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ABSTRACT

Federated learning (FL) enables distributed model training without
centralizing data, but existing fairness-aware FL methods over-
whelmingly treat fairness as a global property—a constraint or ob-
jective that can be defined and applied uniformly across all clients.
In this paper, we argue that this paradigm is fundamentally in-
sufficient. Fairness is contextual, population-dependent, and often
governed by domain- or jurisdiction-specific values. To investigate
the practical implications of this mismatch, we empirically evaluate
existing methods against two client-side post-training interven-
tions—model output post-processing and final-layer fine-tuning.
Across four datasets of different modalities (tabular, signal, and im-
age) and multiple heterogeneity settings, we show that even when
all clients nominally commit to the same fairness metric, current
fairness-aware FL algorithms fail to provide consistent context-
sensitive fairness improvements. We find that the post-training
interventions perform more reliably in our experiments than the
fair FL methods we evaluate, but they remain only partial reme-
dies and highlight the need for novel FL frameworks that explicitly
support contextual and autonomous fairness.
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1 INTRODUCTION

Federated learning (FL) enables multiple parties to collaboratively
train a machine learning model without sharing their raw data [32].
By keeping data decentralized, FL is designed to address settings
in which privacy, data governance, or regulatory constraints make
data pooling undesirable or infeasible. Example domains include
healthcare, finance, and mobile sensing [23, 51]. Most FL frame-
works, including the widely used FedAvg algorithm [32], are built
around the principle of learning a single global model that aggre-
gates information from all participating clients.

As FL applications are being explored in socially sensitive do-
mains, interest has grown in incorporating algorithmic fairness into
federated training. Fair machine learning refer to making machine
learning models produce more fair outputs [5]. For example, in
some application contexts, the output of a binary classifier, that has
been trained with historical data using machine learning, may need
to satisfy certain fairness properties like conditional independence
from attributes like gender and race [15, 49].
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A rapidly expanding body of work proposes fair FL methods to
enforce fairness constraints or achieve parity across groups. How-
ever, most of these methods assume that fairness is a global prop-
erty—a constraint or metric that can be applied uniformly across
all clients [2, 10, 50, 52]. This assumption mirrors the centralized
ML setting, where a single model serves a single context, but it
conflicts with the sociotechnical reality of FL deployments.

Fairness is fundamentally contextual and situated. Numerous
works in algorithmic fairness and ethics emphasize that fairness
cannot be abstracted away from the local population, domain, le-
gal environment, or institutional values in which a system oper-
ates [5, 14, 41]. While the literature in fair FL does acknowledges
the heterogeneity across clients due to different data distributions
and measures local fairness on local distributions, it ignores other
types of heterogeneity. Clients within an FL system may serve dif-
ferent user groups, fall under different regulatory regimes, or prior-
itize different fairness notions depending on local harms, protected
attribute definitions, risks, and operational constraints. Treating
fairness as a single (or aggregated) global objective in FL ignores the
contextual, local, and often jurisdiction-specific nature of fairness.

We argue that the literature on fairness in FL should not be re-
stricted to methods that do not offer the clients the flexibility to
operationalise fairness independently. Research in this area should
therefore be extended to the design and study of methods that ex-
plicitly support contextual and autonomous fairness. As a step in
that direction and to give a formal example of our position, we also
introduce a simple post-training intervention based new baseline.
In this approach, all clients first collaborate to perform global FL
training without any fairness constraints. Once the global training
is finished, each client performs local fairness or debiasing post-
processing using its own dataset, tailoring the debiasing process
towards its requirements and specific data distribution. This de-
coupled approach offers better flexibility and decentralization as
it allows clients to apply different fairness constraints based on
their specific needs. Since the debiasing is performed locally, it
also adapts fairness to the local data distribution. Moreover, no
information about sensitive attributes is required during the global
training stage, thus offering better sensitive data protection, and
there is no additional network communication cost for debiasing.

We demonstrate this approach using two post-training approaches
(but other post-training approaches can also be similarly integrated).
One is model output post-processing [15], which addresses fairness
by solving a linear program and computing a derived predictor. It
does not need to change the original model weights and instead
post-processes the model output. The other one is the final layer
fine-tuning technique, which fine-tunes the last layer of neural



network based models, with fairness constraints added to optimiza-
tion objective. But it may be computationally more expensive and
modifies model weights.

We conducted experiments to compare performance with three
other methods: FedAvg [32], FairFed [13] and FairFed combined
with Fair Linear Representation (FairFed/FR) [13]. We included four
different datasets in our experiments. Two of them are commonly
used tabular datasets in the fair ML literature, namely the Adult
dataset [6] and the ProPublica COMPAS dataset [31]. The other
two are: a signal dataset, called PTB-XL Electrocardiogram (ECG)
dataset [44], and a medical images dataset, called NIH Chest X-
Ray dataset [46]. To simulate different levels of data heterogeneity
across clients, we use three heterogeneity settings.

Our experiments show that, even in a simple experimental set-
ting in which clients nominally use the same fairness criteria and
the only source of heterogeneity is local data distribution, the post-
training intervention offers better fairness compared to other meth-
ods on most of the datasets. However, the post-training is neither
sufficient (as it often fails to reduce unfairness sufficiently and
consistently) nor optimal (as it often leads to a significant drop in
accuracy). Therefore, further research is required for the develop-
ment of advanced methods to support contextual and autonomous
fairness in federated learning.

2 RELATED WORK

Federated Learning. In federated learning (FL) [32], different par-
ties which are often called “clients” can collaborate with each other
via a “server” without sharing their training data. During each
global training round of FL, each client computes gradient updates
on its local dataset, and then, instead of sharing their data directly,
they only share the updates with the server. The server aggregates
the updates from all the clients to compute an updated global model
weights, and sends the new global modal to all clients for them
to compute a new round of updates. This procedure repeats for a
few global rounds until the global model reaches a certain perfor-
mance or converges. One of the other major challenges in FL is that
of heterogeneity across clients, with data heterogeneity being the
most well-known type of heterogeneity [20, 33]. Personalized FL
(PFL) [3, 24, 45] address data heterogeneity and individual needs by
“personalizing” the global model towards a local objective. To the
best of our knowledge, these works in PFL do not consider fairness.

Fairness in Machine Learning. Fairness in machine learning (and
algorithmic decision-making systems broadly) is a very broad area
of research [5, 18]. For example, group fairness requires that differ-
ent demographic groups (often distinguished by sensitive attributes
such as gender and race) should have the same chance to receive
certain (conditional) outcomes [15]. For e.g., conditioned on “true”
qualification or label, group fairness may require a college admis-
sion decision classifier to ensure equal admission rates in different
demographic groups. There are different versions of group fairness
in the ML literature such as demographic parity, equal odds, etc [5].

