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Abstract— Data cleaning is a critical process for reliable and
effective Federated Learning (FL). While current FL data clean-
ing methods mainly focus on their impact on model accuracy,
their effects on FL model fairness and overall utility remain
largely unexplored. This paper presents the first comprehensive
empirical study that investigates the impact of automated data
cleaning for tabular data on both FL model utility and fairness.
Our study encompasses 2,365 different FL workloads, involving
21 data cleaning methods, applied to five real-world datasets, all
implemented within our extensible TITANIA framework, resulting
in FL workload traces consisting of 1,764,750 records. The key
finding of our analysis is twofold: (i) data cleaning actually
influences both FL model utility and fairness, with disparities in
impacts on different datasets; (ii) FL data cleaning is not robust
to high data error rates or high non-IID data distributions, as is
usually the case in FL. This opens interesting research directions
for novel robust and multi-criteria FL data cleaning, where model
fairness and quality are provided by design.

Index Terms—Noisy Data; Data Cleaning; Federated Learning;
Utility; Fairness

I. INTRODUCTION

Federated Learning (FL) is a fundamental approach in
modern machine learning for training models from distributed
data sources, while preserving data privacy [1]. However,
data quality remains one of the biggest challenges faced by
machine learning and FL teams when acquiring distributed
and heterogeneous training data [2], [3]. Indeed, erroneous,
noisy, and mislabeled data may degrade model performance
or even render part of the data unusable [4], [5]. Therefore,
ensuring reliable FL models requires automated data cleaning
techniques that are capable of correcting erroneous samples
for high-quality training data.

Furthermore, FL model fairness emerges as a major concern,
as imbalances in datasets during data collection and prepara-
tion may lead to biases and disparities across demographic
groups [6], [7]. These data biases propagate through FL
training, producing models that amplify the fairness gaps
between demographic groups, resulting in racist, sexist, and
non-ethical models. Consequently, fairness is a central aspect
that must be considered in FL alongside high-quality data.

Extensive works have been conducted recently, on the one
hand, on FL data cleaning [8]–[12], and on the other hand, on
FL model fairness [6], [7], [13], [14], these two sets of works
being addressed independently from each other. To the best
of our knowledge, no prior work investigates how automated

data cleaning impacts not only FL model quality and utility
but also model fairness.

In this paper, we precisely address this problem through the
first comprehensive empirical study examining how automated
tabular data cleaning affects both FL model utility and fairness.
Other types of data (e.g., text, audio, image, video, etc.) have
their own types of errors and specific methods for cleaning
them, and are thus out of the scope of this study [15]–[19].

Our key contributions are summarized as follows:
• Our extensive experimental analysis encompasses

2,365 different FL workloads, involving five real-world
datasets, three FL models, and 21 data cleaning methods.

• We propose TITANIA, an open-source and extensible
framework, to ease the comparative evaluation of FL data
cleaning methods. TITANIA implements several widely-
used model utility and fairness metrics measured on both
the server and client sides. Its modular design facili-
tates the integration of additional data cleaning methods,
datasets, models, and noise injection.

• We release a set of collected FL workload traces con-
sisting of 1,764,750 records, which is a valuable re-
source for future studies on reliable FL. The TITANIA
framework and the collected FL workload traces are
publicly available at: https://anonymous.4open.science/r/
titania-4A2C/

Our results show that tabular data cleaning impacts both FL
model utility and fairness, with the effects strongly dependent
on the dataset and the data cleaning method. We also find that
many cleaning methods are not robust under high data error
rates, as well as with highly non-IID data, as is usually the
case in FL.

The findings of our study open interesting research paths,
such as the exploration of automatic identification of data
cleaning techniques that are better suited to a dataset; and
the investigation of a novel multi-criteria approach of FL data
cleaning that accounts for FL model utility and fairness by
design, as well as robustness to data non-IID-ness and high
error rates.

The rest of the paper is organized as follows. We first
introduce the background in §II followed by a presentation
of the TITANIA framework in §III. We then outline the results
of our empirical evaluation in §IV. Finally, the key findings
and open research directions are discussed in §V.

https://anonymous.4open.science/r/titania-4A2C/
https://anonymous.4open.science/r/titania-4A2C/


