Automated detection of bias symptoms to support
fairness auditing processes: yay or nay?

Abstract—Due to the pervasiveness of Al-based systems, fair-
ness auditing processes have become crucial to assess the fairness
of involved algorithms or models, particularly in sensible contexts
such as hiring and lending, where biased decisions could have
significant consequences. Fairness auditing encompasses diverse
steps, from identifying sensitive variables to computing well-
defined metrics. However, computing such metrics depends on the
elicited sensitive variables and requires predictions from a trained
baseline model. In this respect, devising such a process requires i)
deep knowledge of the domain application and ii) computational
power to run the experiments to get the final predictions. In
this paper, we propose a novel approach employing datasets’
characteristics (i.e., bias symptoms) that are functional for the
early identification of possible variables leading to bias in the sys-
tem. First, we synthesize a bias-symptoms dataset by considering
24 datasets from different application domains used in fairness
auditing. Next, we perform an extensive empirical study to assess
the capability of these symptoms to support the prediction of
possible bias concerning three widely adopted fairness metrics.
Our empirical findings reveal that bias symptoms can support
an early prediction of bias-inducing variables, avoiding multiple
training phases of the underpinning ML classifiers. Furthermore,
the proposed approach can effectively predict the fairness metrics
values within certain thresholds. More importantly, the signifi-
cant improvement in computational performances compared to
traditional approaches paves the way for adopting bias symptoms
in the fairness auditing process.

I. INTRODUCTION

Given the increasing prevalence of machine learning (ML)
intensive systems within sensitive domains such as health,
crime, or education [1]], addressing and mitigating bias within
these systems has emerged as a critical priority [2]], [3]. The
concept of software fairness is central, denoting an intelli-
gent system free from any prejudice or favouritism toward
an individual or group based on their inherent or acquired
characteristics [4]]—[6] which embrace ethical, social, and legal
aspects of complex software systems. The importance of
fairness is also highlighted by the newly approved AI Act
from the European Union, which highlights fairness as one of
the requirements for critical systems [[/]]. For this reason, the
software engineering (SE) community has widely investigated
this topic [8]-[10] since fairness has become a key quality
property of learning-enabled systems [11]. Starting from a
definition of bias for a particular domain, a general fairness
auditing process encompasses different phases that span from
the manual identification of sensitive variables to the appli-
cation of well-founded fairness metrics [12]. On one hand,
performing manual steps in eliciting sensitive variables or
selecting the proper metrics requires a deep knowledge of the
application domain and the fairness concepts [4]]. On the other

hand, conducting automated fairness audit processes may be
demanding from the computation point of view. They typically
require the selection and training of predictive models, as well
as assessing bias within the training data by analyzing the
resulting output. A plethora of approaches [[13[|—[15] have been
proposed to promote automatic bias assessment. However, all
these techniques assess bias starting from the predictions of
the abovementioned predictive model, which hence needs to be
trained beforehand, increasing the computational complexity
of the whole approach [16], [17].

In this paper, we propose a novel approach that identifies
potential bias-inducing variables by relying on structural fea-
tures, namely bias symptoms, extracted from widely adopted
datasets in the fairness domain, thus avoiding the expensive
training phase of the baseline model. The process starts with
the identification of symptoms and the rationale behind their
selection. Subsequently, we obtain a dataset of symptoms from
24 binary and multi-class datasets well-known in the fairness
literature. To the best of our knowledge, this represents the
largest number of datasets utilized in a fairness study focusing
on tabular data. In addition, we evaluate the ability of the
selected symptoms to detect High and Low values of three
commonly used bias metrics, i.e., Statistical Parity (SP) [18]],
Equal Opportunity (EO) [19], and Average Odds (AO) [19],
with respect to introduced thresholds.

To assess our approach, the evaluation process analyzes two
dimensions, i.e., effectiveness and resource consumption. Con-
cerning the former, we trained three state-of-the-art ML clas-
sifiers using the synthesized symptoms dataset to understand
to what extent the symptoms can help predict High and Low
bias values. Concerning the latter, we compare our approach
with two existing fairness auditing tools by comparing them
in terms of execution time and CPU consumption. The con-
ducted evaluation demonstrates that traditional ML classifiers
trained with the proposed symptoms dataset can effectively
predict High and Low SP values using a given threshold,
while predictions for EO and AO are less effective, but not
meaningless. In addition, the performed evaluation reveals that
using bias symptoms can effectively reduce overall resource
consumption, outperforming the two traditional approaches
considered.

Our analysis shed light on the practicality of using bias
symptoms as an efficient and effective methodology to im-
prove the current fairness auditing process, even though the
identified symptoms cannot be generalized as they strongly
depend on the elicited datasets. While we anticipate that
further analyses are required to strengthen our claims, we set



a first stepping stone to support fairness assessment, avoiding
the usage of resource-demanding models.

The main contributions of the paper are as follows:
> A novel approach to detect bias-inducing variables and bias
metric values by exploiting bias symptoms;
> A rigorous empirical evaluation that assesses the accuracy
and the efficiency of the bias symptoms using well-founded
statistical indexes and metrics;
> A replication package to facilitate research in this domain
[20].

II. MOTIVATION AND BACKGROUND
A. Auditing fairness on tabular data

This section discusses the aspects of the generic fairness
auditing process [6], [8], [9], [[12] that is performed on tabular
data as depicted in Figure In particular, the process is
divided into two phases, i.e. effectiveness assessment and
fairness assessment. The two phases encompass both manual
(identified by the hand icon) and automated (identified by the
gear icon) steps.