Fairness in FL. Most existing work for fairness in FL [39] trains
a single global model with some fairness constraints. The literature
does consider local fairness; but either adopts a narrow view of
local fairness (e.g. measure a global fairness function on local data

distributions) or considers local fairness as secondary (e.g. combine
local fairness preferences into an aggregate global one).!

In FairFed [13], clients send ocal updates as well as local fairness
measurement to the server in each global round. The server aggre-
gates the local updates based on the fairness gap between each local
fairness measurement and the global fairness (e.g. updates sent by
“fairer client”, i.e. client with the lowest fairness gap, have higher
weight in global update). All clients receive the same model satisfy-
ing a global fairness notion after training. [9] and [28] are closer to
FairFed [13] discussed above; they consider new ways of incorpo-
rating local fairness estimates during global training, but at the end
of training all clients receive the same model satisfying a global
fairness notion. [11] propose that clients use a post-processing
function calculated by the server to achieve global fairness.

3 POST-TRAINING FAIRNESS INTERVENTION

To support clients in operationalising fairness independently, we
introduce a simple baseline based on post-training intervention.
Consider the following problem setting. There are K clients and one
server participating in the FL training. Each client Cy. (k € {1,.,K})
has a local dataset Dy. All local datasets together form the global
set D = Uy Dg. The distributions of Dy may differ for different k,
due to heterogeneous data across clients.

The post-training intervention approach can be divided into
mainly two stages, the federated training stage and the local debias-
ing stage. Only the training stage requires communication between
clients and the server, and the debiasing stage is fully local.

3.1 Federated Training Stage

The training stage follows the training procedure of standard FL
setting in FedAvg [32]. The general objective function in FedAvg
can be written as follows: f(0) = Zle wil (0), where 0 denotes
the model parameters, [ denotes the local objective function on
client k. The local objective function is fairness unaware, e.g. a
vanilla loss function like cross-entropy loss. Minimizing function
f(0) finds model parameter 6 that minimizes the weighted average
of the local model losses across all clients.

3.2 Local Debiasing Stage

In the debiasing stage (which comes after the first stage is finished),
the global model is sent to each client for them to evaluate the
model locally on their dataset Dy, and apply different debiasing
methods based on their local fairness constraint Fr.. We discuss
two examples of debiasing approaches that can be used in the post-
training intervention: 1) output post-processing method for any
binary classifier [15]; and 2) final layer fine-tuning method for deep
neural networks [30].

For brevity, we will only use Equalized Odds (EOD) [15] as fair-
ness metric in the examples (and the experiments), but note that
due to the decoupling of global model training and local debiasing,
different clients are not required to follow the same fairness defini-
tion or constraint. Clients can adjust to different fairness metrics,

!A related line of work in fair federated learning (e.g. [24, 25, 34]) is about utility
fairness for clients participating in FL. In contrast, we focus on the social attributes
based fairness for decision subjects.
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different levels of fairness-accuracy trade-off, even different sen-
sitive attributes based on their specific requirements. Clients can
also use different post-process debiasing methods methods.

Equalized Odds (EOD) [15] defines fairness as groups having the
same true positive rate (TPR) and false positive rate (FPR). For
evaluating and comparing EOD between different methods, we
will measure EOD as the maximum of the absolute difference of
TPR and the absolute difference of FPR between different groups,
as shown in Equation 1. This is consistent with popular fairness
toolkits like IBM’s Al Fairness 360 [7].

EOD =Max(|TPRa=1 — TPRA~|, |FPRA=1 — FPR4—|)
=Max(|Pr(Y =1|A=1Y=1)-Pr(Y=1|A=0,Y = 1)|, (1)
[Pr(Y=1]A=1,Y=0) - Pr(Y =1|A=0,Y = 0)|)
where A is the sensitive attribute, Y is the true label, and Y is

the decision (or prediction).
For each client Cy, we measure local EOD metric as (Equation 2):

EODy =Max(|TPRa=1,c, — TPRa-0.c; |,
|FPRa=1,c;, = FPRa=0,c;.|)
=Max(|Pr(Y =1|A=1,Y =1,Cy)
—-Pr(Y=1lA=0,Y =1,Ct)|,
|Pr(Y =1|A=1Y =0,Ck)
—Pr(Y=1]A=0,Y =0,Cx)|)

@

where |, Cy denotes that measure is calculated for client Cy and
their local data distribution (approximated using local data Dy.).

3.2.1 FL Model Output Fairness Post-Processing. Algorithm 1 in
Appendix A shows the pseudo-code of post-training intervention
with FL model output fairness post-processing.

It starts by general FL training in lines 1-8 [32]. At the termi-
nation of the global for loop, each client k € 1,..K has received a
trained FL model with weights w7. In line 10, predictions Y}, are com-
puted using the global model wr for the local dataset Dy for each
client Cy (k = 1,2, ...K). In line 11, each client computes a derived
predictor py. based on the prediction Yy and the local dataset Dy.. The
method of obtaining the derived predictor is adopted from Hardt
etal. [15]. Each client computes a derived predictor separately based
on their local context and requirements. For brevity, we do not dis-
tinguish between clients in the pseudo-code of Algorithm 1 (beyond
the distinction in their datasets Dy). In principle, each client can
also use different fairness definitions and post-processing methods
in lines 10-11 and if a client doesn’t wish to enforce fairness because
of local application context, they can also skip lines 10-11.

Obtaining Derived Predictor [15] . Formally, a derived predictor
can be defined using the following probabilities:

Pya=Pr(1~/=1If/=y,A=a)

The four probabilities p = (poo. po1, P10, p11) specify the derived
prediction f/p. Thus, the derived predictor probabilistically flips the
prediction of the model depending on the value of the sensitive
attribute and the prediction, in order to optimize EOD fairness.

A client computes their local derived predictor p using the fol-
lowing equation as the solution of a linear program:

rrgn E loss(f’p, Y)

st yo(¥p) = y1(¥p) &)
Vya0 < pya <1

where Y is the prediction by the model, f’p is the prediction by the
derived predictor p, a is the value of sensitive attribute, and

va) & (Pr(F=11A=aY=0,Pr(f=1]A=aY = 1))

In other words, a client finds their derived predictor p by minimiz-
ing the expected loss between the derived prediction 171, and true la-
bel Y while satisfying the EOD fairness constraints y()(f/p) =N (?p)
Y and A come from their local dataset Dy. In our experiments, we
also use the same definitions of loss as [15]

3.2.2  FL Model Final Layer Fairness Fine-Tuning. Algorithm 2 in
Appendix A shows pseudo-code of post-training intervention with
FL model final layer fairness fine-tuning for the debiasing stage.