II. BACKGROUND

Federated Learning. A Federated Learning (FL) system
consists of N clients, C1 to CN , and a server. Each client
Ci has a local dataset Di. In each FL round, the server selects
the clients that will participate. Each selected client Ci trains
a local model on its data Di, and shares its local model
updates θi with the server. The server then aggregates the
client updates, for instance through weighted averaging [1],
to produce a global FL model θ that will be shared with the
clients.
Corrupt Data. Data quality is a major concern in machine
learning and FL systems. Indeed, corrupt or irrelevant records
in a dataset often result in very poor quality FL models,
or worse, in the inability to train the models on the data.
Examples of corrupted tabular data include missing values in
data attributes. These missing values must be carefully handled
before training the FL model. In some cases, statistical outliers
may correspond to incorrect data and should be addressed
before model training. When the data structure includes a label
(i.e., an output class) that will be predicted by a classification
model, errors can also creep into these labels, often owing to
human errors in data annotation.
Bias in Federated Learning. Some datasets include sensitive
attributes that are usually defined by the law and correspond
to attributes such as gender, age, race, and religion. Here, a
demographic group is defined by a specific value associated
with a sensitive attribute; for example, the group of men and
the group of women with respect to the sensitive attribute of
gender, or the group of elderly people and the group of young
people with respect to the sensitive attribute of age. Further-
more, we define positive outcome and negative outcome as data
samples whose output class values are positive or negative. For
simplicity, we consider a binary ML classifier, although this
can be easily generalized to non-binary classifiers. An example
of such a case is employment data with the positive outcome
being the group of people with a high salary, and the negative
outcome the group of people with a low salary.

III. TITANIA FRAMEWORK

A. Overview of TITANIA Framework

We propose TITANIA (federaTed learnIng daTa cleANing
and bIAs), an extensible framework for the evaluation of
the impact of data cleaning methods on FL model utility
and fairness. TITANIA includes several datasets and models
(§III-B), data cleaning methods (§III-C), and evaluation met-
rics (§III-D). Consequently, it produces various FL workload
traces and statistical analyses (§III-E). Figure 1 shows the
TITANIA pipeline. ➊ For each FL client’s dataset Di, and
data cleaning method CMj , two variants of the dataset are
considered: the raw unclean dataset Di, and the clean dataset
Dclean

i resulting from the application of CMj on Di. ➋ The
clean dataset Dclean

i is used to train model θcleani , whereas θi
model is trained over the unclean dataset Di to serve as a base-
line. Then, ➌ both θcleani and θi models are used to perform
predictions and ➍ to measure the model utility and fairness

metrics. ➎ Finally, all results are stored in experimental traces,
along with the overall experimental statistics. The TITANIA
software prototype and collected traces are publicly available
at: https://anonymous.4open.science/r/ titania-4A2C/ .

TABLE I
DATASET CHARACTERISTICS

Dataset Topic #Records #Attr. Sensitive attr. Label
KDD Finance 299,285 41 gender, race, age High/low income
ARS Healthcare 75,128 9 gender Lying/non-lying position
Heart Healthcare 70,000 11 gender, age Heart disease or not
Adult Finance 48,842 15 gender, race, age High/low income
MEPS Healthcare 33,400 42 gender, race Visited few times/a lot of times

B. Datasets and Models

TITANIA includes several well-known tabular datasets, as
listed in Table I, that contain sensitive attributes, such as
gender, race, and age. Adult and KDD contain census data
and are used to predict whether an individual’s annual income
is high or low [20], [21]. ARS is a sensor-based dataset that
contains human activities of elderly participants and aims to
determine whether participants are lying or not [22]. Heart
is a healthcare dataset containing patient measurements used
to predict the presence of heart diseases [23]. MEPS is also a
medical dataset that contains in-person data access to hospitals,
and its purpose is to predict whether a person has used medical
facilities a lot of times [24]. Furthermore, TITANIA includes
three classification models to predict data outcomes: Logistic
Regression (LR) [25], Support Vector Machine (SVM) [26],
and Multi-Layer Perceptron (MLP) [27].

In Figure 2, we further analyze the demographic groups
in the Adult dataset. We observe disparities between de-
mographic groups, in particular, regarding the proportion of
positive and negative outcomes. Here, the datas contain 67% of
men vs. 33% of women, and there are almost three times more
men than women who have positive outcomes (i.e., have a high
salary). These disparities also appear in the other datasets, as
shown in [28].

C. Data Cleaning Methods

The TITANIA framework includes several data cleaning
methods that fall into one of the following three categories
depending on the type of corrupted data covered by the
method: (i) missing values, (ii) outliers, or (iii) label errors,
as detailed below.
Missing Value Cleaning Methods. Missing values are flagged
during the data loading stage, and their imputation is per-
formed in different ways [29]. For instance, if a missing value
is a numerical attribute, the imputed value can be the most
frequently occurring value (i.e., the mode) in the set of values
of that attribute. The imputed missing numerical value can also
be the mean of the set of values for the attribute in question.
In the case of a categorical missing value, data imputation is
based on the mode value of the attribute. In an FL system,
the calculation of mode or mean values is performed either
independently by each FL client based on its local data, or
based on the global statistical information of all FL clients’

