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Abstract

The widespread use of machine learning and data-driven al-
gorithms for decision making has been steadily increasing
over many years. Bias in the data can adversely affect this
decision-making. We present a new mitigation strategy to ad-
dress data bias. Our methods are explainable and come with
mathematical guarantees of correctness. They can take advan-
tage of new work on table discovery to find new tuples that
can be added to a dataset to create real datasets that are un-
biased or less biased. Our framework covers data with non-
binary labels and with multiple sensitive attributes. Hence,
we are able to measure and mitigate bias that does not appear
over a single attribute (or feature), but only intersectionally,
when considering a combination of attributes. We evaluate
our techniques on publicly available datasets and provide a
theoretical analysis of our results, highlighting novel insights
into data bias.

1 Introduction

In this work, we seek to take advantage of new advances
in table discovery (specifically, table discovery in data
lakes (Fan et al. 2023)) to consider the problem of bias mit-
igation. Given a biased dataset, can we modify it to be un-
biased or less biased? We do this in the context of real data
where we do not want to simply modify the data to make
it unbiased (for example, by changing the values associated
with a tuple in a protected group). Our mitigation strategies
use real data rather than synthetically altering data. We also
do this in a context where we want to use the data for real
data analysis. Hence, just removing tuples until we get a less
biased subset that matches our fairness goal may not yield
sufficient data to perform an analysis (such as training a ma-
chine learning (ML) model). In some cases, we may need to
use table discovery to find new (real) data to meet our goals.
An important contribution of our work is to help a data sci-
entist explore the space of possible mitigation solutions that
make the data less biased.

There are two main purposes when measuring data bias.
On the one hand, we may be interested in quantifying the
bias of a dataset as an assessment of its quality, given that
bias provides information about the data’s representative-
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ness' or completeness (a well-studied data quality dimen-

sion (Batini and Scannapieco 2016)). But arguably, the fun-
damental practical application of such a metric is, upon de-
tection of a significant bias, to obtain an unbiased (or less bi-
ased) dataset. We refer to algorithms that use data discovery
to add tuples and/or use other table transformations (includ-
ing tuple deletion or modification) to obtain a less biased
dataset as bias mitigation algorithms. An underlying princi-
ple in bias mitigation is to perform a minimal change to a
dataset that is sufficient to achieve a fairness goal.

1.1 Motivating Example

A major challenge in data fairness is to ensure that the
dataset used for analysis has an appropriate representation
of relevant demographic groups (Nargesian, Asudeh, and Ja-
gadish 2021). This is because insufficiently representative
training data has been repeatedly shown to be extremely
problematic in a wide range of ML application domains
(Hort et al. 2024; Pagano et al. 2023).

Consider a US Bank that decides to build an ML model
for default loan prediction, i.e., predicting the probability
that a person pays back a given loan. Since the bank does
not have enough internal quality data, they decide to use
the Adult Dataset (Becker and Kohavi 1996) for this pur-
pose, a widely used dataset containing demographic infor-
mation (14 attributes) from several thousand individuals, in-
cluding an attribute indicating if a person’s annual income
exceeds $50, 000 or not. The bank decides to grant loans to
people whose annual income exceeds $50, 000. We will call
these tuples positively labeled or positive. In what follows,
we consider the binary gender attribute (with values Male or
Female) of this dataset. Tuples with the value Female form
a protected group and we call them protected tuples.

Upon inspection, the analysts realize that for the analysis
they want to perform (predicting likelihood of paying back a
loan), the data is biased against women: there are 1, 179 out
of the 10, 771 tuples representing women that have a yearly
income greater than $50,000 (10.9%), while this fraction
is 6,662/21,790 for men (30.6%). The data scientists are
worried that if they use this version of the data, the result-
ing model may grant fewer loans to women in a discrimi-
natory way (in cases where they could indeed have paid the

'This can be referred to as an ideal scenario of reference.



loan back), so they aim at constructing a new version of the
dataset that is group fair w.r.t. gender.

Since the total number of tuples is n = 32,561 and there
are p = 10, 771 women, we can modify the dataset so that
3,296 of the women are positive (and hence at parity with
the men) or we can lower the number of positive men to
2,375, (so men are at parity with the women). Preprocessing
techniques like feature normalization are common practice
in ML. However, it is not acceptable for data scientists and
domain experts to arbitrarily change attribute values from
the tuples of the dataset. In our running example, it does not
make sense to change the address, race or gender of a person.
There are also cases where it is unreasonable to significantly
change the salary value of an individual leaving the loan de-
cision unchanged. Thus in many analyses, the only realistic
operations are tuple additions (with new real data) and dele-
tions. This turns even the fairness estimation task into a more
challenging task as parameters like the number of tuples are
no longer constant. Returning to our example, an additional
requirement of the ML engineers is to have n > 30, 000 for
the learned model to have reasonable performance, hence
only deleting tuples is not an option.

After analyzing the available data sources (open source
data lakes as well as data available through data brokers)
the team determines that they can find at most 3, 000 posi-
tive protected tuples and 4, 500 negative unprotected tuples.
Using our approach, the data scientists are able to simulate
different scenarios to determine, given the number of added
and deleted tuples of both types, how far different mitiga-
tion strategies (different tuple additions and deletions) end
up from creating a fair dataset. The results are shown in Fig-
ure 1, where b = 0 indicates that the resulting dataset is
group fair (white region in Figure 1).
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(a) Adding positive protected
and unprotected tuples.

(b) Adding positive protected
and deleting negative
unprotected tuples.

Figure 1: Adult Dataset - Policies using two operations.

