because it improves convergence, accuracy, communication efficiency, or
robustness under non-IID data. Instead, methods are classified according to whether their
client selection mechanism addresses participation fairness and whether their aggregation
mechanism addresses influence fairness.

This distinction is important because many non-IID mitigation methods have fairness
implications but do not explicitly define, measure, or optimize fairness. As summarized in
Tables 3–5, the reviewed methods differ across three dimensions: theoretical orientation,
methodological design, and practical trade-offs. Comparing the categories across these
dimensions reveals systemic differences that are often overlooked when methods are
evaluated by primarily using accuracy and convergence metrics.

Table 3. Fairness-aware methods: theoretical, methodological, and practical comparison.

Study Comm. Fairness
Notion Stage Mechanism

Type Non-IID Domain Benchmarks Results Key Limitation

FedFast
[40] Sync. Part. +

Infl. S + A

K-means clust.
+ delegate agg.
(ActvSAMP/
ActvAGG)

LS, FS IR

FedAvg,
FedAvg +

ActvSAMP,
FedAvg +
ActvAGG

Accuracy
+15–20%;

30–50% fewer
rounds vs.

FedAvg

Clustering
quality

depends on the
similarity

metric;
two-stage
overhead

Reputation-
based [41] Sync. Part. +

Contrib. S + A

Reputation
score + normal

distribution
client

weighting

LS, QS IR

FedAvg,
Reputation-

based
selection

Accuracy
+17.18%;

convergence
~40 rounds

Requires a
predefined
reputation
threshold;

sensitive to
calibration

CATA-Fed
[42] S-async. Part. +

Infl. S + A

ALU straggler
mitigation +

CFS cluster-fair
selection +

FedAvg
weighting

QS, SH IR
FedAvg,
FedProx,

TiFL

2.0× faster
than FedAvg;

accuracy
+0.65%

Multi-
component

design
increases imple-

mentation
complexity

G-FML [43] Sync. Part. +
Group S + A

Autoencoder
clust. + MAML

group
meta-learning

LS
(strong) IR

FedAvg,
FedProx, Fe-
dAvgUpdate,

IFCA,
Per-FedAvg

Avg.
accuracy

+12.50% vs.
Per-FedAvg

Dynamic
regrouping

adds
computation

and communi-
cation

overhead

CFMTL
[44] Sync. Part. +

Infl. S + A

EMD clust. +
random

intra-cluster
selection +

proximal reg.

LS, QS IR

FedAvg:
96.11%, CFL:

94.95%,
CFMTL:
96.30%

CFMTL
96.30% vs.
FedAvg
96.11%

Cluster
isolation risks

without
inter-cluster
knowledge

transfer

Abbreviations: Comm.: sync.—synchronous, S-async.—semi-asynchronous, and async.—asynchronous. Non-
IID: LS—label skew, QS—quantity skew, FS—feature skew, SH—system heterogeneity, and TS—temporal skew.
Stage: S—selection and A—aggregation. Domain: IR—image recognition, HC—healthcare, SC—smart cities and
transportation, Ind.—industrial systems, and Cyb.—cybersecurity.
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Table 4. Semi-fairness-aware methods: theoretical, methodological, and practical comparison.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

Clustered
Sampling

[45] (a)
Sync. Part. S

Clust. by data
size/model
similarity

LS, QS IR FedAvg ~70%
accuracy

Clustering scales
poorly to large

client
populations

HACCS [6] Sync. Part. S

Latency +
loss-based

cluster
selection

LS, SH IR Random,
TiFL, Oort

18–38%
reduction
in conver-
gence time

Favors
low-latency
clients; may

exclude
constrained

devices

Irrelevance
Sampling

[46]
Sync. Part. S

Irrelevance
score (data size

+ class
imbalance +

non-IID
degree)

LS, QS IR, HC,
SC

AFL,
random,
FedAvg,
FSVRG,
COOP

91% acc. vs.
AFL 87%,
random

88%

Score
recomputed each

round;
communication

overhead

SCS [47] Sync. Part. S

Stochastic
integer

programming +
reputation

clust.

General IR
FedAvg,

FedAvg50,
RRAFL

46.42% and
62.81% cost
savings vs.