https://anonymous.4open.science/r/titania-4A2C/


Fig. 1. Overview of TITANIA
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Fig. 2. Demographic disparities in Adult
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data. In the latter case, the global mean or mode values are
computed using a distributed protocol between the FL clients
and server. In TITANIA, we implement missing value cleaning
methods denoted as mv-mn-l, mv-mn-g, mv-md-l, and mv-md-
g, where mv refers to missing value cleaning, and mn, md, l,
and g represent the mean, mode, local, and global, respectively.
Recent solutions also propose personalized FL approaches
specifically targeting heterogeneous data imputation, such as
the Cafe system [9] that we integrate into TITANIA and is
referred to as mv-cf .
Outlier Cleaning Methods. Handling data outliers is another
classical technique for cleaning the numerical data [29]. To de-
tect outliers, it is necessary to determine the interval of values
allowed for an attribute. For instance, the interquartile range
(IQR) can be used to determine the interval of allowed values
related to the 25th and 75th percentiles of the considered
attributes, denoted p25 and p75. Thus, with iqr = p75 − p25,
values outside the interval [p25 − γ · iqr, p75 + γ · iqr] are
considered outliers, with γ ∈ R+. Another method to deter-
mine the interval of allowed values for an attribute is through
the standard deviation (STD) and mean value of that attribute.
Values outside the interval [mean − µ · std,mean + µ · std]
are considered outliers, with µ ∈ R+. Once an interval of
allowed values is defined, there are several ways to handle
outliers. For instance, an extreme approach is to exclude from

the dataset the samples that contain outliers, but this has the
risk of excluding too much data. Other techniques induce the
replacement of outliers with median, mean, or mode values
of the underlying attribute. Furthermore, as mentioned earlier,
in an FL system, the calculation of data statistical values is
performed either independently by each FL client based on
its local data, or based on the global statistical information
of all FL clients’ data. Thus, TITANIA implements 12 outlier
cleaning methods, denoted as ol-iqr-mn-l, ol-iqr-mn-g, ol-
iqr-md-l, ol-iqr-md-g, ol-iqr-dl-l, ol-iqr-dl-g, ol-std-mn-l, ol-
std-mn-g, ol-std-md-l, ol-std-md-g, ol-std-dl-l, and ol-std-dl-g,
where ol refers to outlier cleaning, iqr and std correspond to
IQR- and STD-based outlier detection techniques, mn, md and
dl represent the mean, mode or deletion approaches, l and g
represent the local and global, respectively.

Label Error Cleaning Methods. Data label errors are fre-
quently introduced by human errors, particularly when the
annotation process is tedious. Existing techniques to detect
corrupt labels follow the same general approach, which con-
sists of training a model on the data to learn noisy vs.
correct labels [30]–[32]. For instance, a logistic regression
model can be used to detect corrupt labels [30]. Thus, in a
dataset with a binary outcome (cf. §III-B), correcting corrupt
labels involves flipping their values. TITANIA implements this
method for label cleaning, denoted as le-cl, as well as its
variant le-cl-dl where samples are deleted if their labels are
corrupted. In addition, recent works propose FL approaches
specifically targeting heterogeneous data labels, such as the
FedCorr system [8] that we integrate into TITANIA and is
referred to as le-fc, as well as its variant le-fc-dl that deletes
samples with label errors.

Other Approaches. In addition to data cleaning methods,
there is another research path that consists in providing robust
ML and FL, in order to learn models despite the existence of
a fraction of corrupted data [33], [34]. These works are out of
the scope of this study, that focuses on actual data cleaning
methods.



D. Evaluation Metrics

The TITANIA framework considers several evaluation met-
rics to measure model performance to quantify different as-
pects of model utility and different aspects of model fairness.
Utility Metrics are used to predict the quality of the ML
model. TITANIA considers four widely used utility metrics
for ML classifiers, namely accuracy, precision, recall, and F1-
score:

accuracy = (TP + TN)/(TP + TN + FP + FN)

precision = TP/(TP + FP )

recall = TP/(TP + FN)

F1− score = 2 · (Precision · Recall)/(Precision + Recall)

where TP , FP , TN , and FN denote the true positives, false
positives, true negatives, and false negatives, respectively.
Fairness Metrics are used to evaluate the impact of data
cleaning methods on ML model fairness. TITANIA includes
five commonly used fairness metrics, namely Statistical Par-
ity Difference (SPD), Disparate Impact (DI), Discrimination
Index (DcI), Equal Opportunity Difference (EOD), and Av-
erage Odds Difference (AOD). Each metric is measured for
a demographic group related to a sensitive attribute Sj , as
detailed below.