In Figure 1a, we model adding positive protected tuples
(a; , depicted on y-axis) and adding negative unprotected
tuples (a,, , depicted on x-axis); while on Figure 1b we in-
stead consider deleting positive unprotected d; for the sec-
ond variable. In these figures, white indicates group fair-
ness. Red indicates a bias against women (as in the original
dataset) and blue is a bias against men. Here, the horizontal
line az‘f = 3,000 represents the constraint that there are at
most 3, 000 new positive protected tuples that can be added.
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The vertical line a;, = 4,500 represents the same for neg-
ative unprotected tuples. The dotted diagonal line in Figure
1b represents the restriction of needing at least 30, 000 tu-
ples in the resulting dataset. Thus, in Figure 1a, the feasible
region (datasets we can construct under the problem’s re-
strictions) is the large lower left quadrant that includes the
origin, while for Figure 1b it is the small triangular shape
including the point (0, 3000). Interestingly, Figure 1a shows
how adding negative unprotected tuples (a,,, men who earn
less than 50K) reduces the number of positive protected tu-
ples required (a,+), but in a non-obvious way. For example,
by adding 4, 500 negative unprotected tuples, we reduce the
number of protected positive tuples needed to 2, 077. Figure
1b shows that by deleting a few of the positive unprotected
tuples, we can add fewer than the available 3, 000 new posi-
tive protected tuples, but the space of options is much more
limited. In this paper, we introduce mathematically sound
methods to perform this process in an efficient and inter-
pretable way.?

1.2 Contributions
The contributions of our work are summarized as follows:

¢ We introduce Uniform Bias (UB), the first intersectional,
multi-label bias measure that can be computed directly
from a given dataset 7. Our measure is interpretable and
can model bias in datasets with multiple classes (multi-
label) and with multiple protected attributes.

* In contrast to the hundreds of papers surveyed by Hort et
al. (Hort et al. 2024), we formally define bias for multi-
class problems with multiple non-binary protected at-
tributes.

* We present a new mitigation strategy to address data bias.
Our strategies are interpretable and explainable. They can
take advantage of new work on table discovery to create
datasets that meet a fairness goal. Our mitigation algo-
rithm guarantees a label frequency preservation property
for the protected groups, meaning that the ratios of tuples
with a given label (e.g., people who are given a loan) is
the same after bias mitigation is applied, which we argue
is relevant for practical applications.

* We show how UB solves existing issues of anti employ-
ment discrimination rules used by the US Office of Fed-
eral Contract Compliance Programs.

* We evaluate our techniques on real datasets (recom-
mended by a recent comprehensive survey (Hort et al.
2024)) and show that our mitigation strategies can be
used in practice to produce unbiased training data that
do not significantly lower the accuracy of ML models,
and in some cases improves their performance.

The rest of this paper is organized as follows. In Section 2
we detail related work. In Section 3 we present the nota-
tion. In Section 4 we introduce Uniform Bias our new bias
measure. Section 5 motivates the significance of Uniform
Bias and how it can be used to solve open problems identi-
fied in the literature. In Section 6 we extend our approach to

The analytical solution of this example is included in the full
version of this work (Scarone et al. 2024).



be intersectional and to consider non-binary labels. Section
7 uses these ideas for bias mitigation in this new context.
Section 8 extends our techniques in ways that are relevant
in practice, while in Section 9 we evaluate how our mitiga-
tion affects the performance of ML models. We end with our
conclusions and future work in Section 10.

2 Related Work

Nowadays, the concept of bias is prevalent in computer sci-
ence literature. However, although the seminal paper on this
topic is from 1996 (Friedman and Nissenbaum 1996), ten
years ago this was not the case. Bias is used in heteroge-
neous settings, where the underlying meaning depends on
the context. In some of these contexts, such as statistics, the
definition is rigorous, while in others (e.g., data mining, ma-
chine learning, web search and recommender systems) it is
either handled informally or without a consensus within the
broader community. This is in part due to the complexity and
interdisciplinary nature of the problem, as noted by Zliobaite
(Zliobaité 2017). The common idea across all these notions
is that of a systematic deviation from a predefined reference
value. A closely related concept is that of fairness, defined
as the absence of (negative) discrimination.

Measuring Bias In the context of data mining and ML,
where one of the main goals is to design fair models for the
task at hand, researchers have proposed a variety of heuristic
measures (Mehrabi et al. 2021) with the objective of quan-
tifying bias, and thus being able to design new algorithms
that would optimize these measures (Zliobaité 2017). These
measures can be classified into individual and group/statisti-
cal measures.? Individual fairness (introduced by Dwork et
al. (Dwork et al. 2012)) centers on the idea that similar in-
dividuals should be treated similarly.4 On the other hand,
group fairness focuses on treating different demographic
groups equally. The heterogeneous unprincipled nature of
the measures and evaluation approaches makes it difficult to
compare results (as recent examples see Osoba et al. (Osoba
et al. 2024) and Lum et al. (Lum, Zhang, and Bower 2022)),
as well as to establish guidelines for practitioners and pol-
icymakers. Verma et al. (Verma and Rubin 2018) collects
several individual and group measures and computes each
of them on a case-study intuitively explaining why the same
case can be considered fair according to some definitions
and unfair according to others. Yeh et al. (Yeh et al. 2024)
focuses on two common families of statistical measures (ra-
tio and difference based), theoretically analyzing their rela-
tionship and providing empirical results to establish initial
guidelines for which can be used in different contexts. With
the goal of providing a unifying view, Zliobaité (Zliobaité
2017) surveys and categorizes various statistical measures,
experimentally analyzes them, and recommends which ones
to use in different contexts. Its foundational notions consist
of precisely defining the condition for a dataset to be unbi-
ased, as well as a (randomized) bias addition algorithm. It

3Sometimes the definition only specifies the fairness/unbiased
condition without quantifying the deviation w.r.t. this value.

“This includes Counterfactual or Causal based fairness (Salimi,
Howe, and Suciu 2020; Plecko and Bareinboim 2022).
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is important to note that in this context, statistical measures
are used as a tool to indirectly quantify the effect of added
bias on tables.

Intersectionality Crenshaw introduced the term intersec-
tionality (Crenshaw 2013), highlighting that the discrimina-
tion experienced by Black women is greater than the sum
of racism and sexism individually and thus establishing that
any bias analysis that does not take the intersection of sensi-
tive groups into account cannot sufficiently address the par-
ticular manner in which individuals experience discrimina-
tion. In the context of data fairness, this translates into the
fact that it is not enough to verify fairness for sensitive at-
tributes independently. In fact, we can construct datasets that
are group fair w.r.t. to gender and race, but not w.r.t. their in-
tersections. This was also shown in the context of fair clas-
sification by Kearns et al. (Kearns et al. 2019). Wang et al.
(Wang, Ramaswamy, and Russakovsky 2022) remark that
research in fair ML has historically considered a single bi-
nary demographic attribute, and they study how to address
intersectionality from a practical view in a ML pipeline.