NRACS

Assumes high
reputation =

reliability;
ignores data

diversity

FEDGS [48] Sync. Part. S

GPB-CS
geographic

cluster. +
super-node
formation

LS IR

FedAvg,
FedMMD,
FedFusion,
FedProx,

IDA

Accuracy
+3.5%; 59%

fewer
rounds

Assumes a static
location; fails in
dynamic mobile

environments

RBCS-F
[31] Sync.

Part.
(equal
opp.)

S
C2MAB +
Lyapunov

optim.
SH IR Random,

FedCS

70%
accuracy
after 500
rounds

Fairness = equal
opportunity, not

equal benefit;
may select weak

models

CMAB
Selection

[49]
Sync. Part. +

Class bal. S

Contextual
MAB +

gradient-based
class estimation

LS IR

Greedy,
random,

IID
baseline

2× faster
than

greedy;
+8% vs.
random

Requires an
auxiliary global

dataset;
impractical in

privacy settings

E-Tree [51]
(b) Sync. Part. S + A

Hierarchical
tree + data
similarity +

network
distance

LS HC

FL, Gossip,
Individual,
Grouped

Agg.

Accuracy
+2.4%;

comm. cost
−42%

Unsuitable for
highly dynamic
environments

GS/GEMD
[52] Sync. Part. +

Dist. bal. S Group EMD
clust. LS IR

Random,
Prob. EMD,

FedProx,
FedAvg

Accuracy
+30%

Requires a
trusted third

party for
distribution
information

Eiffel [53] Async.
Part. +

Effi-
ciency

S + A

Scheduling by
computation

cost +
age-of-update

weighting

LS, QS SC

Canonical
FL,

centralized
GD, q-FFL,

random

Comm. im-
provement
up to 6.45×

Indirect privacy
leakage through

scheduling
information

SCAFFOLD
[57] (c) Sync.

Infl.
(variance

red.)
A

Control
variates correct

client drift
LS IR

FedAvg,
FedProx,

SGD

Accuracy
0.801; 2.0×
faster than

FedAvg

Higher comm.
cost per round
(2× uploads)

FedDyn [8] Sync.

Infl.
(local–
global
align.)

A

Dynamic reg.
aligning local

to global
objectives

LS, QS IR,
Synthetic

FedAvg,
FedProx,

IDA,
SiloBN,
FedBN

98.2%
accuracy;

up to 4.8×
comm.

savings

Server-side
variable

maintenance;
memory
overhead
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Table 4. Cont.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

FedDist
[56] Sync.

Infl.
(model

capacity)
A

New neurons
added for
dissimilar

client
knowledge

LS, QS Synthetic,
HC

FedAvg,
IDA,

FedProx

Global
F1-score:
84.52%

Continuous
model expansion

increases
memory and
comm. cost

FedAAR
[58] Sync.

Infl.
(drift +

conflict)
A

Prototype-
guided local

update +
cosine-dist.

gradient
refinement

FS Ind.
FedAvg,
FedProx,

MFA, MIFL

Accuracy
+3.47%

Validated at a
small scale only;

scalability
unconfirmed

FedBGVS
[59] Sync.

Infl. (bal-
anced
wt.)

A
Balanced global
validation score

weighting
LS, QS HC, IR

FedAvg,
FedProx,
FedGN,
FedMA,
FeSEM,
IFCA

MNIST:
99.56%;

ISIC-2019:
72.49%

The server must
hold a balanced

validation dataset

FedFusion
[60] Sync.

Infl.
(data-

agnostic)
A

VAE-based
distribution
inference +
adaptive

weighting

LS, QS Synthetic,
IR

FedAvg,
FedProx,
FedGN,
FedMA,
FeSEM,
IFCA

Up to
12.59%
higher

accuracy

Training VAE
each round adds
significant server

computation

FedEWA
[63] S-Async.

Infl.
(param.-

wise)
A

Elastic
parameter-wise

averaging by
importance

coeff.

LS, QS IR
FedAvg,
FedProx,

MIFL

Accuracy
92%; 2.5×
speedup

Clients must
compute the

importance coeff.
per parameter;

expensive

FedGKT
[64] Sync. Infl.

(KD) A

KD from small
client CNNs to

large server
CNNs

LS, QS Synthetic,
IR

Full FL τ =
1,

Clustered
FL τ = 20

9–17× less
client

compute

Feature map
sharing may leak

more than
parameter
averaging

FLT [61] Sync.
Infl.