SPDSj
=

∣∣∣P (Ŷ = 1 | Sj = vj1)− P (Ŷ = 1 | Sj = vj2)
∣∣∣

DISj
= P (Ŷ = 1 | Sj = vj1)/P (Ŷ = 1 | Sj = vj2)

EODSj
=

∣∣∣RecallSj=vj
1
−RecallSj=vj

2

∣∣∣
DcISj

=
∣∣∣F1-scoreSj=vj

1
− F1-scoreSj=vj

2

∣∣∣
AODSj

=
1

2
|(RecallSj=vj

1
−RecallSj=vj

2
)+(FPRvj

1
−FPRvj

2
)|

where FPR = FP/(FP + TN). Here, SPD and DI metrics
aim to assess whether different demographic groups lead to
different probabilities for model positive outcome Ŷ = 1, and
measure either the absolute difference for SPD or the relative
difference for DI between the probabilities of the demographic
groups. EOD, DcI, and AOD metrics measure the difference
in model quality between demographic groups, considering
different quality metrics (e.g., recall or F1-score).

E. FL Workload Traces and Statistical Analysis

TITANIA framework produces extensive FL workload traces
containing various metrics, measured both globally and per
FL client. A statistical analysis is then carried out for each
utility and fairness metric to evaluate the impact of FL data
cleaning on that metric. To account for randomness, each
experimental scenario (cleaning method, dataset, model) is
repeated several times, and at each time measurements are
performed at several FL final stable rounds, which results in
a total of κ measurements per metric. Then, for each metric,
the set of κ values of the measurements resulting from the
data cleaning method is compared with the set of κ values of

the measurements resulting from the unclean baseline. To do
so, we use paired sample t-tests, a rigorous statistical testing
approach, to compare two sets of values [35], with a threshold
for the p-value of 0.01. This allows us to determine whether
the impact of data cleaning on the metric is positive (i.e., it
improves the metric), negative (i.e., it deteriorates the metric),
or insignificant (i.e., no perceptible impact).

Based on the t-test results of all considered experimen-
tal scenarios, TITANIA produces overall statistics, that we
will illustrate through the following simple example in Ta-
ble II. Here, four experimental scenarios are considered, each
one corresponding to a different combination of cleaning
method/dataset/model. Two utility metrics and four fairness
metrics are measured and reported for the global FL model
(although TITANIA measures much more metrics, globally and
per client). For instance, for the first experimental scenario,
t-test results show that the considered cleaning method deteri-
orates accuracy and SPDage, improves F1-score and SPDrace,
and leaves AODage and AODrace unaffected. Based on these
results, Table III presents the overall statistics produced by
TITANIA, by calculating the ratio of worse, insignificant or
better cases for each metric, overall for all the experimental
scenarios. These ratios can also be provided overall for all
utility metrics, and overall for all fairness metrics, as reported
in the last row of Table III. Furthermore, the statistics could
also be produced overall for a type of fairness metric. For
instance, in this example, the impact of cleaning methods on
AOD (i.e., AODage and AODrace) is worse in 50% of cases,
insignificant in 50% of cases, and better in 0% of cases.

TABLE II
EXAMPLE OF T-TEST RESULTS

Exp.

scenarios

exp1
exp2
exp3
exp4

Utility

Accuracy F1-score

worse better
worse worse
better better
insig. better

Fairness
AOD SPD

AODage AODrace SPDage SPDrace

insig. insig. worse better
insig. worse better better
worse insig. worse better
worse worse insig. insig.

TABLE III
EXAMPLE OF OVERALL STATISTICS

Utility worse insig. better
Accuracy 50% 25% 25%
F1-score 25% 0% 75%
Overall 37.5% 12.5% 50%

Fairness worse insig. better
AODage 50% 50% 0%
AODrace 50% 50% 0%
SPDage 50% 25% 25%
SPDrace 0% 25% 75%
Overall 37.5% 37.5% 25%

IV. EXPERIMENTAL EVALUATION

In this section, we use TITANIA framework to conduct
a comprehensive empirical study. In the following, we first
describe our experimental setup, before presenting extensive
results of the impact of all considered data cleaning methods,
datasets and models in §IV-B-§IV-D, and analyzing the joint
impact of data cleaning on both utility and fairness in §IV-E.
Three use cases are added to the appendix to evaluate the
robustness of FL data cleaning under various error rates in



§C, under heterogeneous FL data distributions in §B, and the
benefits and limitations of the combination of FL data cleaning
with bias mitigation in §D. Owing to space limitations, each
of these three use cases is illustrated through one dataset. The
full results of these use cases with all datasets, and their related
plots can be found in [28].