Bias Mitigation Methods In a recent survey, Hort et al.
(Hort et al. 2024) provide a comprehensive analysis of 341
publications concerning bias mitigation methods for ML
classifiers. The authors identified three types of bias mitiga-
tion methods: Pre-processing, where mitigation is applied to
the training data to prevent it from reaching ML models; In-
processing, where mitigation is done while training the mod-
els and Post-processing, where it is done on trained models.
Our method falls into the pre-processing category. The au-
thors remark that there are almost twice as many publica-
tions with in-processing methods than pre-processing and
as Salimi, Howe, and Suciu (Salimi, Howe, and Suciu 2020)
highlight, one of the advantages of these methods is that they
can be used in conjunction with any ML model.

Hort et al. remark that consolidating a common set of met-
rics is still an open challenge. Another related problem they
highlight is to make sure that the metrics used are repre-
sentative for the problem at hand and they state that future
work should focus on multi-class problems, and non-binary
sensitive attributes, which was mentioned by only 15 out of
the 341 publications they considered. Out of these 15 pub-
lications, only one (Alabdulmohsin, Schrouff, and Koyejo
2022) can deal with both non-binary sensitive attributes and
multi-class predictions, which is what we do with our UB
(Uniform Bias) measure and our mitigation algorithm.

Another challenge identified by Hort et al. is to include
trade-offs when dealing with accuracy and/or multiple fair-
ness metrics. We evaluate our model on real datasets and
show that our mitigation strategies can be used to produce
training data that yield better performing ML models. In par-
ticular, we use the first two and seventh most widely used
datasets according to Table 9 in (Hort et al. 2024).

Providing fairness guarantees is considered a relevant av-
enue of future work, stating that allowing for interpretable
and explainable methods can aid in this regard. We provide
mathematical guarantees in the most general case for both
the interpretation of UB and our mitigation algorithm. Addi-
tionally, our techniques allow a user to specify acceptable or
allowed levels of bias (e.g., determined by domain experts)



in a natural way, which is also highlighted as one of the chal-
lenges by Hort et al. The survey also notes the importance of
having continuous implementations of bias mitigation meth-
ods in real-world scenarios. Our methods are simple and can
be naturally implemented to continuously monitor the bias
level of data and compute mitigated versions.

Our Approach We present a new intersectional data bias
measure that can directly be computed from the target ta-
ble and argue why it improves the state-of-the-art. Namely,
UB is the first measure that can handle an arbitrary num-
ber of multi-valued sensitive attributes and a multi-valued
label in a simple way. The same ideas used to derive UB can
serve as the basis for explainable and mathematically guar-
anteed bias mitigation strategies that can be computed for
any dataset. We show how our bias mitigation produces new
versions of well known datasets that can be used to improve
the performance of ML models.

3 Preliminaries

As is common, we denote variables (i.e., , dataset attributes)
by uppercase letters, X, Y, Z; their values with lower-
case letters, x, y, z; and denote vectors (or sets) of vari-
ables (values) using boldface (X or x). The domain of vari-
able X is Dom(X), the domain of a vector of variables is
Dom(X) = [[xex Dom(X). To simplify notation in for-
mulas, when we use a value x we mean |x|, which is the
number of tuples from the dataset with value x and we omit
the attribute X when it is clear from context.

Bias Notation We start by considering the classical set-
ting of algorithmic fairness where we have a classification
task (e.g., hiring men and women candidates), where tu-
ples have a target (class) attribute Y with a binary domain
(y € {0,1}). In the literature, the values of Y are often
called binary target labels. In addition, tuples have a binary
sensitive or protected attribute S defining a protected (or
unprivileged) group s = 1 and an unprotected (privileged)
group s = 0. This simplified scenario has been extensively
studied in the fair machine learning literature (Zliobaité
2017; Wang et al. 2023; Hort et al. 2024). For this reason,
Table 1 includes the notation for this binary scenario.

However, our work naturally extends to multi-class prob-
lems (dom(Y) can be any set of values) and to account
for multiple sensitive attributes (S) with non-binary values
(dom(S) can be any set of values). Let [S| = m, then
s € (dom(S1)U{e}) x ... x (dom(Sy,) U{e}) denotes a pos-
sible protected group. Here, € represents all values in a given
domain. For example, for attributes gender = {male, female,
non-binary}, and age = {young, middle-aged, retired}, one
possible protected group (non-binary, retired) represents all
tuples that are both non-binary and retired, while another
possible protected group (male, €) represents all men inde-
pendent of age. We drop the parenthesis and the ¢ when the
context is clear, i.e., use “male” instead of (male, €) to rep-
resent the group of males. Table 1 also defines notation for
this more general multi-class, non-binary case. All quanti-
ties refer to a given dataset 7. Note that our measure, given
a sensitive group s (or s in the non-binary case) and a class
label y, can be computed only based on the table 7', that is,

Variable Definition
n Total number (#) of tuples (]77])
nt For binary problems, # positive tuples,
{teT: t[Y] =1}
nY For multi-class problems, # tuples with a
given class label y: {t € T : ¢[Y] = y}
P For binary problems, # tuples in the

protected group, {¢t € T : t[S] = 1}
(resp., for unprotected group, )
pT For binary problems, # positive protected
tuples, {t € T : t[Y] = 1 At[S] = 1}
(respectively, u™)

P Protected ratio, p/n (resp., U = u/n)
fot pT /p, (respectively, for u)

fy n¥/n

fsw Ratio of # tuples with protected attributes

s and class label y over all tuples in the
protected group s: |sy|/|s|

7 Closest integer to 7, |7 + 0.5
E e
o+ _ p"(n—p)
IR fz + p'(zﬁfpﬁ)r
17f I fu,+ _u /u_
OR fpi 1—fu+ pt/p—
MD fu,+ — fp,+

Table 1: Notation used in this paper.

our bias measure UB(T, s, y) as defined in Section 4. This
is also the case for other preexisting measures we reference
later and that are included in Table 1 (IR, OR and MD).

4 Uniform Bias

In this section, we present an example to motivate and in-
troduce our new bias measure. Consider the setting where
a company hires nT = 200 new employees from a set of
n = 600 people, where p = 150 applicants are women (pro-
tected) and u = 450 are men (unprotected), thus gender is
the protected attribute (S).