(topol-
ogy)

A

UMAP
adjacency
matrix +

K-means clust.
signatures

LS, QS IR

Greedy
knapsack,
bid price

first,
optimal

FLT +3%
vs.

FedSEM
(MNIST);

+9%
(CIFAR-10)

Depends on the
pre-trained

encoder
distributed to all

clients

FlexCFL
[62] Sync.

Infl.
(tempo-

ral +
clust.)

A

EDC clust. +
Wasserstein

dist. temporal
shift control

LS, TS IR TA with
FedAvg

FlexCFL
+8.4% vs.

FeSEM

Multiple tunable
components

increase system
complexity

IB [68] Sync.
Infl.

(mutual
info.)

A
Info. bottleneck
loss + mutual
info. pruning

LS, QS IR

FedAvg,
centralized,

split
learning

97.96% acc.;
2.50–

23.77×
comm.

speedup vs.
FedAvg

Computing
mutual

information adds
computational

overhead

QuPeD [65] Sync.

Infl.
(person-
alized

quant.)

A

Personalization
+ model

quantization +
KD

LS, QS,
SH

Synthetic,
HC, IR

NonFed,
FedSGD,
FedAvg,

FedCluster,
FedProx

FEMNIST:
97.31%;

CIFAR-10:
75.06%

Comm. overhead
and privacy

exposure through
model outputs

TT-HF [67] S-Async.
Infl.

(D2D +
server)

A

D2D
intra-cluster

rounds + server
global agg.

LS, SH IR

FedAvg,
FedProx,

IFCA,
FeSEM,

FedGroup

≥75%
lower total

cost vs.
baseline

Depends on
appropriate clust.
and reliable D2D

connectivity
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Table 4. Cont.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

FeSEM [66] Sync. Infl. (EM
clust.) A

Stochastic EM
algorithm
assigning
clients to
clusters

LS, FS IR

FedAvg,
FedProx,

IFCA,
FedGroup

Optimal
perf.

within 100
iterations

Relies heavily on
clustering quality

Active
selection
[71] (d)

Sync. Contrib.
(inform.) S + A

Informativeness
estimation +
credibility
weighting

LS, QS IR — —
May bias toward

specific
high-value clients

Blockchain-
based [72] Sync. Contrib.

+ Infl. S + A

Blockchain +
homomorphic
encryption +

credibility
score

LS, QS IR —

Improved
accuracy

and conver-
gence vs.
baselines

Credibility score
biased toward

larger data clients

FAIR [73] Sync. Contrib.
+ Infl. S + A

Reverse
auction quality

selection +
cosine

similarity
weighting

LS, QS IR

Cloud FL,
cost-only
CPLEX,

data-only
greedy

76% acc.
(ResNet);
baselines

45%

Quality filtering
excludes

statistically
diverse clients

SHARE
[74] Sync. Infl. (dist.

shaping) S + A

GoA node
selection + LoS

optim. to
balance KL
divergence

LS HC

Cloud FL,
cost-only
CPLEX,

data-only
greedy

>90%
comm. cost
reduction
vs. Cloud

FL

Centralized
optim. may be
heavy at large

scale

MH-FL
[75] Sync.

Infl.
(hierar-
chical)

S + A

Multi-layer
clust. D2D +

fog node
pre-agg.

LS, FS IR EUT

50% energy
saving; 80%
parameter
reduction

Complex
hierarchy;

depends on fog
node reliability

Abbreviations: Comm.: sync.—synchronous, S-async.—semi-asynchronous, and async.—asynchronous. Non-
IID: LS—label skew, QS—quantity skew, FS—feature skew, SH—system heterogeneity, and TS—temporal skew.
Stage: S—selection and A—aggregation. Domain: IR—image recognition, HC—healthcare, SC—smart cities
and transportation, Ind.—industrial systems, and Cyb.—cybersecurity. Sub-groups: (a) fairness-aware selection
+ FedAvg aggregation, (b) fairness-aware selection + performance-driven aggregation, (c) random selection +
fairness-aware aggregation, and (d) performance-driven selection + fairness-corrective aggregation.