A. Experimental Setup

The TITANIA framework is implemented using
Python 3.13.5. Five datasets and three models presented
in §III-B are considered in our experiments. As described
in §III-C, TITANIA includes 12 outlier cleaning methods,
5 missing value cleaning methods (among which is the Cafe
library [9]), and 4 label error cleaning methods (i.e., the
Cleanlab library [36], and the FedCorr library [8]). Outlier
cleaning methods based on IQR have γ = 1.5, and those
based on STD have µ = 3 [37], [38]. We also consider a
baseline consisting of raw unclean datasets for which the
only modification was to remove records with missing values
in KDD and Adult datasets. Handling missing values in
the baseline is mandatory to allow model training. Sample
deletion is frequently used when the dataset is large, or
the percentage of deleted samples is small, and when the
missingness is unrelated to output classes or to any other
features in the dataset (which is the case for KDD and
Adult) [39]. Furthermore, unless otherwise stated, all FL
experiments are run with ten clients. Due to space limitation,
we report on only results of globally computed FL metrics.
The per client results can be found in [28]. To account for
randomness, each experiment is repeated five times, and
each time, all types of metrics are measured at each of
the last 20 FL rounds, resulting in 100 paired measured
metric for each t-test. All experiments are run on machines
equipped with two Intel Xeon Gold 6130 CPUs (16 cores
each) and 192 GB of RAM. In our empirical study, we
collect extensive FL traces consisting of 2,365 workloads for
1,764,750 trace records. The TITANIA framework is publicly
available, along with the collected FL workload traces and
detailed hyper-parameters for reproducibility. All materials
are available at [28].

B. Overall Impact of Data Cleaning

We first consider the impact of data cleaning on each utility
metric and each fairness metric separately, considering all
our experimental scenarios. Here, the objective is to analyze
the impact of each considered cleaning method compared to
the unclean baseline, by comparing the measurements of a
given metric with and without cleaning through t-tests. This is
first done separately for each experimental scenario (cleaning
method/dataset/model), and each metric. Then for a given
metric, we compute over all the results of all experimental
scenarios the overall ratios of worse/better/insignificant results
(cf. III-E). These results are presented in Table IV1 Overall,

1AOD refers to the overall statistics of AODgender , AODage, and
AODrace, and the same applies for every category of fairness metric. Detailed
numbers per fairness metric for each sensitive attribute are in [28].

the considered data cleaning methods worsen (resp. improve)
fairness metrics in a non-negligible number of cases, that is
up to 52% of cases with negative impacts (resp. up to 53% of
cases with positive impacts). Regarding FL model utility, and
as expected by data cleaning methods, the utility is improved
in a non-negligible amount of cases (up to 40%). However,
in up to 62% of cases, data cleaning also deteriorates utility,
with F1-score being the most frequently impacted metric. This
is counter-intuitive, and will be further investigated through
finer-grained analysis in the following sections.

Observation 1: Although data cleaning may improve FL
model utility, it may also deteriorate it in many cases.

Observation 2: Data cleaning may often have positive and
negative impacts on FL model fairness.

TABLE IV
IMPACT OF DATA CLEANING ON UTILITY AND FAIRNESS METRICS 2

Utility worse insig. better
Accuracy 49% 11% 40%

Recall 61% 12% 27%
Precision 58% 12% 30%
F1-score 62% 10% 28%

Fairness worse insig. better
AOD 47% 6% 47%
DcI 48% 7% 45%

EOD 47% 10% 43%
DI 52% 6% 42%

SPD 41% 6 % 53%

C. Deep Dive into Data Cleaning Methods

To better understand the previous observations, we conduct
a deeper investigation of the impact of each data cleaning
method on FL model utility and fairness. Table V presents
a finer-grained view of the overall results of §IV-B, focusing
separately on each data cleaning method. The results show
that the negative impacts on model utility are generally more
frequent with IQR-based outlier cleaning methods (between
65% and 77% of cases) than with STD-based outlier cleaning
methods (between 42% and 67%). A similar trend is observed
for the impact on FL model fairness, with more frequent
negative impacts with IQR-based outlier cleaning methods
(between 41% and 66% of cases) than with STD-based outlier
cleaning methods (between 38% and 48%). Moreover, in up
to 58% of cases, outlier cleaning methods may improve model
fairness. STD-based methods assume that data approximately
follows a normal distribution, whereas IQR-based methods are
more suitable for highly skewed data [37], which explains their
impact on the datasets considered in our study. It is worth
noting that with the private and distributed nature of data in
FL, the type of statistical distribution of the overall data is
unknown by FL clients, which makes it difficult to choose the
most appropriate technique (STD vs. IQR).

2In addition to these results with t-test p-value of 0.01, similar analyses
using p-values of 0.03 and 0.05 show consistent trends (available at [28].