Suppose that after this selection process concludes, we
have access to the corresponding tabular data showing the
distribution of accepted and rejected candidates. There are
three possible scenarios of interest, whose summary statis-
tics are shown in Table 3:°

* Ty: The proportion of hired women (f, ;) and men
(fu,+) are equal and coincide with the fraction of positive
tuples of the population (fy). Here, fp + = fu+ = f+,
and we say 7y is unbiased, following what is common
practice in the algorithmic fairness community (Mehrabi
et al. 2021);

* T: The proportion of hired women (fp, ) is lower than
that of men (f, 4+ ). Here, f, + < f+ < fu +, thus T ex-
hibits a negative bias against women (protected group).

* T5: The proportion of hired women (f,, ) is higher than
that of men (f, 4+). Here, fu, + < f+ < fp+,and so 15

Note that if we only consider the proportions (f, f, and fu),
then we can associate each row in Table 3 to the set of tables whose
parameters satisfy the proportions, which makes the analysis much
more general (e.g., independent of n).



Dataset n nt

b

=

P UB

pT(0) IR | OR | MD

Adult (Becker and Kohavi 1996) | 32561 | 7841

10771

1179 | 2594 | 0.55 | 0.36 | 3.58 | 0.2

Table 2: Summary statistics of the Adult dataset.

v [ @ [ Jos | Jus [UB | IR [ MD
To | 50 | 150 .33 .33 0 1 0
Ty | 40 | 160 27 .36 .2 .75 .09
T5 | 60 | 110 4 .24 —2 1164 | —.16

Table 3: Summary statistics and measures for three classes
of tables. For all rows we have: n = 600, y™ = 200, p =
150, p™(0) = 50, u™(0) = 150 and f, = 1/3.

exhibits a bias against men (unprotected group) or equiv-
alently a positive bias in favor of women.

Now we introduce ideas to quantify bias from the view-
point of a specific protected group, using the notation de-
fined in Table 1. Consider the case of 7. Table T gives the
ideal number of hires, which we call p* (0) = 50. Ideally we
would have wanted for p™(0) = 50 women to get hired, but
only p™ = 40 were. Our goal is to quantify this bias, which
is clearly related to the difference or deviation of 10 from
the unbiased state Tj. We start by observing that this differ-
ence is 20% of the target quantity p*(0) = 50, i.e., 20% less
women are being hired than desired. Thus, if we take b (the
bias) to be this percentage we get p™ = p*(0) — b - pT(0)
with b = 0.2. If b = 0 we have unbiased data and if b = 1
negative bias against women is maximized. As stated before,
representing these ideas in terms of ratios will be useful.
Thus, we divide both sides of the last equation by p and not-
ing that when b = 0, then f, = f; (unbiased condition),
we derive the following expression fj, + = (1—b)- f. Solv-
ing for b, we have a measure of the percentage of missing
elements (20% for T}). These ideas are the building blocks
for our proposed formal bias definition.

Definition 4.1. Given any table T, its Uniform Bias (UB)
w.r.t. the group s € {p,u} and label y € {4, —} is given by

fS,y
J
Observe that the right side can be directly computed based
on the data, that it is linear w.r.t. f,, and if f , is propor-
tionally greater than (or less than) f, by the same about,
the bias will be the same but negated (for example, 20% or
-20%). Additionally, note that by writing the definition in
terms of relative table quantities, all tables with the same
values of fs., and f, will result in the same UB, regardless
of their size. For brevity, we use the symbol b when the con-
text (T, s,y) is clear.

UB(T,s,y) =bsy=1—

Note that, as discussed before, when b, . = 0 we have
fp.+ = f+.when b, > 0 we have f, . < fi and when
bp+ < Owehave f, + > fi.

We say UB is uniform because it is not context depen-
dent and the measure will be the same for any dataset 7'
with equal relative parameters (f, 4+ and f. ). Finally, as re-
marked in the literature (Verma and Rubin 2018), in prac-
tice one does not expect a fair dataset to have a bias that is
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exactly zero. In this sense, one can determine an admissi-
ble range of bias values determined by domain experts (e.g.,
|b] < .1) to declare a table to be sufficiently unbiased or fair.

5 Comparing UB to Existing Measures

The work by Gastwirth (Gastwirth 2021) centers around
rules issued by the US Office of Federal Contract Compli-
ance Programs® (OFCCP) in November 2020 to resolve em-
ployment discrimination issues. In this context, Gastwirth
presents an in-depth analysis of how the agency will use and
evaluate statistical evidence in its monitoring of government
contractors’ compliance with equal employment laws. The
rules state that the agency will ordinarily use the impact ra-
tio as its measure of practical significance and uses what is
known as the “fourth-fifths rule” (used since 1970) to de-
tect violations. As explained by Oswald et al. (Oswald, Dun-
leavy, and Shaw 2016), the four-fifths rule is violated when
the selection rate of one applicant group (e.g., Hispanic) is
less than 80% of the selection rate for the group with the
highest rate (e.g., White).

Gastwirth observes that while the rules develop the
agency’s classification system in terms of the impact ratio
(IR, Table 1), they also allow it to use other measures such as
the odds ratio. In terms of practical significance measures’
(including both the impact and odds ratio), there is an exten-
sive literature (e.g., (Gastwirth 2021; Oswald, Dunleavy, and
Shaw 2016) and the references therein) analyzing these mea-
sures and illustrating their flaws in the context of determin-
ing disparate impact. However, these works do not present
a systematic approach to study them (e.g., to precisely char-
acterize when they do not work and why) nor to solve the
identified problems.

In order to show the limitation of IR and the mean differ-
ence (MD, Table 1) in not being able to distinguish datasets
that are significantly different in terms of disparate impact,
we construct two summary statistics (Tables 4 and 5) that
have a fix IR and MD, but for which the values of UB (de-
noted by b) vary significantly. We take IR and MD as repre-
sentatives of ratio based and difference based measures.