Table 5. Comparison of the experiments and the measured metrics of reviewed fairness-
unaware methods.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

TiFL [76] (a) Sync. None
(latency) S

Tier-based
latency clust. +
adaptive tier

selection

SH IR Vanilla FL,
random

Accuracy
+6%; 3×
training
speedup

Tiering by latency
reduces data
diversity per

round

FedCor
[77] Sync.

None
(correla-

tion)
S

Gaussian
process loss
correlation
modeling

LS, QS IR Random,
AFL, PowD

34–99%
fewer

rounds
(FMNIST);

26–51%
(CIFAR-10)

May avoid rare
clients that

appear
uncorrelated or

noisy

CSFedAvg
[78] Sync.

None
(diver-
gence)

S

Weight
divergence

from the
auxiliary IID

model

LS, QS IR FedAvg,
FedProx

Accuracy
+5.3%

Excludes clients
with unusual

data distributions

AUCTION
[79] Sync.

None
(RL

budget)
S

RL encoder–
decoder agent +
mislabel + class

dist. quality

LS IR

Greedy,
PowD,

Random,
price first

Test
accuracy

77.1% after
30 rounds

Ignores rare
distributions if
cost-inefficient
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Table 5. Cont.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

POWER-
OF-

CHOICE
[80]

Sync.
None
(loss-

driven)
S

High-loss
biased selection
+ dataset size

pre-filter

LS, QS IR AFL,
FedAvg

3× faster
conver-
gence;

+10% vs.
random

Bias toward
high-loss clients

may amplify
noisy data

FedMCCS
[81] Sync.

None
(multi-

criteria)
S

Multi-criteria
IoT selection

(location,
energy, CPU,

data size)

LS, QS Cyb. Vanilla FL,
FedCS

80%
accuracy in
108 rounds

Excludes
slower/constrained

devices
correlated with
specific groups

FAVOR
[82] Sync.

None
(RL-

driven)
S

Deep RL
(DDQN) +

PCA-
compressed

model weights

LS, FS IR FedAvg,
K-Center

Comm.
rounds
−49%

(MNIST),
−42%

(CIFAR-10)

Selection
rationale opaque;

fairness
implications
unanalyzed

Reputation-
DRL [83] Sync.

None
(reputa-

tion)
S

DRL DDQN +
reputation
score from

performance
indicators

LS IR FedAvg

Accuracy
+9.30%;
training

time
−27.7%

Excludes
low-reputation
clients even if
data are rare

UCB-CS
[84] Sync. None

(UCB) S

Discounted
UCB balancing

loss and
selection

frequency

LS, QS IR

Random,
PowD,

Rewarded
PowD

~85%
accuracy (α
= 0.3); ~0.5
global loss

Higher loss may
indicate noisy

data rather than
informative data

CDS [88] (b) Sync. None
(contrib.) S + A

TMC
contribution
estimation +
usefulness-
based agg.

LS, QS IR
Random,
greedy,

FedFomo

~97%
accuracy;
4× fewer

comm.
rounds

Contribution
estimation shifts
cost from comm.
to computation

RRAFL
[89] Sync.

None
(reputa-

tion)
S + A

Reverse
auction +

reputation-
weighted agg.

General IR
Per-

FedAvg,
Vanilla FL

Accuracy:
90.16%;

loss: 0.3541

Reputation
accumulation
disadvantages

newcomer clients

SAFA [90] Sync.
None

(async.
eff.)

S + A

CFCFM
compensatory

selection +
lag-tolerant

agg.

SH IR, Cyb. FedAvg,
FedCS

Global
accuracy
96–98%;

27×
speedup

Does not address
non-IID data

distribution drift

FedAvg [1]
(c) Sync. None Neither

Random
selection +
data-size-
weighted
averaging

All types IR — Standard
baseline

Client drift;
dominant

large-data clients

Per-
FedAvg [9]

(d)
S-Async.

None
(person-

alization)
A

MAML-
inspired +

Hessian-reg.
personalized

agg.

LS IR

FedAvg,
Per-

FedAvg
(FO)

Per-
FedAvg

(HF)
accuracy:
79.85%

Second-order
optim. heavy on

resource-
constrained

devices

FA-FedAvg
[93] Sync. None (F1-

scoreweighted) A
F1-score

weighted agg. +
early stopping

LS, QS Ind. FedAvg,
FedProx

Accuracy
+8.6%;

training
iterations
−52.5%

Requires shared
validation data
for reliable local

evaluation

L2C/Meta-
L2C [94] Sync.