TABLE V
IMPACT OF DIFFERENT DATA CLEANING METHODS ON FL MODEL FAIRNESS AND UTILITY

OUTLIER CLEANING METHODS
Outlier Utility Fairness

cleaning method worse insig. better worse insig. better
ol-iqr-md-l 77% 10% 13% 57% 5% 38%
ol-iqr-md-g 77% 13% 10% 58% 4% 38%
ol-iqr-mn-l 68% 12% 20% 66% 6% 28%
ol-iqr-mn-g 65% 13% 22% 66% 7% 27%
ol-iqr-dl-l 76% 2% 22% 41% 1% 58%
ol-iqr-dl-g 76% 2% 22% 41% 2% 57%
ol-std-md-l 55% 23% 22% 47% 18% 35%
ol-std-md-g 53% 18% 29% 48% 11% 41%
ol-std-mn-l 42% 32% 27% 46% 16% 38%
ol-std-mn-g 45% 28% 27% 48% 14% 38%
ol-std-dl-l 65% 20% 15% 38% 6% 56%
ol-std-dl-g 67% 18% 15% 38% 5% 57%

MISSING VALUE CLEANING METHODS
Missing value Utility Fairness

cleaning method worse insig. better worse insig. better
mv-md-l 63% 4% 33% 32% 10% 58%
mv-md-g 58% 0% 42% 45% 2% 53%
mv-mn-l 58% 0% 42% 38% 9% 53%
mv-mn-g 58% 0% 42% 45% 2% 53%

mv-cf 79% 4% 17% 57% 4% 39%

LABEL ERROR CLEANING METHODS
Label error Utility Fairness

cleaning method worse insig. better worse insig. better
le-cl 0% 3% 97% 49% 8% 43%

le-cl-dl 0% 5% 95% 44% 7% 49%
le-fc 72% 0% 28% 39% 1% 60%

le-fc-dl 72% 0% 28% 39% 3% 58%

Observation 3: For cleaning data outliers in the considered
datasets, it is better to favor methods based on STD than
IQR, for fewer cases with negative impacts on FL model
utility and fairness.

Regarding the cleaning of missing values, the different
statistical methods (i.e., mv-md-l, mv-md-g, mv-mn-l, and mv-
mn-g) have a similar overall behavior, with a negative impact
on model utility in at least half of cases and an improvement
of utility in 33% to 42% of cases. These statistical methods
also impact model fairness, more frequently positively (53%
to 58% of cases) than negatively (32%-45%). In contrast, the
mv-cf cleaning method, which specifically targets FL data
heterogeneity, negatively impacts FL model utility and fairness
more frequently than other statistical methods.

Finally, cleaning label errors, if applied locally to FL clients
using a ML-based technique (i.e., le-cl), is very effective
for improving FL model utility in up to 97% of cases. The
negative and positive impacts on model fairness are close,
with 49% and 43% of cases, respectively. Whereas cleaning
label errors using the considered FL-based technique (i.e., le-
fc) often deteriorates model utility (in 72% of cases), while
often improving model fairness (in 60% of cases).

Overall, we observe that the considered data cleaning
methods that are specifically designed for FL systems may
deteriorate model utility more than other cleaning methods,
e.g., mv-cf and le-fc (and its variant le-fc-dl). These methods
make strong assumptions or error distributions, e.g., le-fc
assumes that all unclean data is concentrated in some FL
clients, whereas the other clients have clean data, and le-
fc assumes that error distributions among clients are very
heterogeneous. Such assumptions do not hold in all cases, and
may explain the poor performance.

Observation 4: FL-based cleaning methods for missing
values and label errors often make strong assumptions
on error distributions which, if not applicable, become
counterproductive in termes of FL model performance.

TABLE VI
IMPACT OF DATA CLEANING ON DIFFERENT DATASETS

Utility Fairness Detected errors
Dataset worse insig. better worse insig. better outliers miss. val. lab. err.
Adult 80% 2% 18% 55% 5% 40% ✓ ✓ ✓
KDD 68% 1% 31% 38% 4% 58% ✓ ✓ ✓
Heart 56% 9% 35% 46% 5% 49% ✓ ✗ ✓
ARS 29% 48% 23% 43% 31% 26% ✓ ✗ ✓

MEPS 43% 4% 53% 53% 7% 40% ✓ ✗ ✓

D. Impact of Data Cleaning on Different Datasets

Table VI presents the overall impact of data cleaning on
FL model utility and fairness, with a finer-grained view on
each dataset separately. The results show that the different
datasets present significant disparities in terms of both model
utility and fairness. Regarding the impact of data cleaning
on FL model utility, Adult and KDD are the most frequently
deteriorated (with 80% and 68% of cases, respectively), while
ARS mainly presents unaffected FL model utility (48% of
cases). Moreover, data cleaning may improve model utility (in
up to 53% of cases). Regarding the impact of data cleaning
on FL model fairness, all datasets are negatively impacted in a
non-negligible number of cases (i.e., between 38% and 55% of
cases). Furthermore, model fairness with all datasets may be
improved by data cleaning (in 26% to 58% of cases). ARS is
the least negatively impacted data in terms of utility. This can
be explained by the fact that this dataset achieves a very high
level of model utility with the unclean baseline (i.e., 99%, cf.
[28]) with, thus, a relatively limited impact of data cleaning
on utility, which is not the case of the other datasets. Table VI
also provides the types of errors detected by data cleaning,
which allows us to derive the following observation.