Lines 1-8 are the same as Algorithm 1 since this is the global
FedAvg model training stage. Each client receives a copy of the
global model with weights wr at the end of this stage. In lines 9-15,
we show the decoupled debiasing stage that is executed indepen-
dently for each client. As was the case in the model output fairness
post-processing method discussed previously, clients can decide
their fairness definitions, metrics etc or skip fairness enforcement
depending on their local context. The distinction between clients is
not shown for brevity. On the other hand, unlike the model output
fairness post-processing method, this method relies on modifying
the weights in the final layer of a neural network model to im-
prove fairness. Mao et al. [30] showed in centralized ML setting
that fixing other model weights and only fine-tuning the last layer
can effectively improve the fairness in neural networks. Besides,
in FL, fine-tuning only the last layer can potentially be useful in
preserving information learned through the data of other clients
during global FL training.

In line 10, a client fixes the weights of the model layers except for
the last layer L. Then r rounds of fine-tuning are performed based
using the local dataset Dy at client k, with fine-tuning learning
rate 1 and the loss function L that considers both local accuracy
based loss (I) and local fairness Fj. dependent loss (I”). A parameter
« assigns relative weight to the two losses. In our experiments, we
use a loss I for EOD i.e. the sum of the differences in TPR and FPR
for two demographic groups (see Section 3). Our implementation
code will also be released for further clarity and reproducibility.

4 EXPERIMENT SETTINGS
4.1 Datasets

For empirical analysis, we use two tabular datasets that are widely
used in fair machine learning literature, namely Adult [6] and ProP-
ublica COMPAS [31]. In addition, we use two other datasets that
are both larger in size and more complex in structure compared
with the tabular datasets. One of them is an ECG signal dataset
called PTB-XL [44], and the other is a chest X-ray image dataset
called NIH Chest X-Ray [46]. Due to space constraints, the details



of datasets and data cleaning etc are provided in Appendix B. These
datasets are only included for demonstration purposes—inclusion
of a dataset in experiments doesn’t indicate our position about
suitability of any specific fairness metric for a dataset.

4.2 Data Split

To simulate the data distributions across different clients, we parti-
tion each dataset to form local datasets without overlap. Then for
each client, we split the local dataset into a training set and a test
set, and only the training set is used during model development.
Clients Data Split: We use a 4-client setup for all the datasets
[42]. To generate heterogeneity among clients, we use Dirichlet
Distribution to sample data points, which is commonly used in
fair FL literature [13, 42, 47]. We sample p; ~ Dir(a) for each
client i € {1,..,4}, where « is a parameter controlling the level
of data heterogeneity. Smaller « provides a more heterogeneous
distribution, and as @ — oo, the data distribution gets close to
homogeneous and can be considered as random split [13].

To simulate different levels of data heterogeneity from extremely
imbalanced to (very close to) random split, we will use & = 0.5, 5, 100
in the experiments (more discussion to follow in Section 6.1).
Train/Test Data Split: We split train and test sets on each client
independently. On each client, we use 80% samples as training
set and 20% as test set. The global model is trained using all local
training sets in the first stage (i.e. federated training). During local
debiasing stage, we use local training set at the respective client.

4.3 Other Evaluated Methods

We compare the post-training intervention introduced in Section 3
against the following methods:?

FedAvg: FedAvg refers to the originally proposed FL training
framework without any fairness considerations [32] . Each client
computes its local update and sends it to the server for aggregation
and global model update.

FairFed: As discussed in Section 2, FairFed [13] is based on FedAvg
framework and uses fairness-aware aggregation.

FairFed + Fair Representation (FairFed/FR): Fair Represen-
tation [48] is a pre-processing method which de-bias the input
features by removing their correlations with sensitive attributes.
We also include FairFed combined with FairRep[48], for the reason
that the authors of the FairFed paper [13] presented the perfor-
mance of FairFed combined with local pre-processing. Under their
experimental setting, FairFed works well with Fair Representation
with heterogeneous data distributions too.

4.4 Evaluation Metrics

The evaluation metrics used in experiments are summarized below
and Appendix C contains formal expressions:

Accuracy: We use the local (client-level) test accuracy as one of
the main performance evaluation metrics on the tabular datasets
Adult and COMPAS.

Balanced Accuracy: For PTB-XL and NIH Chest X-Ray, we use
balanced accuracy [8] instead of accuracy. Health datasets are often

ZFor comparison, we restrict experiment settings where clients nominally use the same
fairness metric. This is without loss of generalisation for the post-training intervention
that can also accommodate heterogeneous fairness metrics.

very imbalanced with labels for disease prediction or other classifi-
cation tasks. In most cases, within a given dataset only a minority
of patients is diagnosed with the specific disease, and the prediction
accuracy can be high even if the model just predicts every sample
as “No disease”. Balanced accuracy addresses this issue by includ-
ing both sensitivity (TPR) and specificity (TNR) providing a more
reliable measurement for imbalanced datasets. It is widely used in
health ML literature such as [17, 27].

EOD: For fairness, we use local (client-level) Equalized Odds (EOD)
as introduced in Section 3. It is the maximum of the absolute TPR
difference between different groups and the absolute FPR difference
between groups (Equation 2).

Weighted Average: In addition, we also include weighted average
of accuracy, balanced accuracy, and EOD. It can be interpreted as a
measurement of the average performance across clients.

5 MODEL DEVELOPMENT

Adult and COMPAS tabular datasets are generally evaluated with
simple architectures in the literature [49]. We use a simple one-layer
model to train on the Adult and COMPAS datasets. The activation
function ReLU [4] is used in the model. We use stochastic gradient
descent (SGD) [38] as the optimizer and Binary Cross Entropy Loss
(BCELoss) [29] as the loss function when training on Adult and
COMPAS.

For the ECG dataset PTB-XL, we used a ResNet-based model
[26] with residual blocks [16] to handle the uni-dimensional ECG
signals. The model is composed of one convolutional layer and five
residual blocks. Each residual block consists of two convolutional
layers by batch normalization [19], activation function ReLU [4]
and Dropout regularizer [43]. We use Adam optimizer [21] with
weighted mean square error loss function for the ECG dataset.