First, the sensitive variable extraction has to be performed
on the initial tabular dataset, i.e., the variables belonging to
the dataset that can lead to bias in the system. In most cases,
this phase is carried out manually, thus requiring a deeper
knowledge of the application domain [|6], [21]]. In addition, the
initial dataset is split into a training and testing set. The former
is used to feed a predictive model that produces the variables’
labels as outcomes. The latter is employed to carry out the
effectiveness assessment phase by computing traditional ef-
fectiveness metrics [22]. Afterward, the developer must select
a set of fairness metrics to enable the fairness assessment
given identified variables and the predicted outcomes. In this
respect, existing literature has defined a set of fairness metrics
that can be employed on tabular data, including Statistical
Parity [18]] and Equalized Odd [|19]], that need to be selected
according to the specific dataset. In other words, the selection
of those metrics strongly depends on the application domain.
The last step consists of computing the elicited fairness metrics
to collect the results. The obtained values are used to claim if
the system shows any bias according to the fairness thresholds
specified for each metric.
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Fig. 1. General fairness audit workflow

Although the process depicted in Figure [1] is well-
established in the current literature 8], [9], [12], grey high-
lighted phases are still challenging. Concerning the manual
steps, expert domains are required to elicit both the sensitive
variables and the proper fairness metrics [1]. Concerning
the automatic tasks, training the selected predictive model
can be demanding in terms of computational resources since
it depends on the size of the dataset. Moreover, fairness
audit depends on the employed metrics and thresholds, thus
leading to possible erroneous outcomes if they are not properly
defined. Automating the whole process is out of the scope of
this paper. Instead, our approach will exploit bias symptoms
to predict i) variables that can be the cause of the bias and
ii) predict the value of the fairness metrics to assist the
fairness assessment sub-process. Consequently, our approach
can be seen as an alternative strategy that can enhance the
abovementioned manual and automated steps in the traditional
fairness assessment workflow.
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Remark #1: The fairness audit process involves a sequence
of manual and automatic steps, thus requiring a deep
knowledge of possible bias-inducing variables in the spe-
cific considered application domain. In addition, selecting
the proper classifier is a trial-and-error process that may be
demanding in terms of time and computational resources.
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B. Existing approaches

In the scope of the paper, we aim to find existing approaches
that propose automated or semi-automated methodologies for
the early identification of sensitive variables that can lead to
bias. In addition, we check if existing approaches can cover
the fairness metrics prediction. To this end, we conduct a
widely adopted strategy to search relevant works in software
engineering [23]]. First, we executed a query on the Scopus
digital librarym with the following set of keywords: (i) bias
OR unbias* OR fair* (ii) assessment OR auditing OR testing.
All such keywords are combined by using the AND operator.
We considered papers published over the last five years in
top-tier SE venues

In such a way, we obtained 94 peer-reviewed papers. Af-
terward, we filtered this initial set by carefully inspecting the
title and abstract, thus obtaining 20 works that are relevant
to our study. We made a further selection by focusing on
approaches that provide bias detection strategies to support
the fairness auditing process in software systems. Meanwhile,
foundational papers, empirical studies, and approaches focused
on bias mitigation are excluded from our study. The process
ended with 7 relevant works that have been analyzed in terms
of the following features:
> Bias-detection strategy: It describes which strategy or al-
gorithm has been used to perform the early variable detection.
> Predictive model(s): It describes the adopted model used
to evaluate the proposed bias-detection strategy. In particular,

Uhttps://www.scopus.com/
2The complete list of papers and venues are available here [[20]
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TABLE I
COMPARISON OF THE EXISTING APPROACHES

Approach Bi ion strategy Domain Predictive model(s) | SD Datasets
Oneto et al. |26 Multi-task Learning Social Multi-class [ ] 2
Openja et al. 27 Counterfactual approach Mixed Mixed 0 5
Ferrara et al. |28 Ontology-based Financial | Multi-class o 1
Galhotra et al. |29 Causal fairness Mixed Mixed © 5
Mecati et al. |30 Mutation technique Financial | Multi-class © 1

Yik et al. |31 Functional Specified Complexity | Social Binary © 2
Constantin et al. |32 Human feedback Social Multi-class @] 1

Our approach Bias Symptoms Mixed Multi-class D 24

O= not implemented ©= partially implemented @= fully implemented

Multi-class and Binary refer to ML model classifiers. When
the approach compares different kinds of models, we label the
column as Mixed.

> Domain: It represents the application domains defined by
the datasets employed by the approach. In particular, we report
that Social and Financial are the most spread ones since they
refer to benchmarking datasets used in the fairness auditing
process, e.g., Adult [24] or Credit [25].

> Sensitive variable detection (SD): This feature represents
to what extent the approach supports the prediction of sen-
sitive variables using the proposed strategy. In particular, we
consider full support only when the approach works without
an initial set of variables.

> Fairness metrics prediction (MP): Similarly to the pre-
vious feature, we assess if and how the approach covers the
fairness metrics prediction.

> Datasets: The number of datasets used to evaluate the
approach. This feature aims to assess the generalizability of
the approach in terms of covered domains.

Table |I] summarizes the relevant methodologies that are
relatedo to our approach.

It is worth noting that only three works are able to support
the SD feature without considering an initial set of sensitive
features. Oneto et al. [26] employs a multi-task learning
(MLT) approach to predict sensitive features based on non-
sensitive ones. Openja et al. [27] employs a counterfactual
approach to remove bias-inducing features. First, the diver-
gence measurement metrics are computed to assess if there
is some potential bias in the distribution. Then, the authors
apply a data-swapping strategy to measure the impact of the
features on the final predictions. ReFair [28] is a framework
to automatically classify sensitive features from the textual
requirements using a tailored fairness ontology. Due to the
lack of publicly available requirements datasets for fairness
auditing, the authors built a synthetic dataset of user stories
using the GPT language model.

By relying on the definition of causal fariness [33]], Galhotra
et al. [29]] suggests a new set of features that can or cannot
introduce bias given an initial set of variables extracted from
the considered datasets, including a synthetic one used for
assessing the complexity of the underpinning algorithm. This
approach can be seen as complementary to ours since it is
able to add an extended set of feature variables given an initial
one. Mecati et al. [30] adopts a mutation-based approach to
predict possible discrimination using four different balance
indexes, i.e., Gini, Shannon, Simpson, and Imbalance Ratio.
Starting from an initial set of sensitive variables, the approach

generates synthetic datasets according to different level of
balance in the data. Yik et al. [31] uses a functional specified
complexity algorithm to identify potential bias in the dataset
without training the ML classifiers. The approach is efficient in
terms of computation even for a large number of ten different
sensitive variables. Constantin et al. [32]] propose FairAlign, a
toolkit that supports the fairness auditing process using human
feedback. In particular, the proposed tool has been used to
annotate the variables that are perceived as biased. Afterward,
FairAlign computes a set of fairness metrics and compares the
prediction with the human judgment collected. In this respect,
it is the only approach that can partially cover the MP feature,
even though it is time-consuming since the whole procedure
is performed manually.

Notably, none of the considered approaches considers the
efficiency of the adopted bias-detection strategy apart from Yik
et al. [31]. Moreover, we remark that all approaches consider
at most only five datasets, thus posing issues to the overall
generalizability of the proposed techniques. In this respect, our
approach (highlighted in grey) considers 24 different datasets,
including a dataset related to the IoT domain [34]], that have
been used to support both SP and MP features.
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Remark #2: Detecting bias-inducing features has been ex-
plored in the recent literature even though few approaches
can cover the bias detection without prior knowledge of
the dataset variables. Moreover, we report the lack of
coverage in terms of application domains since the existing
approaches consider at most five datasets in the fairness
auditing process.