Observation 5: The more a dataset includes several error
types (i.e., outliers, missing values, and label errors), the
more their correction may induce more frequent FL model
utility deterioration.



E. Joint Impact on Utility and Fairness

We now analyze cross-tabulated results considering the joint
impact of cleaning methods on FL model utility fairness. First,
for each experimental scenario (cleaning method, dataset,
model), and for each metric, we use the t-test result produced
by TITANIA (i.e., worse, insignificant or better result). We then
consider all possible pairs of metrics, one utility metric and
one fairness metric, and determine their joint effect, e.g., better
for the former metric and worse for the latter, or worse for both
metrics, etc. Finally, based on the results of all experimental
scenarios, and all possible pairs of fairness-utility metrics,
the overall ratios are computed, and presented in Table VII.
We observe that in almost third of cases, both utility and
fairness are deteriorated. This is explained by the fact that
some fairness metrics depend on utility (e.g., EOD, DCI in
III-D), thus, an impact on the former would induce and impact
on the latter.

TABLE VII
JOINT IMPACT OF DATA CLEANING ON FAIRNESS AND UTILITY

Utility
worse insig. better

worse 31% 2% 14%
insig. 3% 2% 2%

Fa
ir

ne
ss

better 30% 2% 14%

V. LESSONS LEARNED & OPEN RESEARCH DIRECTIONS

We presented the first comprehensive empirical study that
analyzes the impact of automated tabular data cleaning on FL
model utility and fairness. Our extensible and open-source
TITANIA framework includes 21 FL data cleaning methods
applied to five widely used datasets, as well as a set of col-
lected traces from 2,365 FL workloads, for 1,764,750 records.
We believe that TITANIA’s results will help researchers and
practitioners explore novel FL data cleaning solutions. In
summary, our empirical study identifies the following key
takeaways:
Robustness of FL Data Cleaning Under Non-IID Settings.
The more heterogeneous the data distributions of FL clients
are, the less accurate and fair the FL model is. However, one of
the key findings here is that the non-iid-ness in FL clients’ data
may amplify the deterioration of FL model fairness caused
by data cleaning. Future research on FL data cleaning should
carefully consider non-iid-ness and its negative impact on FL
model fairness.
Robustness of FL Data Cleaning Under High Error Rates.
Under low data error rates, the FL models resulting from
the cleaned data may maintain a relatively stable utility and
fairness. However, with high error rates, both FL model utility
and fairness worsen drastically. Future research on FL data
cleaning should investigate more robust solutions for highly
erroneous FL datasets.
Towards a Multi-criteria Approach. Data cleaning often
hurts FL model utility, and may have a positive and nega-

tive impact on FL model fairness. Furthermore, even when
combining data cleaning with FL bias mitigation, this has
a negative impact on model utility without fully achieving
model fairness. This highlights the need to devise novel FL
data cleaning methods that account for FL model utility and
fairness by design, as well as robustness to data non-IID-ness
and high error rates, in a multi-criteria approach.
Which FL Data Cleaning Techniques Better Suit a
Dataset? Our comparative analysis of several data clean-
ing techniques applied to different datasets shows different
behaviors of the cleaning techniques, as well as different
impacts on different datasets. This opens interesting research
paths to explore the automatic identification of data cleaning
techniques that are most appropriate for a dataset based on its
properties.

This work opens other interesting research perspectives,
such as investigating existing FL data cleaning methods on
other types of data and associated models (e.g., text, audio,
image, video, etc.), their specific types of errors, and related
methods for cleaning them [15]–[19]. It could also be inter-
esting to investigate the practicality of such comprehensive
studies on large-scale datasets, by combining FL data cleaning
methods to data subset selection methods [40], [41].