In the case of NIH Chest X-Ray dataset, we initialize our model
with the pre-trained model MobileNetV2 [40]. The MobileNetV2
model is trained on Imagenet. Prior works such as [37] have shown
that utilizing pre-trained models (including MobileNet) for initial-
ization is useful for classification tasks on X-Ray datasets.

Code Availability. To supplement the above information, we will
release the implementation/code. All algorithms require hyperpa-
rameters to be tuned. For FairFed and FairFed/FR, we report results
with hyperparameters settings based on the information available
in the original paper and that showed best results for these method
in our implementation. Appendix D provides the hyperparameter
settings used for all methods, as well as other details likes libraries
used and the computation resources.

6 RESULTS AND DISCUSSION

6.1 Performance on COMPAS Dataset

We first investigate the impact of data heterogeneity level. We
partition the COMPAS dataset across four clients using Dirichlet
distribution Dir(a) with @ = 0.5, 1, 5, 100, 500, and evaluate the per-
formance of different methods. The third row in Figure 1 shows the
distribution of data labels across clients under different heterogene-
ity settings. As expected, lower values of @ (e.g., @ = 0.5 and a = 1)
result in more imbalanced data partitions both in terms of label
distribution and dataset size. In contrast, higher values (¢ = 100
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and a = 500) generate more balanced splits, with a = 500 closely
simulating an identically distributed setting, mimicking random
data splits across clients. The medium level of heterogeneity is
represented by a = 5.

The first row of Figure 1 shows the EOD values for each method
as data heterogeneity increases. Experiments were repeated for 10
random seeds under each setting and the average and standard
deviation are reported. We can observe that firstly, the EOD for the
standard FL model without fairness constraints (FedAvg) decreases
as « increases, which suggest that more balanced splits generally
result in less bias (lower EOD values are better). As for FairFed and
FairFed/FR, the best performance is observed at around medium to
high levels of data heterogeneity (a = 0.5, 1). However, we can see
that the performance of FairFed and FairFed/FR is not very robust
with a large standard deviation (std). A possible reason could be
sensitivity w.r.t. the FairFed hyper-parameter f.

Compas

PP

L
FT
B Fairfed/FR
W FairFed
. FedAvg
== pp
FT
W FairFed/FR
B FairFed
m FedAvg
a=0.5 a=1 a=5 a=100 a=500
#4 1 | u | |
£ #3 1 - I . | | label:1
S #2 {— - - | .| beio
#1000 | . ] __
0 " i 20 ' i " é 0 " i 20 ' ]‘. ' 20 " i 2
a=05 a=1 a=100 a=500

a=5
Number of samples (k)

Figure 1: Experiment using COMPAS dataset with different
data heterogeneity level a. Smaller « indicates more hetero-
geneous data partitions. Accuracy and EOD are weighted
averaged across clients based on the dataset size; standard de-
viation (std) is shown with error bars. 1st row: Test accuracy
(higher value is better). 2nd row: Equalized odds difference
(lower value is better). 3rd row: Sample distribution on each
client with different labels. FedAvg, FairFed, and FairFed/FR
are methods described in Section 4.3. PP and FT refer to post-
training intervention with model output post-processing and
final layer fine-tuning respectively.

On the other hand, post-training intervention with both PP and
FT methods shows good improvement in EOD under all heterogene-
ity settings with much smaller standard deviations. Simple output
post-processing method can achieve the highest improvement when
the data is not too imbalanced (& = 5, 100, 500). When the hetero-
geneity is extremely high (@ = 0.5, 1), final-layer fine-tuning shows
its effectiveness by reducing EOD close to zero.

The second row of Figure 1 provides the test accuracy with
respect to data heterogeneity. Generally, models trained without
any fairness constraints would obtain a higher accuracy compared
with fairness fairness-constrained models. This situation can be

observed in almost every method in Figure 1. However, when a =
0.5, we can see that FT even achieves an increase in accuracy with
a significant EOD improvement. The reason could be that, the fine-
tuning procedure helps the model to optimize towards both the
local fairness and accuracy goal as shown in line 12 of Algorithm 2,
addressing data heterogeneity problem in fairness and prediction
accuracy at the same time.

Henceforth, we will use three different data heterogeneity set-
tings with & = 0.5, 5 and 500 to simulate high, medium and very low
(close to homogeneity) levels of data heterogeneity respectively.
Further, note that the final-layer fine tuning (FT) method is meant
for deep neural networks. For the sake of completeness in Figure 1,
we used a 2-layer neural network for COMPAS dataset, but in all
further discussions, we will use a simple one-layer network for both
tabular datasets Adult and COMPAS (as explained previously in
Section 5). This also means that we will not discuss the FT method
for tabular datasets henceforth.

Table 1 shows the client-wise performance of post-training inter-
vention with model output post-processing (PP) method compared
to other methods, under varying data heterogeneity. In general, PP
shows a significant improvement in fairness at all clients as well
as in the weighted average of local fairness under all heterogene-
ity settings. In contrast, the FairFed and FairFed/FR show lower
fairness improvements. The irperformance is also less consistent,
which suggests the sensitivity of FairFed-based approaches to ex-
perimental conditions. However, the improvement in fairness in PP
comes at a cost of relatively more drop in accuracy.

Under extreme heterogeneity setting (¢ = 0.5), post-training
with PP, outperforms other methods in fairness improvement across
clients and also show a significant improvement in weighted av-
eraged EOD (~ 79% improvement over FedAvg). When the data
partitions are less heterogeneous (with @ = 5 and a = 500), PP
becomes slightly more effective in improving fairness with an im-
provement of ~ 85% for & = 500 over FedAvg.

6.2 Performance on Adult Dataset

Compared with the COMPAS dataset, the Adult dataset is larger
in size but more imbalanced in terms of label and sensitive at-
tribute distribution with only 3.6% of samples having label = 1 and
sensitive_attribute = 0 (see Table 5 in Appendix 4.1).

Table 2 shows that post-training intervention with PP achieves
the highest fairness improvement compared to other methods under
all heterogeneity settings, with some accuracy decrease. FairFed
provides a much smaller EOD improvement while maintaining a
similar accuracy level as FedAvg. FairFed/FR generally appears to
perform worse in terms of fairness-accuracy trade-off.

6.3 Performance on PTB-XL ECG Dataset

Table 3 presents the performance comparison of different methods
on PTB-XL ECG dataset under different heterogeneity settings.