In these examples, we assume that an absolute value of
UB lower than 10% denotes an acceptable disparity rate
(unacceptable rates are highlighted in bold in the tables).
For Table 4, IR (0.8) indicates that disparate impact is un-
likely (per the four-fifths rule, (Oswald, Dunleavy, and Shaw
2016; Gastwirth 2021)). Meanwhile, the IR (0.25) shown in
Table 5 is considered to strongly suggest this kind of dis-
crimination (as presented in (Oswald, Dunleavy, and Shaw
2016; Gastwirth 2021)). Nevertheless, in both tables there

81t oversees employment practices and promotes efforts to di-
versify the work forces of government contractors in the US.

"Practical significance is given more attention in the rules is-
sued by the OFCCP than in the original proposal (Gastwirth 2021).



pT [ p Jum [ w [ fr [ PO ] b
396 | 990 | 5 | 10 | .401 | 396.99 | .0025
388 [ 970 | 15 | 30 | .403 | 390.91 | .0074
360 | 900 | 50 | 100 | 410 | 369.00 | .0244
320 | 800 | 100 | 200 | .420 | 336.00 | .0476
232 | 520 | 210 | 420 | 442 | 229.84 | .0950
160 | 400 | 300 | 600 | .460 | 184.00 | .1304
40 | 100 | 450 | 900 | 490 | 49.00 | .1836
12 [ 30 | 485 | 970 | 497 | 14.91 | .1951
1 | 10 | 495 [ 990 | 499 | 04.99 | .1983

Table 4: Summary statistics showing constant I R and M D, while
b € [0.25%,19.83%]. For all rows we have: n = 1000, f, = .4,
fu=.5,IR=.8and MD = .1.

pT [ p [uT [ w [ fr ] pT(0) b
199 [995 | 4 | 5 | .203 | 201.985 | .0148
194 [ 970 | 24 | 30 | 218 | 211.46 | .0826
180 [ 900 | 80 | 100 | .260 | 2340 | .2308
100 [ 500 | 400 | 500 | .500 | 250.0 | .6000
40 | 200 | 640 | 800 | .680 | 136.0 | .7059
20 | 100 | 720 | 920 | .740 | 74.0 | .7297
10 | 50 | 760 | 950 | .770 | 385 | .7403
T | 5 [ 796|995 | .797 | 3.9850 | .7491

Table 5: Summary statistics showing constant I R and M D, while
b € [1.48%,74.91%)]. For all rows we have: n = 1000, f, = .2,
fu=.8IR=.25and MD = .6.

are cases that, according to UB, either present strong dis-
crimination or barely any discrimination at all. In our view,
it is essential to provide a rigorous explanation of this.

For constructing these tables we start by fixing f,, ; and
fu,+» which in turn determine the values of IR and MD. For
a fix n, by varying p, the quantities p™, u™ and f are deter-
mined for each row. Notice that when p is large (resp. for u),
most of the table is filled according to f, 4 (resp. for f, ;).
As a consequence, when p is large, p™ is close to the op-
timum p*(0) and so b is small. On the other hand, when p
decreases (u increases), since fy + > fp +, pT gets further
away from p™(0) and thus b increases. Recall we define the
protected ratio P = p/n. Given that I R(b) ﬁ (Ta-
ble 1), it is easy to see that when P — 1, b — 0, and when
P —0thenb —1—1IR.

The key observation is that /R and M D are not suffi-
ciently descriptive, since they do not distinguish what is
happening in each row. In fact, the b values in these rows
present completely different scenarios in terms of the dis-
parate impact they describe. Precisely, in Table 4, b varies
in the range [0.25%,19.83%)], while in Table 5 this range
becomes [1.48%, 74.91%]. Given the interpretation of b as
p* being a 1 — b fraction from p*(0), it is crucial to de-
velop new disparate impact measures that are able to detect
these significant disparities across the rows. Our measure
UB achieves this goal.

Since fp, 4+ and f, 4 are constant, this variation is due to
f+ thatranges from f;, . when P — 1to f,, + when P — 0.
Neither IR nor MD are sensitive to f., while UB is. While
these flaws in IR and MD (as well as for other measures)
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f+ ‘ prr ‘ fUHr

MD = .02 IR | OR | b, +
bS] .482 | 502 | 960 | .923 | .036
10 .082 | 102 | .804 | .786 | .18

MD = .05 IR | OR b
5 | .455 | 505 | 901 | .818 | .09
5 | .055 | 105 | .542 | .496 | .45

MD =10 IR [OR [ b,+
B 41 51 | .804 | .668 | .18
1] .01 A1 1.091 ) .082 | .9

Table 6: Example data used by (Oswald, Dunleavy, and
Shaw 2016).

have been extensively pointed out in the literature, to the
best of our knowledge, this is the first time a systematic ex-
planation of the flaws has been presented. Based on this ex-
planation, we believe UB to be a more suitable measure to
use for determining disparate impact when analyzing data.

To further illustrate the practical impact of UB we present
now a solution to the contradictory judgments identified by
Oswald et al. in Table 5.3 of (Oswald, Dunleavy, and Shaw
2016), arising from the use of IR, OR and MD. For instance,
when looking at the case in Table 6 where M D = .2 and
f+ = .1, although neither IR nor OR indicate an adverse
(bias) impacting the data, UB (18%) does. Furthermore,
when M D = .10 and f; = .5, IR and OR even disagree
on their judgments. Meanwhile, UB provides additional ev-
idence supporting the claim made using OR. Moreover, the
key observation is that b, + = 18% can be interpreted as
the fraction of tuples away from the optimum p™(0). As far
as we are aware, none of the measures presented in the lit-
erature give a similar quantitative explainable interpretation.
This example provides further evidence that UB is a good
metric to be used in this context.

6 Intersectionality and Multi-class Problems

In this section, we extend our approach to consider multi-
valued labels, as well as to be intersectional, i.e., to consider
multiple sensitive groups and their intersections in the anal-
ysis. This approach is critical when assessing fairness in real
world applications (Hort et al. 2024).

Example 6.1. The need to consider non-binary labels
comes very naturally in practice; as a paradigmatic exam-
ple, we will consider the COMPAS dataset (Angwin et al.
2016) containing records for US criminal offenders and
a score of their likelihood to reoffend (recidivism). The
scores are given using three labels (low, medium, or high),
so it would be ideal to capture this with our bias measure
as well. The same goes for having multiple (potentially
non-binary) sensitive attributes, in this case we consider
two binary sensitive attributes gender and race, taking val-
ues in {men, women} and {white, non-white} respectively.
We denote men with m, women with w, white tuples with c
(“caucasian”) and non-white ones with o (for “others”).
The data is summarized in Table 7.