None
(neigh-

bor mix)
A

Decentralized
neighbor
mixing +
attention

mechanism

FS IR

FedAvg,
Ditto,

FOMO,
DPSGD,

CGA, Local
SGD

L2C:
90.14%;

Meta-L2C:
92.10%

Similar-neighbor
mixing gives

unequal influence
to different nodes
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Table 5. Cont.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

FedAdp
[95] Sync.

None
(gradient

align.)
A

Gradient
angle-based

adaptive
weighting

LS IR FedAvg
Comm.
rounds
−54.1%

May
down-weight

rare but
important
minority

distributions

HPFL-CN
[96] Sync.

None
(hier. per-

sonal.)
A

Privacy-
preserving feat.
clust. + client–

mediator cloud
architecture

hierarchy

LS, FS IR
FedAvg,

fine-tuning,
mixture

Accuracy
+9.67%
(LSTM),
+6.78%
(GRU);
rounds
−70%

Hierarchical
data-size

weighting
prioritizes

efficiency over
participation

FL + HC
[97] Sync.

None
(hier.

clust.)
A

Manhattan
distance clust.

of local updates
LS, FS IR FedAvg

Comm.
rounds

>5×;
accuracy

99.1%

Early clustering
uses noisy info.;

strong clients
may dominate

FedSim
[98] Sync.

None
(similar-

ity clust.)
A

K-means
gradient

similarity clust.
+ data-size
weighting

LS, FS,
QS IR FedAvg,

FedProx
Accuracy
+11.21%

Data-size
weighting within
clusters amplifies
dominant groups

FEDCOLLAB
[99] Sync.

None
(coali-
tion)

A

Distribution-
dist. +

data-size
coalition clust.

LS, QS SC

IFCA,
FedCluster,

FeSEM,
K-means

Accuracy
92.45%

Data-size
coalition agg.
favors larger

coalitions

Fed2A
[100] Sync.

None
(async.
fresh-
ness)

A

Periodic layer
upload +

time-variety
weighting +

repr.
consistency

LS, QS,
TS IR

FedAvg,
FedProx,

FedAsync

Comm.
cost −77%;
accuracy

+19%

Temporal
freshness

weighting favors
recently active

clients

FRL [101] Async.
None

(region-
based)

A

Geographic
region clust. +
sync./async.
personalized

agg.

FS IR

Sync
CNN-FRL,

async.
CNN-FRL

Accuracy
78.61%;
rounds
−20.8%

Prioritizes
regions with
more data;
overlooks

data-size balance

OLG-FL
[102] Sync. None A

Contrastive
learning +

contribution-
weighted

aggregation

LS, QS IR

CIFAR-10,
CIFAR-100,

Tiny-
ImageNet

Outperforms
FedAvg,
MOON,
FedProx

Contribution
weighting may
disadvantage

minority
distribution

clients

FANS [85] Sync. None S
UCB-based
contextual

neural bandit
LS IR MNIST,

CIFAR-10

Improves
SRS and
accuracy

over
baselines

Prioritizes
high-performing

clients; no
aggregation

fairness

pFedLIA
[86] Sync. None A

Influence-
based client
clustering

LS IR
CIFAR-100,

Nordic
NWP

17% im-
provement

on
CIFAR-100;

matches
oracle

clustering

Clustering is
performed once;

no explicit
fairness

mechanism

Feddle [91] Async. None A
Server-guided

coefficient
optimization

LS,
FS IR, HC

CIFAR-10,
DermaM-

NIST

Faster con-
vergence

than
FedAvg

and
FedBuff

Requires
server-side data;
no participation

fairness
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Table 5. Cont.