3We also considered & = 0.1 as one of the heterogeneity settings. However, we found
that due to the small dataset size and imbalanced label split, there would be missing
labels within some groups with @ = 0.1. This creates problems in experiments (e.g.
inability to even measure fairness on some clients). Therefore, we consider ¢ = 0.5 as
the highest level of data heterogeneity. Similarly, we observed the data heterogeneity
with & = 500 to be very small and quite close to random splits. Thus we will consider
a = 500 as the lowest level of heterogeneity.



COMPAS Dataset

Method
FedAvg FairFed FF+FR PP

Avg 0.670 0.674 0.652  0.610
C1 0.632 0.705 0.628  0.550
Acc. C2 0.633 0.658 0.638  0.532
C3 0.729 0.705 0.684  0.706
C4 0.704 0.682 0.656  0.697
0.5 Avg 0.418 0.378 0.407  0.088
C1 0.464 0.405 0.415  0.078
EOD C2 0.370 0.348 0.379  0.064
C3 0.387 0.340 0.376  0.101
C4 0.532 0.484 0.524  0.137

Avg 0.670 0.663 0.660 0.602
C1 0.671 0.661 0.661 0.583
Acc. C2 0.648 0.640 0.654 0.591
C3 0.708 0.712 0.703 0.679
C4 0.636 0.613 0.599 0.527
5 Avg 0.392 0.317 0.334  0.086
C1 0.454 0.368 0.369  0.062
EOD C2 0.345 0.271 0312 0.118
C3 0.356 0.293 0.329  0.075
C4 0.402 0.312 0.312  0.106

Avg 0.673 0.671 0.672 0.603

C1 0.671 0.666 0.676  0.602
Acc. C2 0.680 0.679 0.678 0.607
C3 0.665 0.661 0.664  0.611
C4 0.675 0.678 0.668 0.589
500 Avg 0.416 0.414 0.374  0.064
C1 0.422 0.434 0.391  0.053
EOD C2 0.401 0.368 0.336  0.061
C3 0.399 0.424 0.400  0.080
C4 0.444 0.434 0.373  0.061

a | Metric | Client

Table 1: Client-wise performance comparison on COMPAS
dataset with different data heterogeneity level «. Smaller «
indicates more imbalanced partitions. Acc.: Test accuracy
(higher is better). EOD: Equalized odds difference (lower is
better). Grey highlights indicate the best performance in
each row. FedAvg, FairFed, and FF+FR are methods described
in Section 4.3. PP refers to post-training intervention with
model output post-processing.

Note that, for both PTB-XL ECG and NIH-Chest X-Ray datasets,
FairFed/FR will not be included in the results. The Fair Linear Rep-
resentation (FR) approach is based on correlations between data
features and sensitive attributes and, to the best of our knowledge,
does not apply to signal or image datasets [48]. Therefore, we will
only use FairFed and FedAvg for the following experiments. On the
other hand, as discussed in Section 6.1, now we will also include
the results for final-layer fine-tuning method (FT) in post-training
in addition to results with the PP method.

Model Output Post-Processing (PP). Post-training intervention
with model output post-processing (PP) for fairness is still very

Adult Dataset

Method
FedAvg FairFed FF+FR PP

Avg 0.847 0.833 0.784  0.821
C1 0.804 0.767 0.741 0.774
Acc. C2 0.739 0.704 0.648  0.694
C3 0.925 0.958 0.924  0.908
C4 0.725 0.625 0.500  0.684
0.5 Avg 0.193 0.158 0.199  0.060
C1 0.154 0.108 0.122 0.051
EOD C2 0.324 0.295 0.118 0.214
C3 0.224 0.205 0.299  0.068
C4 0.171 0.110 0.076 ~ 0.042

Avg 0.842 0.842 0.829 0.810
C1 0.784 0.780 0.757 0.743
Acc. C2 0.797 0.792 0.760 0.750
C3 0.875 0.879 0.873 0.852
C4 0.872 0874 0872 0.845
5 Avg 0.164 0.149 0.153 0.066
C1 0.197 0.186 0.173 0.052
EOD C2 0.122 0.108 0.107 0.062
C3 0.164 0.140 0.177 0.101
C4 0.171 0.164 0.149 0.042

Avg 0.841 0.842 0.841 0.810
C1 0.836 0.838 0.835 0.806
Acc. C2 0.845 0.846 0.846 0.816
C3 0.842 0.841 0.842 0.806
C4 0.840 0.841 0.840 0.812
500 Avg 0.173 0.159 0.160  0.044
C1 0.178 0.152 0.152  0.032
EOD C2 0.175 0.167 0.163  0.031
C3 0.144 0.147 0.148  0.032
C4 0.195 0.171 0.177  0.081

a | Metric | Client

Table 2: Client-wise performance comparison on Adult
dataset with different data heterogeneity level «, where
smaller « indicates more imbalanced partition. Acc.: Test
accuracy (Higher is better). EOD: Equalized odds difference
(Lower is better). Grey highlights indicate the best perfor-
mance in each row. FedAvg, FairFed, and FF+FR are methods
described in Section 4.3. PP refers to post-training interven-
tion with model output post-processing.

effective on more complex datasets and models, and outperforms
other methods in fairness improvement. We can see from Table 3
that the performance of PP is not influenced much by the change
of data heterogeneity, with an improvement of EOD by 87%, 83%
and 86% at a = 0.5, « = 5, @ = 500, respectively. On the other hand,
the improvement in fairness comes with a decrease of balanced
accuracy by 13% - 16% across different heterogeneity settings, with
the most balanced data distribution having the largest accuracy
decrease. One possible reason could be that on the dataset with a
higher heterogeneous distribution, local post-processing could fit
the local distribution better.
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PTB-XL Dataset

Method
FedAvg FairFed PP FT

Avg 0.790 0.780 0.684 0.803
C1 0.760 0.773  0.642 0.771
BA C2 0.810 0.811 0.712  0.809
C3 0.734 0.767 0.581  0.806
C4 0.858 0.841 0.800  0.853
0.5 Avg 0.342 0.308 0.044 0.299
C1 0.334 0.286  0.074 0.308
EOD C2 0.369 0.330  0.074 0.407
C3 0.349 0.316  0.021 0.267
C4 0.172 0.198  0.080 0.186

Avg 0.770 0.769 0.648 0.790
C1 0.791 0.787 0.672  0.799
BA C2 0.774 0.778  0.675 0.776
C3 0.771 0.768 0.636  0.777
C4 0.755 0.750 0.615 0.805
5 Avg 0.342 0.358  0.055 0.319
C1 0.412 0.431 0.066 0.421
EOD C2 0.347 0.342  0.065 0.327
C3 0.360 0.392  0.051 0.341
C4 0.288 0.311 0.042 0.239