Label 0 c Total
L 19489 12202 31691
m M 7143 2862 10005
H 4510 1273 5783
Tot. mo: 31142 | mc: 16337 | m: 47479
L 5637 4159 9796
w M 1589 894 2483
H 665 375 1040
Tot. wo: 7891 wc: 5428 | w: 13319
L 25126 16361 41487
Total M 8732 3756 12488
H 5175 1648 6823
Tot. 0: 39033 c: 21765 n: 60798

Table 7: Summary statistics (values) for initial version of the
COMPAS dataset with ternary label.

One of the main benefits of our measure is that extend-
ing it to non-binary labels and multiple sensitive attributes is
natural, as we can see in Definition 6.1.

Definition 6.1 (Uniform Bias, multi attributes, general la-
bel). Given a dataset T with sensitive attributes S we say
that the Universal Bias of group s € Dom(S) w.r.t. label

Yy e {y17"'7yk} is
s
fy
Note how Definition 6.1 naturally leads to the generalized
version of an unbiased dataset, given in Definition 6.2.

by =1

Definition 6.2. In the setting of Definition 6.1, we say that
T is unbiased w.r.t. S and label y € {y1, ...,y } if for every
s € Dom(S) we have f;, = fy.

Remark. Recall our notational convention explained in
Section 3 on the use of the value € for a sensitive attribute.

Example 6.2. In our COMPAS example, we have eight
possible protected groups: four that only consider one at-
tribute {m,w,c, 0}, and four binary {mc, mo,wc, wo}.
For each group and label, the data is unbiased if the fre-
quency of the group having that label is equal to the fre-
quency of the entire population having that label.

Note that as before having b, = 0 for all groups s and
label values is equivalent to the unbiased condition stated in
Definition 6.2. An important feature of UB is that we can an-
alyze the bias of each group (and label) separately. To illus-
trate the usefulness of our techniques, we will use Uniform
Bias to analyze the biases in the COMPAS dataset.

Example 6.3. The values and biases of the COMPAS
dataset are shown in Table 7 and Table 8 respectively.
This dataset is known to have multiple disparities in the
treatment of different sensitive groups. This is the case for
men and women, where the ratio of women with a low risk
score is substantially greater than the ratio of men (i.e.,
fw,r. > fm,p). It is also the case that f, v < fm m and
fw,g < fm,m. This case can be numerically quantified
with Uniform Bias, by, 1, = .022 > 0 (bias against men)
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Label 0 c Total
L 0.083 | -0.095 | 0.022
m M -0.117 | 0.147 | -0.026
H -0.290 | 0.306 | -0.085
L -0.047 | -0.123 | -0.078
w M 0.020 | 0.198 | 0.092
H 0.249 | 0.384 | 0.304
L 0.057 | -0.102 0
Total M -0.089 | 0.160 0
H -0.181 | 0.325 0

Table 8: Summary statistics (biases) for initial version of the
COMPAS dataset with ternary label.

and by, 1, = —.078 < 0 (bias in favor of women). There
is also a noticeable difference when the race attribute is
considered: the magnitude of the bias of non-white peo-
ple with a high score is half that of the one among white
people (b, r = —.181 and b, g = .325). Note how
our measure naturally captures what happens in terms
of the frequencies: the rate of people with a high score
among the non-white population is double the rate among
white people (using the values in Table 7, f. g = .076
and fo g = .133). We observe a difference in terms of
the gender attribute as well, namely b, g = .304 and
bm,H = —.085 (fw,H = .078 and fm,H = .122).

There is a consensus that the difference in the race at-
tribute constitutes actual discrimination (Hort et al. 2024).
This may not be the case for the difference found for the gen-
der attribute (not reported for this dataset). This case could
either be a true social phenomenon that is not to be corrected
or discrimination. Within our framework, this can be done
using external sources to, for example, determine that in a
certain population b,, g may not be zero. In this example,
sociologists may decide a value of 0.304 is a reasonable so-
cietal norm and therefore this dataset is not biased for this
class. This is the type of decision an expert in the domain
should make. Our mathematical methods are designed as a
tool to help experts make these decisions. The mitigation al-
gorithms we define next can be used to create a dataset with
zero bias for a specific group or with a bias that is a priori
set by experts. We will extend our techniques to be able to
model these alternatives in Section 8.

7 General Data Bias Mitigation

We introduce our general mitigation algorithm, prove its cor-
rectness and use it to mitigate the COMPAS dataset.

Let T be a dataset with sensitive attributes S and label Y
with values y € {y1,...,yx}. In the context of bias mitiga-
tion, we want to add or delete tuples to reduce the data bias
as much as possible. We note that one can always consider
tuple deletions as a preprocessing step, i.e., first delete some
of the tuples and then measure bias and determine the new
tuples that should be added for mitigation. Thus, we will
only consider tuple additions in this context. Nevertheless,
we can consider both additions and deletions simultaneously
with our framework. We denote the number of tuples to be



added from group s with label value y by Asy. The key idea

for the algorithm comes from using Definition 6.2, since we

want to determine Asy such that this definition holds, we

can write this as

sy + Asy
s+ As

sy + Asy
fy

where f{'7" is the new value of f; ;. This condition must hold
for every group s and label value y, so we have a system of
equations, where the unknowns are the Asy. The label fre-
quency preservation that we introduce later is a direct con-
sequence of the equation on the left. Then since the equality
on the right in Equation (1) holds for every y, we can write

sy + Asy  sy; + Asy;

for every group s and label y € {y1,...,yx}. That is, we
equate the equations of group s and label y with the one cor-
responding to the same group and y;. Since when y = y; the
equation is trivial, Asy; becomes a free variable of the sys-
tem and we have precisely one free variable per group, mak-
ing the system of equations undetermined (the system has
fewer equations than unknowns). Solving for the unknown
we are looking for we get, Asy = —sy + L (sy; + Asy;).
This may yield non-integral solutions, which do not make
sense in our problem (our variables represent number of tu-
ples). Thus, we need to find the exact integral solution or
good approximations of it. The solution is integral when, in
the second term, the second factor is a multiple of y;.When
sy; # 0 the smallest positive solution occurs when k& = 1,
i.e, Asy; = y; — sy;. When considering approximate so-
lutions, natural options include using the floor, closest, or
ceiling operator on the second term. Note that this would al-
low us to choose any integral value of Asy;, but we may
introduce an error when doing so. We use the floor operator,
since we want to minimize the total number of additions,
leading to Theorem 7.1.%