III. METHODOLOGY

In this section, we describe the methodology we followed
to identify the bias symptoms used for the early identification
of possible variables leading to bias in the system. First, we
describe the bias metrics considered in this work. Second, we
describe the identified symptoms and explain the rationale be-
hind their selection. Third, we define the process of collecting
those symptoms and experimenting with them by creating a
dataset of bias symptoms starting from 24 datasets from the
fairness literature. Finally, we show some statistics about the
collected symptoms and their relationships.

A. Selected fairness metrics and relative thresholds

Several metrics available in the literature can be used to
assess the amount of bias towards sensitive groups [6], [21],
[35]. In this work, we focus on three fairness metrics that are
widely adopted in the literature [[10], [36]—[38]
> Statistical (Demographic) Parity (SP) [39] This metric
belongs to the independence fairness definitions [40] and mea-
sures the probability of having the positive outcome predicted
being in the privileged (i.e., S = 1) or unprivileged (i.e.,
S =0) group: P(Y =1|S =0)— P(Y =1]|S =1)

3In the following definitions, Y represents the model’s predictions, S is a
generic sensitive variable, and 7'PR and F' PR are the true and false positive
rates.



> Equal Opportunity (EO) [19] This metric belongs to
the separation fairness definitions [40] and measures the
difference between the true positive rates of the unprivileged
and privileged groups: T PRy npriv — TP Rpriv

> Average Odds (AO) [19] This metric measures the average
difference between true positives and false positive rates
of the unprivileged and privileged groups: %[TPRM,MU —
TPRpriv] + [FPRunpriv - FPRpriv]

Following previous works [5]], [36]], we consider absolute
values for all these metrics, meaning that a value of zero
means optimal fairness, while a value of one means complete
bias. In addition, we consider the following thresholds to
distinguish High and Low bias: 0.2 for SP (following the 80%
rule [41]], [42]), and 0.15 for EO and AO. Since there is still
no agreement on which threshold to use for EO and AO [43]],
[44], this value has been empirically selected to reduce the
unbalance between items with high bias and items with low
bias in the collected symptoms dataset (see Section [[II-DJ.

B. Symptoms identification

The first step in our work was the identification of char-
acteristics for the early identification of variables leading to
High bias with respect to the thresholds previously discussed.
Such characteristics represent bias symptoms, which have been
selected by analyzing the metrics formulations shown above,
performing empirical analyses of the datasets employed in our
study (see Section and reading fairness-related works.
In total, we have identified 13 different symptoms, which we
describe below:
> Absolute Probability Difference: This value is a version of
SP which considers ground truth labels instead of the model’s
predictions (i.e., |[P(Y =1|S=0)— P(Y =1|S =1)|) [39].
> Unprivileged Positive Probability (UPP) and Privileged
Positive Probability (PPP): These values represent the single
probabilities that compose the above symptom [39].
> Gini Index, Simpson Diversity, Shannon Diversity, and
Imbalance Ratio (IR): These values have been used in [30]
to measure the unbalance in the values of a sensitive variable.
In [30] the authors show how these values are able to reflect
variations in SP, EO, and AO. Following their approach, we
0-1 normalize these values such that, for Gini, Simpson,
and Shannon, a value of 0 means that a variable is entirely
unbalanced, while a value of 1 means that a variable is fully
balanced. Concerning IR, a value of 1 means that the variable
is entirely unbalanced, while a value of 0 means full balance.
> Unprivileged Group Unbalance and Privileged Group
Unbalance: These values are used to represent the unbalance
of a variable with respect to the positive value of the ground
truth label. In particular, they are the ratio between the
expected and observed sizes of the unprivileged and privileged
groups with respect to the ground truth label (%ﬂ’;;). A value
of one means that the groups are fully balanced (i.e., the
ratio of items having a positive and negative label value is
the same), a value > 1 means that the group is oversampled
(i.e., the observed size is higher than expected). In contrast,
a value < 1 implies that the group is undersampled (i.e., the

observed size is lower than expected). These values have been
used by previous works to develop methods able to mitigate
unbalanced groups bias [36], [45].

> Kurtosis and Skewness: These values have been included
to represent the distribution of a variable. They have been
used by several works in the Auto ML domain, and it has
been shown how they can influence the predictions of an ML
model [46[]-[48]].

> Kendall’s 7: This value represents the correlation between
a variable and the ground truth label. We adopted Kendall’s
T to measure the correlation because it is non-parametric
and more robust than the other non-parametric Spearman’s
correlation coefficient [49]]. It ranges between -1 and 1, where
-1 means absolute negative correlation, 1 means absolute
positive correlation, and O implies no correlation. Intuitively, a
variable shall be highly correlated with the ground truth label
to lead to High bias in the predictions of a model. To confirm
this intuition, we computed the Kendall 7 between each binary
variable and the ground truth label on 24 datasets from the
fairness literature (see Section and then grouped the
results by variables having High and Low values of SP, EO
and AO following the thresholds defined in Section Figure
2] shows the mean and the 95% confidence interval of the
Kendall 7 grouped by high and low values of each bias
metric: variables with high values of SP and AO are also
more positively correlated with the ground truth label. We also
computed the Welch’s t-test (a non-parametric test to assess
the null hypothesis that two groups with different numbers
of samples have the same mean [50]), which confirmed a
statistically significant difference of the means concerning SP
and AO (following previous works [9], [36]], we consider a
statistical test significant if the p-value is < 0.05).

> Mutual Information: This value is a non-parametric metric
that measures the mutual dependency between two random
variables (continuous or discrete). It ranges between O and
1, where 0 means complete independence, while 1 means
complete dependence [51f]. Like Kendall’s 7, we included this
metric to represent how much dependency exists between a
variable and the ground truth label. As before, we empirically
compared the mean values of Mutual Information between
items with high and low values of SP, EO, and AO. Figure
reports the results of our evaluation. Differently from Kendall’s
T, we observe a statistically significant difference in the mean
values for all the considered bias metrics. In particular, the
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Fig. 2. Mean and 95% confidence interval of Kendall 7 between binary
variables and ground truth labels grouped by High and Low SP, EO and AO
values. For each metric, we report the Welch’s t-test p-value.
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Fig. 4. Dataset creation and metric prediction workflow

mean Mutual Information is higher for items with higher bias
values.