Avg 0.770 0.772 0.645 0.793
C1 0.754 0.753 0.629 0.784
BA Cc2 0.760 0.770 0.630 0.789
C3 0.777 0.774 0.648 0.797
C4 0.788 0.791 0.671  0.803
500 Avg 0.345 0.343  0.046 0.319
C1 0.364 0.359  0.029 0.334
EOD C2 0.335 0.334  0.049 0.307
C3 0.355 0.350  0.047 0.340
C4 0.328 0.332  0.055 0.298

a | Metric | Client

Table 3: Client-wise performance comparison on PTB-XL
ECG dataset with different data heterogeneity levels a. BA:
Balanced accuracy (Higher is better). EOD: Equalized odds
difference (Lower is better). Grey highlights indicate the best
performance of each row. FedAvg and FairFed are methods
described in Section 4.3. PP and FT refer to post-training
intervention with model output post-processing and final-
layer fine-tuning respectively.

Final-layer fine-tuning (FT). Post-training intervention with final-
layer fine tuning (FT) also outperforms FairFed and FedAvg in
weighted averaged fairness improvement over all heterogeneity set-
tings, even though it does not provide as satisfactory EOD reduction
as PP. Final layer fine-tuning (FT) works better with more heteroge-
neous data, providing a fairness improvement of 12% with a = 0.5,
and a slightly lower improvement of 7% with « = 500. However,
it may be noted that FT also provides an increase of BA across all
heterogeneity settings while reducing EOD. While FT overall does
not appear satisfactory in our experiments for fairness, we leave

it for future work to explore whether different hyper-parameter
setting (e.g. for a, I, etc) can produce better results.

6.4 Performance on NIH Chest X-Ray Dataset

Table 4 shows the experiment results on the NIH Chest X-Ray
dataset for different heterogeneity settings.

In general, post-training intervention with both PP and FT still
provide a fairness improvement across all heterogeneity settings
which decreases with the decrease of data heterogeneity, from
around 36% to 26% and from 39% to 8% respectively. And the accu-
racy decrease is small as well. FairFed provides a higher fairness
EOD improvement on average than post-training interventions
while providing a slightly lower accuracy.

Compared with the results on other datasets we discussed so
far, we can see that the best performance of different metrics are
more unevenly distributed across different methods. For example,
looking at weighted average fairness, FairFed appears to perform
better. For client-wise fairness metrics, client 2 can achieve the
lowest EOD with FT for @ = 0.5 and @ = 500 while client 4 can
achieve that with PP instead. Thus, the winner trend is not as clear
as it was in the case of previous datasets.

The difference between results on the NIH-Chest X-Ray dataset
and the other datasets could be because the hyper-parameters are
more sensitive on NIH Chest X-Ray dataset and thus requires more
careful tuning and a larger search space to obtain the optimal model.
This sensitivity may be due to many reasons. Firstly, we see from
the tables that the EOD metrics on NIH Chest X-Ray obtained
by FedAvg training without any fairness constraints are already
small. Recall that EOD of FedAvg on COMPAS and PTB-XL is
generally larger than 0.3, on Adult is more than 0.16, while on NIH
Chest X-Ray is around 0.05 - 0.06. Secondly, recall from Table 8
(Appendix 4.1) that NIH Chest X-Ray dataset is very imbalanced
with only 18% of the samples having positive labels (“Effusion”).
After data is split across clients, the local sample size for certain
groups could be very small which makes it more difficult to make
fine-tuning work. These results highlight some of the limitations
of the post-training intervention that we now summarize as we
approach the end of our paper.

6.5 Summary of Observed Strengths and
Limitations

Model Output Post-Processing: In the analyses of post-training
intervention with PP (i.e. model output post-processing) method,
we observed several of its strengths. Firstly, this method shows
its effectiveness with significant fairness improvement across all
datasets under various heterogeneity settings. It is especially ef-
fective when the original model or data contains relatively large
EOD or when local datasets are highly heterogeneous. Secondly,
this method is very efficient to apply because it is very fast to com-
pute the derived predictor and requires no hyperparameter tuning.
Additionally, it requires minimal computational resources at local
clients, making it a low-cost solution (i.e. no GPUs required). On
the negative side, we observed that PP comes with drop in accuracy
in nearly all cases. While a drop in accuracy is commonly observed
in the fairness literature and may often be due to data character-
istics and assumptions [12, 22], but it also shows the importance



NIH-Chest X-Ray Dataset

Method
FedAvg FairFed PP FT

Avg 0.846 0.840 0.844 0.850
C1 0.916 0.900 0.915 0.911
BA C2 0.577 0.584 0.573 0.574
C3 0.962 0.961 0.960  0.960
C4 0.888 0.870 0.885 0.921
0.5 Avg 0.061 0.031 0.039 0.037
C1 0.106 0.040 0.090 0.086
EOD C2 0.013 0.008 0.011  0.004
C3 0.044 0.035 0.044 0.007
C4 0.098 0.042  0.010 0.075

Avg 0.867 0.862 0.864  0.865

C1 0.844 0.839 0.839 0.844
BA C2 0.892 0.899 0.893 0.889
C3 0.836 0.831 0.832  0.830
C4 0.890 0.871 0.887 0.892
5 Avg 0.051 0.031 0.045 0.042
C1 0.035 0.061 0.015 0.026
EOD C2 0.056 0.019  0.080 0.041
C3 0.067 0.023 0.049 0.067
C4 0.046 0.025 0.029 0.031

Avg 0.865 0.865 0.862 0.864
C1 0.860 0861 0.857 0.857
BA C2 0.879 0.873 0.877 0.878
C3 0.860 0.861 0.858 0.865
C4 0.860 0864 0856 0.859
500 Avg 0.067 0.024 0.049 0.061
C1 0.103 0.038  0.069 0.104
EOD C2 0.035 0.007  0.006 0.006
C3 0.098 0.011 0.098 0.104
C4 0.035 0.039  0.024 0.036

a | Metric | Client

Table 4: Client-wise performance comparison on NIH Chest
X-Ray dataset with different data heterogeneity level a. BA:
Balanced accuracy (Higher is better). EOD: Equalized odds
difference (Lower is better). Grey highlights indicate the best
performance of each row. FedAvg and FairFed are methods
described in Section 4.3. PP and FT refer to post-training
intervention with model output post-processing and final-
layer fine-tuning respectively.

of considering application and context in employing any fairness
intervention. Application grounded discussions with ethical, le-
gal, domain experts and various stakeholders must be taken into
account to select the right fairness intervention.