Theorem 7.1. Given a dataset T with sensitive attributes

S, label Y with values y € {y1,...,yr} and index i =

arg max; Sy? A general approximate solution for the sys-
J

new __

s =s+ As

=fy e ey

@

tem given by Equation (2) for every group s and label value
y is as follows

Asy = —sy + ng(syz- + Asyi)J
3

for integral Asy; > 0. Once values are given to Asy; (free
variables of the system, one per group), this solution deter-
mines the number of tuples that need to be added to each
sensitive group to produce a mitigated dataset T),, that is
unbiased. Specifically, T,, will contain Asy new tuples from
group s with label y.

Example 7.1. For COMPAS, one such solution is shown
in Table 9. Using our formulas we can check that this new
version is unbiased for all sensitive groups. Note how in
order to mitigate the gender bias, we needed to add more
men than women (Am 10,592 and Aw = 1,037).

SAll proofs are included in the full version (Scarone et al. 2024).
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However, when disaggregating the groups, we see that the
majority of added men have a low risk score (AmL =
7,935) and all added women have medium or high scores
(AwM = 466 and AwH = 571). When also considering
race, we see that all but 1 added white men have medium
or high risk scores (AmcM = 811 and AmcH = 734)
and that the majority of added non-white males have a low
risk score (AmoL = 7,934). This showcases the impor-
tance of analyzing tuple additions for the different inter-
sectional groups.

Label 0 c Total
L 27422 12202 39624
m M 8254 3672 11926
H 4510 2006 6516
Tot. mo: 40186 | mc: 17880 | m: 58066
L 5637 4159 9796
w M 1696 1251 2947
H 927 683 1610
Tot. wo: 8260 wc: 6093 | w: 14353
L 33059 16361 49420
Total M 9950 4923 14873
H 5437 2689 8126
Tot. 0: 48446 c: 23973 n: 72419

Table 9: Summary statistics (values) for a mitigated version
of the COMPAS dataset without deletions. Note that this ta-
ble is unbiased for all eight groups, i.e., fs 1, = fr = .682,
forr = fu = .205and fs g = fg = .112.

A solution for the equations in Theorem 7.1 determines
a number of tuples of each group to make 7" unbiased. But
what is the minimal solution, i.e., a solution with the least
number of additions? Corollary 7.1.1 gives the answer.

Corollary 7.1.1. In the same setting as Theorem 7.1, the
least number of tuple additions for every group s and label
value y for making T unbiased is given by

Asy + sy = {ysﬂJ N %n+0,0§0< k
Yi

Yi

where s™ is the total number of tuples belonging to group s

in the mitigated dataset and n is the total number of tuples in
the initial version. Note how C'is a small constant bounded
by the number of labels k.

Example 7.2. In fact, Table 9, is a minimal solution. When
mitigating this dataset with our minimal solution, we have
for s = mo, y; = H and for the rest of the groups
(me, wo and we) y; = L. Note how wo™ wTOLn =
| (5637,/41487) - 60798 ] = 8260.

Now we present bounds for the error of the floor approxi-
mate solution given in Theorem 7.1.

Theorem 7.2. The output fg™ of our approximation algo-
rithm satisfies the following bounds
)

(1 s@h)fy fnew<( _n
yy7 Yi

SYi



where k is the number of distinct labels. Note that with the

exact solution we get fi7 = f,.

Since typically in data lakes or enterprise database tables
y and n tend to be large numbers (e.g., at least 1,000 or
10,000) and k is small, both constants are close to 1 and
thus these bounds are tight. In our full version (Scarone et al.
2024), we verify the correctness of our bounds for the COM-
PAS dataset and show that the errors of the floor solution
have at least an order of magnitude of 10~°, which show-
cases the quality of our approximation. Another surprising
feature of our approximate solution is the required number
of tuples, the exact solution uses 182,394 tuple additions,
while the floor approximation only uses 11,621 (6.37%).

7.1 Label Frequency Preservation Property

There are different statistical properties that a data scientist
could want to preserve when altering the data in the mitiga-
tion process. An intuitive property that is easily motivated
by the COMPAS example is the preservation of the label
frequencies, hence this is the one we guarantee with our al-
gorithm and prove in Theorem 7.3. Note that this property
provides a mathematical guarantee for the mitigated data to
be used in the same context as the original data. Most ML al-
gorithms and statistical methods rely on assumptions about
the input distribution, so it is of key importance to preserve
the representativeness of the data as much as possible for
these downstream tasks.

Theorem 7.3. The mitigation algorithm given by Theorem
7.1 preserves the label frequencies among the total popula-
tion ( f values) from the original dataset.

Example 7.3. Recall the values (Table 7) for the COM-
PAS dataset. We have fr, = 41487/60798 .682,,
Iy .205 and fg =~ .112. Note that in the mitigated
version (Table 9) these frequencies are preserved (e.g.,
fr =49420/72419 =~ .682).

~
~

~
~

8 Generalizing the Unbiased Condition

Now we extend our framework to permit the unbiased con-
dition to be non-zero. As mentioned in Section 6, while it is
common to define a zero bias condition, this is not always
the desired unbiased goal in practice. The reason is simple:
a domain expert may consider that a given bias, for example
the difference between women and men in Example 6.3, rep-
resents a social behavior that does not constitute discrimina-
tion. As a consequence, a mitigation algorithm should take
this fact into consideration. We therefore generalize our un-
biased conditions to allow a data scientist to specify a num-
ber K, > 0 for each group s and label value y, which is
the desired ratio of the success rate of the protected group to
the success rate of the population:

fsy
fy
To recover the original setting (where bias of O is the goal),

we can set K, = 1. For the selected values of K ,, the
following identity holds > K, f, = 1.