Study Comm. Fairness
Notion Stage Mechanism Non-IID Domain Benchmarks Results Key Limitation

PSI-PFL
[87] Sync. None S

PSI-based
homogeneous
client selection

LS IR

Tabular,
image, and

text
datasets

Up to 10%
accuracy
improve-

ment under
non-IID

data

Excludes highly
heterogeneous

clients; no
aggregation

fairness

RAFL-Fed
[92] Sync. None S + A

Resource-
aware selection
+ importance-

weighted
aggregation

LS, SH HC MIMIC-IV

Accuracy
0.9571
under

non-IID;
sensitivity

0.9968

Excludes
resource-

constrained
clients;

domain-specific
evaluation

FSCL [104] Sync. None A
Supervised
contrastive

local training
FS Ind. Gearbox

datasets

Improves
feature

alignment
under

heteroge-
neous data

All clients
participate; no

explicit fairness
mechanism

Hierarchical
FL [103] Sync. None A

Simulated
annealing

aggregation +
GA tuning

FS, TS SC
Energy con-
sumption
datasets

Improves
accuracy

over
FedAvg
under

non-IID
data

Domain-specific;
favors

high-performing
clients

QHetFed
[105] Sync. None A

Hierarchical
quantized gra-
dient/model
aggregation

LS, QS Ind.

IoT classifi-
cation
bench-
marks

Lower
optimality
gap than

Hier-Local-
QSGD

All devices
participate;
cluster-size

weighting may
disadvantage

smaller clusters

Abbreviations: Comm.: sync.—synchronous, S-async.—semi-asynchronous, and async.—asynchronous. Non-
IID: LS—label skew, QS—quantity skew, FS—feature skew, SH—system heterogeneity, and TS—temporal skew.
Stage: S—selection and A—aggregation. Domain: IR—image recognition, HC—healthcare, SC—smart cities
and transportation, Ind.—industrial systems, and Cyb.—cybersecurity. Sub-groups: (a) fairness-unaware se-
lection + FedAvg aggregation, (b) fairness-unaware selection + performance-driven aggregation, (c) random
selection + fairness-unaware aggregation, and (d) performance-driven selection + fairness-unaware aggregation.

From a theoretical perspective, the three categories reflect different assumptions about
fairness in FL. Fairness-aware methods [40–44] adopt a dual-stage view of fairness by
explicitly considering participation fairness and influence fairness. These methods rec-
ognize that fair outcomes depend not only on which clients participate in training but
also on how their updates influence the global model. In contrast, semi-fairness-aware
methods consider fairness in only one stage of the FL pipeline. Methods in sub-group
(a) [6,31,45–49] focus on participation fairness by improving client representation during
selection, while methods in sub-group (c) [8,56–68] focus on influence fairness through
aggregation mechanisms. Although these methods improve fairness in one stage, they
cannot guarantee system-level fairness because the unaddressed stage may still introduce
imbalance. Fairness-unaware methods [1,76–84,88–90,93–101] do not explicitly incorporate
any fairness objective. Their primary goal is to improve performance, convergence, com-
munication efficiency, or robustness. Consequently, improvement in average performance
may coexist with increased disparities across clients.

From a methodological perspective, the categories differ in both the FL stage they
address and the mechanisms they employ. Fairness-aware methods integrate balancing
mechanisms across client selection and aggregation, often combining clustering-based
selection with contribution-aware or regularized aggregation. This dual-stage design
typically increases algorithmic complexity, as in CATA-Fed [42], which combines strag-
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gler mitigation, cluster-aware selection, and weighted aggregation, while G-FML [43]
incorporates representation learning and group-specific meta-learning. Such additional
components increase communication and computational overhead, which may explain
why fairness-aware methods remain relatively limited in the literature. Semi-fairness-aware
methods reduce complexity by focusing on a single stage. Selection-focused methods in
sub-groups (a) and (b) employ clustering, optimization, or resource-aware strategies to
improve participation fairness but typically rely on standard FedAvg aggregation, which
weighs updates according to local data size and may reintroduce imbalance. Aggregation-
focused methods in sub-group (c) apply corrective mechanisms such as control variates [57],
dynamic regularization [8], or validation-based weighting [59], but usually rely on random
or unconstrained client selection. As a result, participation fairness remains uncontrolled.
Fairness-unaware methods employ performance-oriented mechanisms, such as loss-based
selection [80], reinforcement learning [82], or contribution estimation [88]. While effective
for improving convergence and efficiency, these strategies may favor highly informative,
high-resource, or frequently participating clients, potentially disadvantaging clients with
limited resources or minority data distributions.