Final Layer Fine-Tuning: In the analysis of post-training inter-
vention with FT (i.e. fair final layer fine-tuning) method, we found
it to be also effective in improving model fairness. It improves the
EOD under all heterogeneity settings for most datasets. Similar
to PP, this approach tends to achieve better fairness improvement
with more heterogeneous data across clients. In contrast to PP,
fine-tuning also provides a better model accuracy under more het-
erogeneous settings on most datasets. Notably, in cases of extreme
data heterogeneity, fine-tuning often improves both fairness and

accuracy simultaneously. While it does not always deliver as large a
fairness boost as PP, it delivers fairness improvements with minimal
or no impact on model performance.

Though it is not as computationally inexpensive as PP, FT is
still efficient because only the last layer of the model is updated,
while the other layers are kept fixed. This ensures that even with
large models like the deep neural network (DNN) we used in the
NIH Chest X-Ray experiments, the method is promising. Local
clients can also tune their local model to suit their specific fairness
requirements by tweaking parameters such as o, and the number
of local training rounds. This provides a more flexible fairness
option for clients compared to the PP approach.

However, this dependence on the fine-tuning parameter oy, also
means that achieving the optimal performance requires tuning
the hyperparameters, which adds to the cost and complexity of
applying it, especially on large datasets with increasing complexity.
Finally, in cases where local datasets are small and thus, there are
insufficient samples for certain labels/groups, fine-tuning tends to
not work satisfactorily and hyperparameter tuning more difficult.

7 CONCLUSIONS AND FUTURE WORK

This paper argued for a shift in how fairness is conceptualized in
federated learning. Rather than treating fairness as a single require-
ment to be satisfied by a global model, we highlight that fairness
in practice is diverse, situated, and often contested; consequently,
federated systems should not presume that one fairness definition,
metric or constraint is appropriate for all clients.

This paper does not claim to offer a complete solution; instead,
it demonstrates that existing global approaches and a simple new
baseline (i.e. local post-training interventions) address only parts
of a broader challenge. While post-training interventions offer flex-
ibility and can be applied independently by each client, they also
have limitations. Output post-processing often improves fairness
with significant reduction in accuracy. Final-layer fine-tuning can
achieve modest fairness gains without as much accuracy loss, but
its performance is sensitive to hyperparameters and deteriorates
when clients have limited local data. Both techniques rely heavily
on the quality of the global model they receive. These observations
indicate that fairness adapted only after global training, although
useful, cannot fully address the broader misalignment between
global model training and client-specific fairness needs.

Future work should investigate how training procedures can al-
low clients to express different fairness goals and explore how such
goals can coexist without forcing a single fairness outcome. There
is also room for work on robustness under small or imbalanced
local datasets, better support for multiple fairness notions beyond
group metrics, and extending contextualized fairness to multi-class
prediction tasks. Finally, understanding how fairness interacts with
domain requirements, legal obligations, and operational constraints
across diverse clients remains an open and important challenge.
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B DATASETS DETAILS

Adult Dataset. The target label in the Adult dataset [6] is “income”
which is divided into two classes (“<=50K” and “>50K”) for binary
classification task. We use “sex” as the sensitive attribute with “male”
as 1 and “female” as 0 in our experiments. We use one-hot encoding
for all categorical features and apply sklearn StandardScaler
[36] to standardize continuous features. The dataset originally con-
sisted of 48842 samples. After dropping N/A values including values
filled with abnormal values like ‘?’, we have 44993 samples with
14662 (32.6%) samples being “female” and 30331 (67.4%) being “male”.
Other statistics of Adult dataset are in Table 5.

income
1 0 Total

(>50K) | (<=50K)
1 (Male) | 9343 20988 | 30331
(20.8%) | (46.6%) | (67.4%)
sex | 0 (Female) | 1636 13026 14662
(3.6%) | (29.0%) | (32.6%)
Total 10979 34014 44993
(24.4%) | (75.6%) | (100.0%)

Table 5: Statistics for the Adult dataset. income is used as
target label, and sex is used as sensitive attribute.

COMPAS Dataset. Target variable in this dataset [31] is observed
recidivism within 2 years. The dataset originally consisted of 7214
samples, and after dropping N/A values there are 6172 samples

left. We use race as the sensitive attribute. For data pre-processing,
we followed the procedures in [31] and [49]. Samples with the
race “Caucasian” are categorized as the privileged group and sam-
ples with the race “African-American” as the unprivileged group.
Samples in other race groups are dropped for the scope of experi-
ments. 5278 samples are used for the experiments with 2103 samples
(39.8%) being “Caucasian” and 3175 samples being (60.2%) “African-
American”. We only use a subset of the data features including
“age_cat”, “sex”, “priors_count”, “c_charge_degree”, as well as sen-
sitive attribute “race” and target label “two_year_recid”. Similar to
Adult data, we use one-hot encoding for categorical features and
standardize numerical features using sklearn StandardScaler.
Statistics of the COMPAS dataset in Table 6.

two_year_recid

Total 1 0 Total

1 (Caucasian) 822 1281 2103
(155%) | (24.3%) | (39.8%)

race | 0 (African-American) | 1661 1514 3175
(31.5%) | (28.7%) | (60.2%)

Total 2483 2795 5278
(47.0%) | (53.0%) | (100.0%)

Table 6: Statistics for COMPAS dataset. two_year_recid is used
as target label, and race is used as sensitive attribute.

PTB-XL ECG Signal Dataset. The PTB-XL dataset [44] is an elec-
trocardiography (ECG) dataset consisting of 21799 clinical ECG
signal records of 10-second length from 18869 patients. The ECGs
are 12-lead with a sampling frequency of 100Hz. The 12 standard
leads recorded in the dataset are lead I, I, III, aVF, aVR, aVL, V1, V2,
V3, V4, V5, and V6, and each of them records the heart’s electrical
activity from a distinct viewpoint. Together, they provide a multidi-
mensional and comprehensive view of the heart’s electrical activity,
which makes ECG very commonly used and powerful tool in cardi-
ology. Each ECG record is annotated by one or two cardiologists
and assigned a statement to diagnose if the patient has a normal
ECG or certain heart disease. The likelihoods for each diagnostic
statement are also provided. For pre-processing, we dropped N/A
values as well as entries with abnormal ages like “300”. Additionally,
we only used samples with 100% confidence diagnosis for the exper-
iments. We consider the target label as “normal” (ECG), and ECGs
labeled with different heart diseases are considered as “abnormal”.
We use patient age as the sensitive attribute and patients with age
larger than 60 are classified into one group and the rest as the other
group. In the experiments, a total of 15766 samples are used with
5971 (37.9%) classified as “normal”. Summary of PTB-XL in Table 7.