APPENDIX

A. Model Hyperparameters
TABLE VIII

EACH MODEL’S HYPERPARAMETERS WERE OPTIMIZED FOR THE
UNDERLYING DATASET. BATCH SIZE IS 128 WITH ALL MODELS

Dataset Model Optimizer Learning rate
LR AdamW 0.0001

MLP (64, 32) RMSprop 0.0001Adult
SVM Adam 0.001
LR RMSprop 0.01

MLP (64, 32) Adagrad 0.01ARS
SVM RMSprop 0.01
LR RMSprop 0.001

MLP (64, 32) Adagrad 0.01Heart
SVM RMSprop 0.03
LR SGD 0.01

MLP (64, 32) SGD 0.003KDD
SVM SGD 0.01
LR Adagrad 0.001

MLP (64, 32) Adagrad 0.001MEPS
SVM RMSprop 0.0003

B. Data Cleaning Under Various FL Non-IID Settings

In the following, we explore the impact of data cleaning
on various non-IID FL settings, where five FL clients have
more or less heterogeneous statistical data distributions. We
apply the classical approach for non-IID FL data using the
Dirichlet function [42]–[44], to have a label distribution skew
between FL clients. We consider three non-IID settings with
three values of the Dirichlet α parameter: 0.01, 0.05, and 0.1.
The lower α, the higher the non-IID-ness. We also include
the IID setting. In all these settings, we consider three cases:
one without data cleaning and two variants of data cleaning,



where data outliers, missing values, and label errors are
corrected simultaneously. In the first variant of data cleaning
(w/ cleaning), we apply the statistical methods ol-std-md-l,
mv-md-l, and le-cl, and in the second variant (w/ cleaning+),
we combine ol-std-md-l with mv-cf and le-fc methods that
specifically target FL heterogeneous data. Figure 3 presents
the results of Adult/LR and compares the different non-IID
and IID settings in terms of FL model accuracy and fairness2.
Overall, w/ cleaning+ induces lower FL model accuracy
than w/ cleaning, although the former specifically targets FL
systems, however, with strong assumptions that do not hold in
all cases. This is consistent with our Observation 4 in IV-C.
We also observe that w/ cleaning+ induces higher EODrace

bias than w/ cleaning, which can be explained by the fact that
this metric is indirectly impacted by the model utility.

Observation 6: Under non-IID settings, statistical methods
of data cleaning can provide better model accuracy and
fairness than the considered FL-based cleaning methods.

Fig. 3. Data cleaning under various FL non-IID settings
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C. Data Cleaning Under Various Error Rates

To evaluate the robustness of FL data cleaning under
different amounts of errors, we randomly inject synthetic
errors into a dataset, in addition to the native errors in that
dataset, before applying a combination of ol-std-md-l, mv-
md-l, and le-cl cleaning methods, to simultaneously handle
outliers, missing values, and label errors. Figure 4 presents
the results of Adult/LR with various rates of injected label
errorsfootnote3. We observe that under low error rates (up to
20%), the FL model resulting from the cleaned data maintains
a stable utility in terms of precision, as well as a stable fairness
level in terms of AODrace. However, with higher error rates,
both FL model utility and fairness worsen drastically, mainly
because le-cl fails to learn correct data patterns with fewer

clean data.

Observation 7: In the presence of high error rates, the FL
models, although trained over cleaned data, are less robust.

Fig. 4. Impact of data cleaning with various rates of error injection

0% 10% 20% 30% 40%
Injected error rate

50
55
60
65
70
75
80
85

Pr
ec

isi
on

 (%
)

(a) Impact on utility

0% 10% 20% 30% 40%
Injected error rate

0

5

10

15

20

25

AO
D r

ac
e (

%
)

(b) Impact on fairness

Fig. 5. Combining data cleaning with bias mitigation
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D. Data Cleaning vs. Bias Mitigation

In the following, we analyze the impact of FL data cleaning
when combined with a state-of-the-art FL bias mitigation
method [45]. In Figure 5, we compare the behavior of five
cases: (i) the FL model resulting from clean data after cor-
recting its outliers, missing values, and label errors using the
ol-std-md-l, mv-md-l, and le-cl methods, respectively (Clean);
(ii) the FL model resulting from applying the same cleaning
methods in a different order, first le-cl, then mv-md-l, and
finally ol-std-md-l (Clean/rev.); (iii) the FL model from the
cleaned data Clean to which FL bias mitigation is applied;
(iv) the FL model from the cleaned data Clean/rev. to which
FL bias mitigation is applied; and (v) as a baseline, the FL
model resulting from the original corrupt data to which FL bias
mitigation is applied. These results are from Adult dataset with
FL logistic regression model3. Figure 5(a) (resp. Figure 5(b))
compares model fairness (resp. utility) in all five cases. The
results show that although FL bias mitigation reduces the bias
on cleaned data, the combination of data cleaning methods,
whatever their order is, with bias mitigation induces a much

3Results of other datasets can be found in [28].



higher bias than the baseline without data cleaning. The nega-
tive impact of combining data cleaning with bias mitigation is
also perceptible for model accuracy, which drops from 87%-
88% to 76%-78%. Thus, the joint application of state-of-
the-art FL bias mitigation and data cleaning does not allow
to correctly handle FL model utility and fairness, since the
underlying techniques have side-effects on each other [7], [46].

Observation 8: Combining state-of-the-art FL bias miti-
gation and data cleaning has a negative impact on model
utility without fully achieving model fairness.
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