C. Proposed Approach

Figure [ shows an overview of the proposed approach. In
particular, we identify two macro-phases: Dataset Creation
and Metric Prediction. The former concerns the extraction
and collection of the 13 symptoms described in Section [lII-B
to create a dataset of bias symptoms. The latter involves the
prediction of the values referred to the fairness metrics defined
in Section [II=Al
Dataset Creation. We employed 24 tabular datasets from the
literature on bias and fairness [T]l, [28]l, [33], [52]]. The list of
the employed datasets and additional statistics are reported in
the online appendix, which includes also a replication package
[20]. In particular, we selected datasets that are: publicly
available, suitable for classification tasks, and contain at least
one binary variable different from the label. It is worth noticing
that, differently from other works on fairness [3], [10], [53]l,
we employ both binary and multiclass datasets, i.e., where the
possible values of the label are > 2.

Before starting the symptoms extraction process, all the
datasets were preprocessed by removing missing values and
one-hot-encoding categorical columns. After this process, each
dataset has been split into training (80%) and testing (20%)
sets. The train set has been used to train a Logistic Regression
(LogReg) Base Classifier [54]. Previous works on fairness
have driven our selection of LogReg as a base classifier

(10], [36), (53], [55]. Following the same related works,

we employed the LogReg implementation from the scikit-
learn Python library with default hyperparameters. After
training the model, we use the test set to predict the label
needed to compute ground truth values of SP, EO, and AO
following the formulations provided in Section [[lI-A] The test
set has also been used to extract the bias symptoms. Following
the definition of privileged and unprivileged groups [6], we
selected all binary columns from each dataset and computed
the bias metrics and symptoms for any of each. For each
binary variable, we assumed that O identifies the unprivileged
group, while 1 identifies the privileged group. The positive
label of each dataset has been derived by its relative source
paper and is reported in our online appendix [20]. To compute
SP, EO, and AO, we adopted the implementations provided in
[36], which are an extension of the metrics available in the
IBM AIF360 library for the multiclass classification task.
It is worth noticing that, as described in Section [[II-B] the
bias symptoms are computed on the ground truth label of the
testing set and not on the LogReg predictions. To increase
the overall amount of collected bias symptoms, we repeat the
whole train and test phase five times using a 5-fold approach
(i.e., on each fold, we select a different subset of data for
testing and the rest for training). The ground truth bias metrics
and symptoms compose our bias symptoms dataset. However,
since we are interested in detecting variables leading to high
bias, we performed a postprocessing operation to map each
metric value into low (i.e., 0) and high (i.e., 1) classes using
the thresholds defined in Section [}

Metric Prediction. Next, the dataset has been used to train
different Metric Classifiers for the early identification of
variables leading to High bias. Given a new dataset to analyse,
we first extract bias symptoms from it and then use them as
input to the model to predict High and Low metric values.
More details on this phase are provided in Section [[V]

D. Bias symptoms dataset description

In the following, we report some statistics about the col-
lected bias symptoms dataset.
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Fig. 5. Percentage of items with high and low values of SP, EO, and AO

The dataset comprises 5,930 instances and 16 features (i.e.,
the 13 symptoms defined in Section [[II-B] and the three bias
metrics). Figure 5] reports the percentage of instances with high
and low SP, EO, and AO values based on the thresholds we
defined above. We observe that, while the items with high and
low values of SP and AO are pretty balanced, there is still a



tiny unbalance among items with a low EO value (61% vs
39%). On the one hand, EO values are generally lower than
SP and AO. On the other hand, we believe that reducing the
threshold for EO too much may lead to loose possible patterns
between the symptoms and high values of this metric.

The comparison of SP, EO, and AO values is shown in
Figure [6] We can observe how values for EO and AO are
generally lower than those of SP. Especially EO has a median
value close to zero. This can also be due to an overall low
effectiveness of the base classifier in identifying true positives
for both privileged and unprivileged groups.

After analyzing the metrics’ distribution, we computed the
Kendall 7 correlation between the different symptoms and
raw bias metrics (i.e., before the postprocessing mapping to
0 and 1) to glimpse the relationship between them. Table
reports the results of this analysis. In the table, correlations
> |0.4| are highlighted in grey, while non-statistically signif-
icant correlations (i.e., with a p-value > 0.05) are marked
with a *. Concerning the correlation between symptoms (first
13 rows and 13 columns in the table), we first observe a
positive correlation between the Privileged Unbalance and the
Privileged Positive Probability (PPP) (0.643), meaning that
the more the privileged group is oversampled with respect
to the positive label, the higher the probability of having
an associated positive label. Surprisingly, we do not observe
the same correlation for the unprivileged group. Instead, we
observe a positive correlation between the Unprivileged Posi-
tive Probability (UPP) and the Simpson and Shannon indexes
(0.571 and 0.566, respectively). This means that the more
a variable is diverse, the higher the probability of having a
positive label for the unprivileged group. Next, we observe a
negative correlation between the Privileged and Unprivileged
Unbalance (-0.428), which can be explained by the definition
of these two values [36], [45]. We also observe positive
correlations between the Kurtosis, Skewness, and Gini indexes
(0.837 between Skewness and Kurtosis, 0.824 between Gini
and Kurtosis, and 0.984 between Gini and Skewness). Since all
these metrics measure the variability of a variable, a positive
correlation between them is expected [57]. For the same
reason, we also observe a negative correlation between these
symptoms and the Imbalance Ratio (IR) (-0.984, -0.836, and
-0.834).

Concerning the correlations between symptoms and bias
metrics (last three rows and first 13 columns of the table or
vice versa), we observe only a medium-high negative correla-
tion between SP and the Privileged Unbalance (-0.45). This
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Fig. 6. Median and inter-quartile range of SP, EO and AO values

means that the SP increases when the privileged group is more
balanced or undersampled with respect to the positive label.
However, it is worth noticing also a slight positive correlation
between SP and the Unprivileged Unbalance (0.346) and a
slight negative correlation between SP and PPP (-0.326). A
similar slightly positive correlation is observed between AO
and Skewness and Kurtosis (0.328 and 0.335 respectively) and
a slightly negative correlation between AO and the Privileged
Unbalance (-0.309). EO has, instead, a low correlation with
all the identified symptoms. Finally, concerning the correlation
between bias metrics (the last three rows and columns of the
table), we observe a positive correlation between SP and AO
(0.544), meaning that an increase in one metric also implies
an increase in the other.