normal

Total | 1 0 Total

age > 60

1| 1987 (12.6%)

0

3984 (25.3%)

6717 (42.6%)
3078 (19.5%)

8704 (55.2%)
7062 (44.8%)

Total

5971 (37.9%)

9795 (62.1%)

15766 (100.0%)

Table 7: Statistics for PTB-XL dataset. normal (ECG) is used
as target label, and age > 60 is used as sensitive attribute.
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Algorithm 1 FL Model Output Fairness Post-Processing

Initialize server with global model weights wg; K clients with local training dataset Dy

1: for each global round t=1, 2, ..., Tdo

2: for each client k=1, 2, ., K in parallel do
3: wf « ClientlLocalUpdate(w¢—1, Dg)

4: CommunicateToServer(wf)

5: end for

6: wp — Aggregate({wf}le)
7: CommunicateToClients(w;)
8: end for

9: for each client k=1, 2,
10: Vi « Predict(wr, Dy)
1 P —Eqodds (Y, Dy)
12: end for

., K in parallel do

> FedAvg starts

> Compute local update at each client using data Dy

> Communicate local update to server

> Aggregate local updates to compute global update at server

> Post-processing starts
> Compute prediction with FedAvg model for local data Dy,
> Compute derived predictor for client

Algorithm 2 FL Model Final Layer Fairness Fine-Tuning

Initialize global model with L layers and initial weights wq; K clients with local training dataset Dy; accuracy-based loss function /;
fairness-based loss function I’; fine-tuning parameter ; fairness metrics Fy for each client k; fine-tuning learning rate n

1: for each global round t=1, 2, ., Tdo

2: for each client k=1, 2, ., K in parallel do
3: wf « ClientlLocalUpdate(w;—1, Dg)

4: CommunicateToServer(wf)

5: end for

6: wr — Aggregate({wf}szl)

7: CommunicateToClients(w;)

s: end for

9: for each client k=1, 2, ., K in parallel do
0 wke FreezeLayers({wT}{;l)

11: for each fine-tuning round r=1, 2, ..., Rdo
12: L=al(wk Dy)+1' (0%, Dy, Fr)

13: ok — o'k -1V k(L)

14: end for

15: end for

> FedAvg starts

> Compute local update at each client using data Dy

> Communicate local update to server

> Aggregate local updates to compute global update at server

> Fine-tuning starts
> Freeze weights for layer from 1 to (L-1)

> local weighted loss L including fairness Fj
> Local update at client

NIH Chest X-Ray Image Dataset. NIH Chest X-Ray dataset [46]
is a medical imaging dataset comprised of 112120 X-ray images
from 30805 patients. The X-ray images come labeled with up to 14
diseases and “No finding” by natural language processing (NLP)
models based on the original radiological reports of each X-ray.
We only select samples with “No Findings” and disease “Effusion”
for the scope of our experiments. We use “Effusion” as the target
label, and “Patient gender” as the sensitive attribute. After remov-
ing entries filled with N/A and abnormal values, we have a dataset
with 73669 samples, and 13316 (18.1%) are labeled “Effusion”. In
addition, we resized each image into size (256 * 256 * 3) with 3 chan-
nels both for computational reasons and the requirement for using
pre-trained models during the training process (to be discussed in
Section 5). Images are also normalized using the required mean
and standard deviation based on the pre-trained model used in the
experiments [40]. Statistics of NIH Chest X-Ray are in Table 8.

In the NIH Chest X-Ray dataset, the feature gender refers to the
biological sex of patients. Here we just kept the original feature
name in the dataset, which is gender.

Ef fusion

Total | 1 ‘ 0 ‘ Total

1 | 7434 (10.1%)
gender | 0 | 5882 (8.0%) | 26437 (35.9%) | 32319 (43.9%)

33916 (46.0%) | 41350 (56.1%)

Total | 13316 (18.1%) | 60353 (81.9%) | 73669 (100.0%)

Table 8: Statistics for NIH-Chest X-Ray dataset. Ef fusion is
used as target label and gender as sensitive attribute.

C EVALUATION METRICS

Number of correct predictions TP + TN
Accuracy = =
Number of total samples (TP+FN+FP+TN)
4)
Sensitivity (TPR) + Specificity (TNR
Balanced Accuracy (BA) = ensitivity (TPR) + Specificity ( )

2
©)
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We calculate the weighted average of x across clients as:

K
Weighted Average = Z(r;(ki)
k=1 Dkt Mk

where nj. denotes the number of samples on client k and xj. denotes
the local measure of x on client k.

(©)

D IMPLEMENTATION DETAILS
D.1 Hyperparameters

The hyperparameters we used for methods on different datasets
can be found in Table 9. Note that although we only listed three
methods in the table (FedAvg, FairFed and FT), all the methods
used in the experiments are covered. The FL training stage of post-
training with PP (output post-processing) and FT (fine-tuning) are
the same as FedAvg, and PP does not require hyperparameter tuning.
FairFed/FR uses the same parameters as FairFed and doesn’t need
extra hyperparameter tuning.

12

FedAvg FairFed FT
Dataset
Ir bs| Ir bs f Ir bs ag
Adult 0.01 32| 0.01 32 0.1] 53 25 1.0
COMPAS 001 32| 001 32 05|53 256 20
PTB-XL 5e-3 32 | 5e-3 32 0.1 | 5e-3 512 1.0
NIH-Chest | 1le-4 64 | 1le-4 64 0.1 | le-4 64 0.1

Table 9: Hyperparameters used in the experiments for dif-
ferent methods on all the datasets. Ir: learning rate. bs: lo-
cal batch size. f: fairness budget in FairFed. af,: fine-tuning
parameter in FT method. Both methods in post-training in-
tervention use the same parameters as FedAvg during the FL
training stage. FT denotes the final-layer fine-tuning stage
of post-training intervention.

D.2 Libraries and Computational Resources

We use Python as the programming language and PyTorch [35] for
the machine learning model development and experiments. We also
use IBM AIF 360 [7] for the output post-processing approach and
for fairness evaluation. Besides, libraries including sklearn, numpy,
pandas, Pillow [1], and H5py are also used in the experiments for
data processing and model training. For training on signal and
image datasets, we use NVIDIA Tesla V100 for GPU acceleration.
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