= Ks,y
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Example 8.1. In Table 10, we show the summary statistics
of a mitigated version of the COMPAS dataset with gender
and race protected attributes with values s = (g, r) and

the following K values: K 4 ,, = fji—y
Y

_gry+Agry
g gr + Agr

chosen such that

- fg,y

meaning that after mitigation is applied the proportion of
any gender group is the same as prior to mitigation. Note
that if g = € (i.e., we only consider race), then K, =

fy/ fy = 1 as before.

Label 0 c Total
L 24714 12202 36916
m M 7802 3852 11654
H 4510 2226 6736
Tot. mo: 37026 | mc: 18280 | m: 55306
6268 4159 10427
w M 1588 1054 2642
H 665 441 1106
Tot. wo: 8521 wce: 5654 | w: 14175
L 30982 16361 47343
Total M 9390 4906 14296
H 5175 2667 7842
Tot. 0: 45547 c: 23934 n: 69481

Table 10: Summary statistics (values) of a mitigated version
of the COMPAS dataset with ternary labels using constants
K, # 1.

In the full version (Scarone et al. 2024), we incorporate
costs (or weights) on tuples of different groups and budgets
into the mitigation algorithm.

9 ML Based Evaluation

In this section, we train six ML models on the mitigated and
biased versions of three datasets to see how our data bias
mitigation strategies affect ML performance.

Methodology In order to simulate the setting in which
we have a biased dataset 7" and we want to collect external
data (e.g., from an open data lake) to mitigate a bias 7" has,
we partition 7" into two sets uniformly at random: an “ini-
tial sample” of size xg and the remaining portion that we
consider to be the external available data. Similarly to Sal-
imi et al. (Salimi, Howe, and Suciu 2020), we then generate
mitigated versions of the data set using different mitigation
strategies if possible. We distinguish between two types of
mitigation strategies: a strategy that preserves the initial la-
bel frequencies of the data and one that does not. Then, for
each mitigated dataset, we generate a uniform sample of the
same initial size. We train a set of ML models on both sam-
ples and evaluate their accuracy, precision and recall. Train-
ing is done using a random 80% portion of the dataset for
training and the remaining 20% for evaluation.

Datasets & Models used We use three widely known
datasets for our experiments: the Adult dataset (Becker and
Kohavi 1996) introduced in Section 1, the Default dataset
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Figure 3: Default dataset - Extra Trees ML model.

(Yeh 2016) containing information about default payments
of credit card clients in Taiwan and the COMPAS dataset
(Angwin et al. 2016) introduced in Section 6. We apply the
standard preprocessing techniques: we normalize numeric
features and use one-hot encoding for categorical features.”
In terms of ML models, we use Random Forest, Gradi-
ent Boost Decision Tress (GBDT), Extra Trees, Ada Boost,
Multilayer Perceptron (MLP) and Logistic Regression. We
use the open source ML library Scikit-learn'® to implement
our learning algorithms.

Experimental results We report results for one (differ-
ent) model for each dataset, as the other experiments exhibit
similar results. We segment the charts into two regions, the
left containing the results for the unbiased versions of the
dataset and the right the biased samples. We use the label
“uX” for uniform samples of the data of size X %, the label
“nX” for a mitigated sample that does not preserve the ini-
tial label frequencies of the data and “pX” for the samples
that do. For the Adult dataset (Fig. 2), the accuracy when
using a mitigated dataset that preserves the label frequen-
cies is significantly higher. Precision increases slightly and
Recall decreases slightly. For the Default dataset (Fig. 3),
similar accuracy is observed for all measures, only the ac-
curacy for the mitigated version that does not preserve label
frequencies is a bit higher. Surprisingly good results are ob-
served for the COMPAS dataset (Fig. 4), where we consider
ternary labels (instead of making them binary as is usually
done in previous work (Hort et al. 2024)), using a mitigation
that preserves the initial label frequencies of the data. In this
case, the performance of the models is always consistently
better than that of a uniform sample for all measures.

For the binary label case, when comparing our results to
those reported by Salimi et al. (Salimi, Howe, and Suciu
2020) we can eliminate all the data bias without significant
performance losses. What is more surprising is that for the
case of ternary labels, we even improve the performance of
all ML models when mitigating the bias. Note that although

9Source code is at https://github.com/bscarone/data-bias-pub.
"https://scikit-learn.org/stable/, accessed: 2024-12-10.
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Figure 4: COMPAS dataset - Ada Boost ML model.

Salimi et al. introduce a bias mitigation technique, they mea-
sure bias using a slightly modified conditional version of the
OR (Odds Ratio), one of the existing measures introduced
in Section 3. Only an intuitive justification for this choice is
given and their repair algorithm does not provide direct con-
trol over bias. We have argued why UB is a better measure
than the OR in the binary setting in Section 5. Importantly,
there is no version of OR for the general setting (multiple
non-binary sensitive attributes and label values), while our
UB directly translates to this setting (Section 6). We note
that we can completely eliminate the bias in our dataset, i.e.,
we reach UB(T,s, y) = 0 for every group s and label value
y, which in the binary case corresponds to OR = 1.

10 Conclusions and Future Work

We present Uniform Bias, the first interpretable and inter-
sectional multi-label bias measure that can be computed di-
rectly and efficiently from a given dataset. To exemplify this
we show how Uniform Bias solves issues in the anti em-
ployment discrimination rules currently being used by the
US Department of Labor. The same ideas used to derive UB
can serve as the basis for an explainable and mathematically
guaranteed bias mitigation algorithm that can be computed
for any dataset. Our algorithm preserves the label frequen-
cies, a mathematical guarantee for the mitigated data to be
used in the same context as the original data. We evaluate
our techniques on widely used real datasets and show that
our mitigation strategies can be used in practice to produce
training data that yield better performing ML models.

In the future, we want to explore the relation between the
bias of each group and the ML performance for the group.
We plan to explore extensions of table union search (Fan
et al. 2023) that incorporate the number of tuples from a
group or with a particular label in the retrieved tables as part
of the ranking criteria. This will allow us to implement scal-
able versions of our mitigation strategy over real data lakes.
With our techniques, one can also obtain mitigated datasets
that do not preserve the label frequencies. We would like
to explore contexts where a solution without this property
would be better than not mitigating the bias at all. Chang-
ing the free variables in our mitigation algorithm gives rise
to different strategies. We are working to understand how
this choice affects mitigation. We also want to consider the
context in which we have missing values in our data, where
imputation techniques may be useful.
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