We can take the following three main takeaways from
this analysis of correlations: i) high correlations between
symptoms can be mostly explained by their definitions, and
we do not observe any unexpected high correlation between
different symptoms; ii) EO is not medium-highly correlated
(i.e., correlations > |0.3|) with any of the identified symptoms;
iii) SP and AO are positively correlated, meaning that the
increase or decrease of one metric implies the increase or
decrease of the other.

IV. EVALUATION METHODS AND MATERIALS

In this section, we describe the experimental evaluation
conducted on our work. In particular, we aim to answer the
following research questions (RQ):
> RQ1: How effective are the identified symptoms in predict-
ing if Statistical Parity, Equal Opportunity, and Average Odds
are above or below a given threshold? This RQ analyses how
an ML classifier trained with the bias symptoms can correctly
predict if SP, EO, and AO are above or below the thresholds
defined in Section [}
> RQy: Which symptoms are the most helpful in predicting
if Statistical Parity, Equal Opportunity, and Average Odds are
above or below a given threshold? This RQ aims to identify
which symptoms are the most significant for the ML classifier
concerning the prediction task performed in RQI.
> RQs: How general are the identified symptoms concerning
the underlying base classifier? This RQ focuses on analyzing
if a change of the base classifier in the Dataset Creation phase
(see Section significantly impacts the effectiveness of
the ML classifier trained with the derived symptoms.
> RQy: How efficient is an ML model trained with the bias
symptoms compared to traditional approaches for fairness as-
sessment in terms of execution time and CPU consumption? To
motivate our research, this RQ analyses the computational effi-
ciency of an ML model trained with the identified symptoms
compared with baseline approaches for fairness assessment.
The comparison is performed in terms of execution time and
CPU consumption.

A. Experimental Settings

RQ;: We employ three ML classifiers to predict High or
Low values of SP, EO and AO. The classifiers are Multi-
Linear Perceptron (MLP), Random Forest (RF), and Extreme



TABLE II
KENDALL’S 7 CORRELATION BETWEEN SYMPTOMS AND BIAS METRICS. CORRELATIONS HIGHER THAN |0.4| ARE HIGHLIGHTED. NON-STATISTICALLY
SIGNIFICANT CORRELATIONS (p-VALUE > 0.05) ARE MARKED WITH A *

\ Kendall 7 Mutual Info UPP PPP  Unpriv Unbal  Priv Unbal  Kurtosis  Skewness Gini  Simpson  Shannon IR Prob Diff \ SP EO AO
Kendall 7 1.0 0.015% 0.018  -0.109 -0.038 -0.071 -0.002* 0.015*  0.016* 0.026 0.025  0.001* 0.042 | -0.022 -0.172  0.009*
Mutual Info 0.015* 1.0 0.148 0.031 0.083 -0.007* -0.290 -0.274 -0.275 0.275 0.272 0.295 0.341 0.022 0.017 0.018
UPP 0.018 0.148 1.0 0333 0.132 -0.001°* -0.120 -0.059  -0.055 0.571 0.566 0.125 0.105 0.062  0.005 0.059
PPP -0.109 0.031 0.333 1.0 -0.255 0.643 -0.155 -0.143  -0.146 0.356 0.354 0.157 -0.020 | -0.326  0.008  -0.227
Unpriv Unbal -0.038 0.083 0.132 -0.255 1.0 -0.428 -0.069 -0.001*  0.007* 0.026 0.027 0.069 -0.0* 0.346  -0.028 0.250
Priv Unbal -0.071 -0.007*  -0.001* | 0.643 -0.428 1.0 -0.104 -0.117  -0.118 0.093 0.092 0.105 -0.074 <045 0.004 -0.309
Kurtosis -0.002%* -0.290 -0.120  -0.155 -0.069 -0.104 1.0 0.837 0.824 -0.331 -0.321 | -0.984 0309 | 0.038  0.101 0.264
Skewness 0.015* -0.274 -0.059  -0.143 -0.001°* -0.117 0.837 1.0 0.984 -0.277 -0.268 | -0.836 0262 | 0.048  0.082 0.328
Gini 0.016* -0.275 -0.055  -0.146 0.007* -0.118 0.824 0.984 1.0 -0.280 -0.272 | -0.834 0.254 | 0.056  0.083 0.335
Simpson 0.026 0.275 0.571  0.356 0.026 0.093 -0.331 -0.277  -0.280 1.0 0.99 0.336 0.065 | -0.033 -0.003  -0.047
Shannon 0.025 0.272 0.566  0.354 0.027 0.092 -0.321 -0.268  -0.272 0.99 1.0 0.326 0.066 | -0.033  -0.003  -0.046
IR 0.001* 0.295 0.125  0.157 0.069 0.105 -0.984 -0.836  -0.834 0.336 0.326 1.0 -0.306 | -0.039  -0.102  -0.264
Prob Diff 0.042 0.341 0.105  -0.020 -0.0* -0.074 0.309 0.262 0.254 0.065 0.066  -0.306 1.0 | 0.025 0.124 0.242
SP -0.022 0.022 0.062  -0.326 0.346 -0.45 0.038 0.048 0.056 -0.033 -0.033 -0.039 0.025 1.0 0.033 0.544
EO -0.172 0.017 0.005  0.008 -0.028 0.004 0.101 0.082 0.083 -0.003 -0.003  -0.102 0.124 | 0.033 1.0 0.138
AO 0.009* 0.018 0.059  -0.227 0.250 -0.309 0.264 0.328 0.335 -0.047 -0.046  -0.264 0.242 0.544  0.138 1.0

Gradient Boosting (XGB). We adopted these methods because
they have been widely adopted for classification tasks [5],
[10], [36], [37] and natively support multi-label predictions
(i.e., prediction tasks where the number of labels to predict
is > 1, in our case the three bias metrics). We employ
the Python implementation of the ML methods [56], [58]]
and, for each prediction task, we first perform a 5-fold grid
search optimization of their hyper-parameters. The list of
adopted hyper-parameters for each task is reported in our
online appendix [20].

RQ-: We first train the classifiers employed for RQ; with the
full bias symptoms dataset and then analyze feature impor-
tance in predicting the single metrics. To assess feature im-
portance, we use the widely adopted permutation importance
technique, which is a model-agnostic approach that involves
randomly shuffling the values of a single feature and observing
the resulting degradation of the model’s score [59]]. For each
model, we permute each dataset feature 10 times.