From a practical perspective, the three categories exhibit different deployment trade-
offs. Fairness-aware methods address a broader range of heterogeneity types: they often re-
quire additional server-side resources, such as clustering infrastructure, validation datasets,
or meta-learning modules. Their computational complexity also tends to increase with the
number of clients and the degree of heterogeneity. Semi-fairness-aware methods offer a
more practical compromise. Selection-focused approaches can significantly reduce conver-
gence time and communication rounds. For example, the authors of [6] report a reduction
of 18–38% in convergence time with HACCS, while FEDGS [48] achieved a 59% reduction in
communication rounds. Nevertheless, these methods often depend on assumptions, such as
static client location [48], auxiliary dataset [49], or trusted third parties [52], which may limit
deployment in real-world environments. Aggregation-focused methods improve model
performance under non-IID conditions without modifying the client selection process, but
several of these methods require additional server-side resources. FedBGVS [59] requires
a balanced validation dataset, FedFusion [60] trains a Variational Autoencoder at each
round, and IB [68] estimates mutual information during training. Such requirements may
be difficult to satisfy in privacy-sensitive or resource-constrained environments. Fairness-
unaware methods often achieve higher convergence speed and communication efficiency
than the other categories. However, these methods may reinforce disparities inherent in
non-IID data by favoring low-latency, high-resource, or high-contribution clients. As shown
in Table 5, many fairness-unaware methods acknowledge sampling bias, dominance by
large-data clients, or limited selection diversity as important limitations, indicating that
these concerns remain relevant even when fairness is not an explicit design objective.

Across all three categories, two recurring patterns emerge. First, a clear trade-off exists
between fairness and efficiency. Methods that promote balanced participation and influence
often introduce additional communication and computational costs. Whereas methods
that prioritize convergence speed and efficiency may increase disparities between clients.
Second, addressing only one stage of the FL pipeline is insufficient for achieving system-
level fairness. Semi-fairness-aware methods improve fairness either in client selection or in
model aggregation, but the benefits are often limited by the stage that remains unaddressed.
Together, these findings suggest that achieving system-level fairness requires coordinated
design across both stages and evaluation using cross-stage fairness metrics, which remain
largely absent from current practice.
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5.2. Limitations of Current Evaluation Practices

A major limitation in the current literature concerns how non-IID mitigation methods
are evaluated. Most studies focus on average accuracy and convergence speed, which
provide limited insight into disparities across clients. Because fairness metrics are often
missing, it is difficult to determine whether a method improves fairness or only improves
overall performance while leaving some clients disadvantaged.

The current evaluation practices have several limitations. These limitations can be
grouped into five dimensions: dataset, non-IID generation methods, benchmark models and
applications, fairness metrics, and performance metrics. Most studies rely on benchmark
datasets such as MNIST, CIFAR-10, and FMNIST, as shown in Figure 5. Although these
datasets facilitate comparison across studies, they do not fully reflect the complexity of real-
world FL environments, where data are often noisy, diverse, imbalanced, and distributed
across heterogeneous clients.

Figure 5. Distribution of datasets used in federated learning studies.

Similarly, non-IID data are commonly generated using label skew and quantity skew,
as shown in Figure 6. While these settings are useful for controlled evaluation, they do not
capture the full range of heterogeneity observed in practice. More realistic forms of non-IID
data, such as feature skew and concept drift, remain comparatively underexplored. Evalu-
ation is also heavily centered on CNN-based models Figure 7. Consequently, it remains
unclear whether many non-IID mitigation methods generalize to other model architectures.
Furthermore, most experiments focus on image classification tasks, while domain-specific
applications, such as healthcare, industrial systems, smart cities, and cybersecurity, receive
considerably less attention Figure 8. This limits the generalizability of existing findings to
real-world deployment scenarios. Another important limitation concerns fairness evalua-
tion. Although fairness is increasingly recognized as an important objective in FL, many
studies continue to focus primarily on accuracy, convergence speed, and communication
cost. Fairness-related measures, such as client-level performance disparities, participa-
tion balance, and aggregation influence, are often absent. As a result, it is difficult to
determine whether a method improves fairness or simply improves average performance.
Performance evaluation itself also remains limited. Many studies report global accuracy,
convergence speed, and communication cost, but these metrics do not fully explain how
the improvement was achieved or who benefited from it. A method may improve average
accuracy while still producing poor outcomes for weak or underrepresented clients.
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Figure 6. Distribution of non-IID data types.

Figure 7. Usage of ML models in FL studies.