RQ3: We adopted RF and MLP as base classifiers in the
Dataset Creation process described in Fig. @] The choice of
these methods has been driven by the fact that they have been
used in previous works on fairness [10], [36]], [37] and natively
support multi-class classification tasks. Following the works
cited above, we adopted the default hyper-parameters from the
scikit-learn Python library. After extracting the bias symptoms
from these new base classifiers, we repeat the same evaluation
process to address RQ;.

RQ,4: We compare the computational efficiency of an XG-
Boost classifier trained with bias symptomsﬂ with two bench-
marks: an approach that replicates a standard fairness as-
sessment pipeline [12] using the adaptation of the AIF360
metrics for multi-class classification proposed in [36] and
the widely-adopted Aequitas fairness assessment toolkit [43]].
In particular, we measure the training time and the CPU
consumption required to assess the amount of bias for all the
24 datasets discussed in Section concerning the sensitive
variables reported in their respective papers (see our online

4We chose this method because it was the one with better computational
efficiency among the three employed classifiers and, as reported in Section
there is no statistical difference in the effectiveness of the three models

appendix [20]). For both baselines, we first train a LogReg
classifier using 80% of the data and then compute bias metrics
using the remaining 20%. Note that we do not employ any of
the approaches considered in Section [[I-B|because no one fully
covers the two features considered in our work (i.e., sensitive
variable detection and metric prediction). These experiments
were conducted on a Dell XPS 13 2019 with Ubuntu 22.04.4
LTS, an Intel Core i7 processor, and 16GB of RAM, with no
other background process running.

B. Metrics

We adopt Accuracy (Acc) [|60]l, Precision (Prec) [61], Recall
(Rec) [61], F1 Score (F1) [22]], and Average Precision (AP)
[62] to assess the effectiveness of the prediction of High or
Low bias metric values. We choose Acc, Prec, Rec, and Fl1
because they have been widely adopted in previous fairness
works [9], [10]. AP is instead defined as the area under
the Precision-Recall curve and allows us to have a more
comprehensive view of the prediction effectiveness at different
classification thresholds. We adopted this metric instead of
AUC-ROC Score because AP has been shown to be more reli-
able in case of unbalanced data (which is our case concerning
EO distributions, see figure [B) [63]l. To avoid possible data
selection bias in the computation of effectiveness metrics, we
perform a 5-fold cross-validation, using symptoms extracted
from 80% of the original biased datasets for training and the
rest for testing.

For the RQsy, we consider AP as a reference metric to
compute feature importance since it gives a wider view of a
model’s effectiveness [63]]. For the RQ,4, we measure the CPU
consumption in CPU Power Package (pkg) which is the power
that is consumed by the CPU cores, cache, and other cores to
answer while the execution time is expressed in seconds.

C. Statistical Tests

We perform the Kruskal-Wallis H-test, i.e., a non-parametric
test to verify the null hypothesis that the population medians
of multiple groups are equal [64], to check if there is any
statistically significant difference between the effectiveness of
the employed classifiers in RQ; and RQs. In addition, we
perform the Mann-Whitney U test ( a nonparametric test of



the null hypothesis that the distribution of two samples is the
same [65]]) to group symptoms leading to a non-statistically
significant AP loss in the RQ». The same test was also used in
the RQ4 to assess if the differences in CPU consumption and
execution times are statistically significant. Following previous
works [9]], a statistic is significant if its p-value is < 0.05.

V. RESULTS
A. Addressing RO

Table reports the mean and standard deviation of the
effectiveness metrics described in Section In the table,
rows refer to effectiveness metrics, and columns refer to the
employed classification methods and bias metrics (i.e., SP, EO,
and AO). The rightmost group reports the Average effective-
ness of a model between the predictions for all metrics. For
each bias metric, the best results are highlighted in grey.

It is important to note that the SP metric has achieved
the highest results in terms of bias, with the RF classifier
producing the best mean accuracy of 0.779 and the best mean
F1 score of 0.715 overall the experiments. Moreover, the
results indicate high precision and relatively low recall (best
mean values of 0.832 and 0.692, respectively), which implies
that there may be many false negatives in the results. However,
the high values for average precision (with the best mean value
of 0.823 for RF) suggest that modifying the classification
threshold of the models could lead to better precision and
recall.

Contrariwise, we witness a degradation of performance for
the other two considered metrics, i.e., EO and AO accuracy
scores are lower compared to SP. Regarding the EO metric,
we observe low precision, recall, and, consequently, F1 score
(best mean values of 0.651, 0.552, and 0.579 for XGBoost,
respectively). The average precision values also align with
these results (with a best mean value of 0.659 for XGBoost),
meaning these low results are not related to a wrong classifi-
cation threshold. However, we also observe a high standard
deviation among all the results, meaning that the value of
these metrics changes significantly when different training and
testing sets are employed. This may be related to the unbalance
of high and low values of EO (see Section and to the
overall unequal distribution of datasets’ binary variables in the
dataset bias symptoms (see Section [VI), leading to situations
in which the number of high EO values is very low in the
training set.

Concerning AO metrics, it presents a slightly higher vari-
ability in the results than SP, but not as high as EO. In
addition, the balanced distribution of high and low values (see
Section leads to the exclusion that the low effectiveness
is caused by a data unbalance problem. Instead, the low
effectiveness is mainly related to a systematic low ability of the
identified symptoms to represent high and low values of AO.
However, the results are not harmful (i.e., an average precision
of 0.701 for XGBoost), meaning that the identified symptoms
are not meaningless in predicting high and low values of AO.

Finally, from the Average category, we observe no clear
winner between the three classification models employed in

predicting high and low values of the bias metrics. This
similarity has also been confirmed by the H-test, which did
not report a statistically significant difference between the
effectiveness results of the three models for all bias metrics.

Answer to RQ;: Using the identified symptoms, the
involved ML classifiers can predict High and Low values
of SP with high effectiveness, while predictions for EO and
AO are less effective.

B. Addressing RQ»

Figure [/| reports the results of the permutation importance
for MLP, RF, and XGB in predicting high and low values
of SP. In each plot, features are ordered in ascending order,
where features on the top are the most important. A dotted line
separates features whose difference in AP loss is statistically
significant. Hence, in the following, we assume that features
not separated by a line have the same importance. From the
figure, we can observe how Random Forest and XGBoost
share the two most important symptoms, namely Probability
Difference and Unprivileged Positive Probability (UPP) (for
XGBoost, UPP has the same statistical importance of Simp-
son). Furthermore, we observe a significant difference in AP
loss between the first and second most important symptoms
for both classifiers, meaning that Prob Diff is considered much
more important compared with other symptoms. Kurtosis is
instead the most important feature for MLP, followed by
Skewness. However, for MLP, we observe less difference in AP
loss between features, meaning that the importance assigned
to each symptom is more spread.