Figure 8. Distribution of application domains in FL.
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Together, these limitations hinder the reproducibility, comparability, and generaliz-
ability of the existing results. They also highlight the need for standardized evaluation
frameworks that jointly assess fairness, performance, and efficiency under diverse non-
IID settings.

5.3. Future Research Directions

The limitations identified in the current literature suggest several important directions
for future research.

• System-level fairness design:

Most existing methods address fairness either during client selection or model aggre-
gation but rarely consider both stages together. Future non-IID mitigation methods should
adopt a system-level perspective that jointly considers participation fairness and influence
fairness. Integrating fairness-aware client selection with fairness-aware aggregation may
help ensure that fair participation translates into fair influence and more equitable outcomes
across clients.

• Standardized fairness metrics and benchmarks:

The lack of standardized fairness evaluation remains a major barrier to meaning-
ful comparison across studies. Future research should develop benchmark frameworks
that combine standardized datasets, non-IID generation protocols, fairness metrics, and
performance metrics. These frameworks should evaluate not only global accuracy and
convergence speed, but also client-level performance, participation balance, aggregation
influence, and disparities across clients. This would improve reproducibility and enable
more consistent evaluation of fairness–performance trade-offs.

• Adaptive fairness–efficiency optimization:

The analysis presented in this survey highlights a persistent trade-off between fairness
and efficiency. Future methods should explicitly manage this trade-off rather than treating
fairness as a secondary objective. Adaptive approaches that dynamically balance fairness,
accuracy, communication cost, and computation cost according to the system conditions
may provide more practical solutions for real-world deployment.

• Broader and more realistic evaluation:

Current evaluations are heavily concentrated on benchmark image datasets, CNN-
based models, and simplified non-IID settings. Future studies should consider a wide
range of datasets, model architectures, and non-IID types. Greater attention should also be
given to real-world application domains. This would improve the practical relevance and
generalizability of research findings.

• Security, ethical, and regulatory considerations:

FL systems are highly vulnerable to security threats, such as adversarial attacks, Byzan-
tine attacks, backdoor attacks, and other types of attacks. As these systems are increasingly
used in privacy-sensitive and socially impactful applications, future research should ad-
dress fairness alongside security, privacy, transparency, accountability, explainability, and
regulatory compliance. This requires clear fairness objectives, transparent selection and
aggregation mechanisms, appropriate fairness metrics, and continuous monitoring of po-
tential harms. These considerations are important for supporting the secure, responsible,
and trustworthy deployment of FL systems.
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6. Conclusions
This survey reviewed existing federated learning (FL) methods for mitigating non-IID

data from a fairness perspective. While a wide range of approaches have been proposed to
address the challenges of non-IID data, these methods are primarily designed to improve
model performance and efficiency, with limited consideration of fairness in their design
or evaluation. The findings of this survey motivate the need to systematically analyze the
implicit effects of FL methods on client participation and influence. To address this gap, we
propose a taxonomy that classifies existing methods into three categories—fairness-aware,
semi-fairness-aware, and fairness-unaware—based on their design strategies for client
selection and model aggregation. Using this taxonomy, we examined the advantages, trade-
offs, and limitations of each category. A key finding is that mitigating non-IID data does
not ensure fairness. Improvements in performance do not guarantee balanced participation
or influence across clients, particularly under non-IID data. Furthermore, fairness is rarely
evaluated explicitly in existing non-IID mitigation methods, as most studies rely on overall
performance measures that ignore differences between clients. This limitation is reinforced
by current evaluation practices, which are typically based on limited datasets, simplified
non-IID settings, and narrow application domains. As a result, it remains difficult to
quantitatively assess fairness or compare methods in a consistent and meaningful way.
This represents a significant direction for future research. However, we believe that our
stage-level taxonomy contributes to bridging performance-oriented mitigation strategies
with fairness concerns, helping future methods better balance performance, efficiency,
and fairness, while also laying the foundation for a future quantitative fairness scoring
framework. Hence, these findings highlight the need for a shift toward system-level FL
design, where fairness and non-IID mitigation are addressed jointly. Such approaches
should explicitly consider participation, influence, and outcomes across clients while
balancing system cost, scalability, robustness, and privacy. As FL is increasingly deployed
in sensitive domains such as healthcare, finance, and IoT, ensuring fairness alongside
performance is essential for building large-scale FL systems that maintain performance and
fairness across diverse clients.
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