Figure [§] reports the feature importance for EO. In this
case, MLP and XGBoost share the most important symptom,
which is Kurtosis. Particularly for MLP, Kurtosis has high
importance since its permutation causes an AP loss of almost
50%. Results for RF are less meaningful since a permutation
of the symptoms causes, at most, an AP loss of slightly more
than 2%. We also observe how the AP loss of XGBoost is
lower compared with SP and more spread among symptoms.

Finally, Figure 9] reports the feature importance for AO. We
observe how, like for SP, RF and XGBoost share Probability
Difference and UPP as the first and second most important
symptom, respectively. This can be related to the high corre-
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Fig. 7. Permutation importance for Statistical Parity (SP)



TABLE III
MEAN AND STANDARD DEVIATION OF EFFECTIVENESS METRICS FOR MLP, RF AND XGBOOST IN PREDICTING HIGH AND LOW VALUES OF EACH BIAS
METRIC. THE LAST COLUMN REPRESENTS THE AVERAGE EFFECTIVENESS IN PREDICTING ALL METRICS. THE BEST RESULTS ARE HIGHLIGHTED

Metrics | Statistical Parity (SP) | Equal Opportunity (EO) | Average Odds (AO) | Average
| MLP | RF | XGBoost |  MLP | RF | XGBoost |  MLP | RF XGBoost |  MLP | RF | XGBoost
AP 0.71 £ 0.052 0.823 £ 0.075 | 0.783 £ 0.114 | 0.562 + 0.234 | 0.646 & 0.304 =~ 0.659 £ 0.299 | 0.673 £ 0.154 | 0.694 £ 0.152 ~ 0.701 £ 0.154 | 0.648 £+ 0.166 | 0.721 £ 0.202 | 0.714 £ 0.197
cC . A . . . .| . . . .| . . a a . A .05 . . .08 . . . A
Al 0.695 + 0.099 | 0.779 + 0.077 | 0.766 + 0.09 0.751 £ 0.078 | 0.741 &+ 0.077 0.76 + 0.072 0.676 £ 0.074 | 0.664 + 0.087 \ 0.654 £ 0.106 | 0.707 & 0.085 | 0.728 £ 0.089 | 0.727 + 0.099
Prec 0.684 + 0.109 | 0.832 £ 0.043 | 0.797 + 0.089 | 0.625 + 0.244 0.636 + 0.34 0.651 £ 0.319 | 0.604 + 0.201 | 0.677 £ 0.175 = 0.687 £ 0.192 | 0.638 + 0.182 | 0.715 £ 0.224 | 0.712 + 0.214
Rec 0.692 £ 0.224 | 0.644 + 0.164 0.666 + 0.2 0.494 + 0.208 0.494 + 0.21 0.552 £ 0.177 | 0.721 &+ 0.132 | 0.621 + 0.202 | 0.655 £ 0.273 | 0.635 £ 0.206 | 0.586 + 0.191 0.624 + 0.211
F1 0.662 + 0.106 | 0.715 £ 0.114 | 0.707 &+ 0.133 | 0.542 + 0.211 | 0.529 + 0.264 = 0.579 £ 0.252 | 0.644 £ 0.15 0.609 + 0.045 | 0.606 £ 0.072 | 0.616 = 0.159 | 0.618 £ 0.174 | 0.631 + 0.167
TABLE IV
Kurtosis Prob Diff =y Kurtosis _ MEAN AND STANDARD DEVIATION OF AP FOR MLP, RF AND XGB0OOST
Skewness Kurtosis _ Simpson _ USING MLP AND RANDOM FOREST BASE MODELS
Prob Diff Shannon Prob Diff
Priv Unbal Simpson Mutual Info
UPP IR [ Shannon | MLP Base Classifier
PPP _ Mutual Info Ly UPP
Kendall Tau _ uPP Kendall Tau \ SP \ EO \ AO Average
Unpriv Unbal Gini IR
vl it f Kendall Tau | PP MLP 0757 £02 | 0556+03 | 0676+ 0.14 | 0.663 + 0.23
Simpson PPP Priv Unbal | RF 0.816 + 0.172 0.713 £ 0.3 0.737 + 0.154 0.755 + 0.2
Shannon | Skewness Skewness | XGBoost | 0.814 4 0.158 | 0.746 & 0.245 | 0755 & 0.12 | 0.772 & 0.171
IR PrivUnbal & Unpriv Unbal | R
Gini 1 Unpriv Unbal Gini \ Random Forest Base Classifier
0.0 AP L 0.5 (X(;WL 0.02 0.0 apL 0.1 ‘ SP ‘ EO ‘ AO ‘ Average
0Sss 0Sss 0SS
MLP 0.745 £ 0.08 | 0578 = 0274 | 0.67 + 0.16 | 0.665 & 0.188
(a) MLP (b) Random Forest (c) XGBoost RF 0.867 &+ 0.048 | 0.636 + 0.333 | 0752 %+ 0.134 | 0.752 + 0.217
) Lo . . XGBoost | 0.828 £ 0.072 | 0:645 & 0.319 | 0.743 + 0.139 | 0.739 & 0.205
Fig. 8. Permutation importance for Equal Opportunity (EO)
_ employing MLP and RF base classiﬁersﬂ As done for the
Skewness Prob Diff H= Prob Diff 2 . .
Kurtosis _ upP uPP RQq, the best results are highlighted. The results confirm the
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PPP PPP Kendall Tau trend shown in the RQ;: SP is the bias metric achieving the
UPP Si Priv Unbal . . :
Prob Diff Lt B e ool It highest effectiveness among the three, metrics for EO present a
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Fig. 9. Permutation importance for Average Odds (AO) creating the bias symptoms dataset does not impact the
overall effectiveness in predicting High and Low SP, EO,

and AO values.

lation between SP and AO shown in Table [l However, in this
case, their permutation generates a lower AP loss, especially
for RF (around 4%), and the loss is, in general, more spread
among symptoms. Finally, it is interesting to note how Kurtosis
and Skewness have consistently been reported as the most
important features of MLP. Altogether, we observe how there

D. Addressing RQ4

TABLE V
MEAN AND STANDARD DEVIATION OF CPU CONSUMPTION AND
EXECUTION TIME OF AEQUITAS, STANDARD AND XGBSYMP

is no single symptom that emerges as the most important even
Binary | All Data

though GB and RF both report significant importance of the

Time (s)

\
| CPU Cons (pkg) | Time (s) | CPU Cons (pkg) |
|

Prob Diff in predicting high and low SP.

Aequitas

2.86 % 106 £2.81 % 106 | 0.10£0.09 | - | -
Standard | 11.12%10° £15.55 105 | 0.52+0.72 | 1.769 % 10% £ 7.26 x 10° | 9.94 + 40.95

Answer to RQ;: Our findings suggest a disagreement XGBSymp | 1.81+106 4+ 1.75+10° | 0.0740.07 | 2.51%10° £8.56+10° | 0.12+0.34

between the three classifiers concerning the most relevant
symptoms. However, both XGB and RF models report a
significant importance of the Prob Diff in predicting SP
values.

To answer this question, we measure the CPU consumption
of our approach and of the two identified baselines. Concern-
ing the CPU consumption, we make use of the PyRapl Python
libraryﬂ to get the energy footprint of each method. Table

C. Addressing RQs

Table |[V|reports the mean and standard deviation of average
precision for MLP, RF, and XGBoost in predicting bias metrics

SFor space constraints, we report only these results while the full metrics
are reported in our appendix [20]
Shttps://github.com/powerapi-ng/pyR APL/tree/master


https://github.com/powerapi-ng/pyRAPL/tree/master

reports the mean and standard deviation of CPU consumption
and execution time for fairness assessment using respectively
Aequitas, a standard pipeline that employs an extension of the
AIF360 metrics for multi-class classification (Standard), and
an XGBoost model trained with the bias symptoms (XGB-
Symp). Since Aequitas does not support fairness assessment
on multi-class data, we performed two sets of evaluations:
one employing only binary data and one using all 24 datasets
described in Section The experiment shows that XGB-
Symp exhibits significantly better computational performance
in all evaluations, particularly when multi-class data is used.
Although the training and hyperparameter optimization of
XGBSymp are computationally intensive (with an average CPU
consumption of 1.61 % 10° £ 9.67  10% and training time of
680.63 £ 8.29 seconds), we argue that this training only needs
to be done once. In contrast, other approaches require training
an ML model for each fairness assessment. In the case of the
Standard approach, this implies an average CPU consumption
of 1.769  10® pkg and an execution time of 9.94 seconds for
each fairness assessment.

Answer to RQ,: The conducted experiments show that the
XGBoost model trained with the proposed bias symptoms
is computationally more efficient than standard fairness
assessment approaches regarding time and CPU consump-
tion.

E. Discussion

The experiment found that the identified bias symptoms
can effectively predict High and Low values of SP, regardless
of the base classifier used to build the dataset. Two out of
three classifiers (RF and XGBoost) reported that Probability
Difference is the most important symptom to predict SP. This
is because Probability Difference is already a version of SP
that uses ground truth values instead of predictions. Therefore,
it can effectively intercept the bias learned by the model if the
dataset is already biased. On the other hand, MLP considers
the distribution of a variable (Skewness and Kurtosis) to be an
indicator of high and low values for all the bias metrics. The
low effectiveness of the predictions for EO and AO can be
explained, aside from the imbalance between high and low
EO values, because no symptoms can effectively represent
true and false positive rates, which are considered in the two
metric formulations. However, this does not mean that the
identified symptoms are meaningless for detecting high and
low values of these metrics. Results for EO and AO are not
entirely negative since we always obtain effectiveness results
that are, on average, better than the ones of a random classifier
( i.e. > 0.5). Finally, the high computational efficiency shown
by an XGBoost model trained with bias symptoms compared
to traditional approaches for fairness assessment motivates
further research in this direction.

VI. THREATS TO VALIDITY

This section discusses the threats that may hamper the
results of our study.

Threats to internal validity concern the process adopted
to build the bias symptoms dataset. Some of the considered
datasets have a higher number of sensitive variables, thus
having a higher representation in the bias symptoms dataset.
To address this, we performed a 5-fold cross-validation to
answer RQ; and RQgs, mitigating a possible data selection
bias in the evaluation. Furthermore, we repeated the statistics
reported in Section and the answer to RQ. filtering out
datasets with a number of binary variables higher than 75% of
the whole set. The results are reported in our appendix [20] and
confirm all the most significant reported claims. Concerning
the fairness metric prediction, the employed threshold may
impact negatively the results. We motivated the selection of the
thresholds in Section [II} while further research can investigate
the impact of adopting different thresholds. Finally, there could
be other relevant bias symptoms that are not considered in this
first version of the bias symptoms dataset. To address this, we
motivated the selection of each symptom in Section while
future research can investigate the impact of other symptoms
to overcome the limitations highlighted in Section

Regarding the external validity of our approach, we ac-
knowledge that selecting a fixed number of datasets may
limit the generalizability of our findings as the identified
bias symptoms may produce varying results. However, to
address this issue, we used 24 tabular datasets that cover a
wide range of application domains, from social to software
systems. We also recognize that our analysis only focuses
on the group fairness definition and three metrics (SP, EO,
and AO). Nonetheless, we have covered the most commonly
used fairness metrics in the current literature and highlighted
how several studies have proposed solutions to address other
sources of bias, such as algorithmic bias [9].

Construction validity concerns the conducted empirical ex-
periments to evaluate the accuracy, and the efficiency of using
bias symptoms. Concerning the former, we experiment with
three different ML baseline models that have been evaluated
with the cross-fold validation strategy. Concerning the latter,
we carried out an empirical evaluation including two existing
baselines to measure the execution time and energy consump-
tion using a dedicated Python library.

VII. CONCLUSION

Motivated by the need to automate fairness auditing pro-
cesses, this paper proposed a new approach to automati-
cally identify potentially biased variables in datasets. We call
these bias symptoms and extracted them from 24 fairness
benchmarking datasets. We then used the synthesized dataset
to train three advanced classifiers and predict the value of
three fairness metrics with a certain degree of tolerance. Our
results show that our approach can help streamline the fairness
auditing process by striking a balance between accuracy and
efficiency. For future work, we plan to expand the datasets to
cover more domains and consider additional baseline models
and fairness metrics. Additionally, we believe that our bias
symptoms can be used to suggest the most appropriate fairness
metric for a specific application domain.
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