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Abstract—Ranking functions that are used in decision systems

often produce disparate results for different populations because

of bias in the underlying data. Addressing, and compensating

for, these disparate outcomes is a critical problem for fair

decision-making. Recent compensatory measures have mostly

focused on opaque transformations of the ranking functions

to satisfy fairness guarantees or on the use of quotas or set-

asides to guarantee a minimum number of positive outcomes to

members of underrepresented groups. In this paper we propose

easily explainable data-driven compensatory measures for rank-

ing functions. Our measures rely on the generation of bonus

points given to members of underrepresented groups to address

disparity in the ranking function. The bonus points can be set

in advance, and can be combined, allowing for considering the

intersections of representations and giving better transparency

to stakeholders. We propose efficient sampling-based algorithms

to calculate the number of bonus points to minimize disparity.

We validate our algorithms using real-world school admissions

and recidivism datasets, and compare our results with that of

existing fair ranking algorithms.

Index Terms—Fair rankings, disparity compensation, explain-

ability

I. INTRODUCTION

Ranking functions are used in a wide range of decision-
making systems, such as resource allocation, candidate se-
lection, or risk assessment. These ranking mechanisms often
produce disparate outcomes because of bias in the underlying
data. Compensating for disparities is therefore a key task
for modern decision-making systems to ensure fairer, more
equitable outcomes. Understanding the source of bias, which
is sometimes not obvious but hidden in correlations, is critical
to address the disparity in the results. In this paper, we propose
data-driven disparity compensation measures to transparently
adjust ranking mechanisms based on the underlying data. Our
measures are designed to be easily explainable to stakeholders
in order to ensure accountable and trustworthy decision-
making systems.

Disparity compensation mechanisms for ranking functions
used in real-world systems have mostly relied on the use of
quotas, soft or hard, to ensure a minimum representation of
members of protected groups. Quotas (or set-asides) have the
advantage of being simple to implement and explain when
only one dimension of inequity is present (e.g., set-asides
for low-income students for school admissions). However,

once several dimensions of disparity need to be accounted for
(e.g, English language learners, low-income students, students
with disabilities), the use of quotas becomes cumbersome and
difficult to implement: Do members of two or more protected
classes count towards one or more quotas? Does every combi-
nation of protected classes get a separate quota? [1] As more
dimensions are added, setting accurate set-aside thresholds can
seem arbitrary and capricious to stakeholders.

We propose a mechanism based on the use of compensatory
bonus points to address disparity, as defined [2] (see Sec-
tion III-D), in ranking applications. Disparity represents the
lack of statistical parity and is computed by measuring the
distance between the selected (high-rank) and unselected (low-
rank) objects in the fairness attribute space. Our bonus points
approach is simple and easily understandable, as it links bonus
points directly to sources of bias in the data. It allows for
composing bonus points to model the intersectionality of bias
and the compounding effect of different sources of disparity
on ranking decision outcomes. It can be quickly and easily
adjusted to new data and scenarios.

We present algorithms for identifying the bonus points
values that will minimize disparate outcomes on a given data
distribution. Our work is based on a sample-based approach,
which considers the underlying data distribution and draws
samples to calculate the optimal number of bonus points to
allocate to each disparity factor. This sample-based approach
has three main benefits over the state of the art. First, it
can be used to identify a set of compensatory bonus points
before all the data is gathered, as long as the underlying
distribution is known, by generating samples over the expected
distribution. This can be beneficial in applications where
providing transparent information to stakeholders is critical
(e.g., letting students know in advance on which criteria they
will be ranked, which equity-focused adjustments are in place,
and how that would affect them). Second, by processing small
samples of the data rather than the whole data set, we are
able to identify high-quality compensatory bonus points in
sub-linear time, compared to existing techniques which run
in as high as exponential runtimes and are unpractical for
large datasets. This makes our approach usable in many real-
world use cases. Third, using bonus points is flexible enough to
account for multiple sources of bias and disparity by allowing



for the compounding effects of points to compensate for
multiple disparate impacts.

We make the following contributions:
• A model of disparity compensation for ranking functions

based on the attribution of bonus points to members of
protected classes. (Section III)

• A disparity compensation algorithm (DCA) to identify the
optimal value of compensatory bonus points to minimize
disparity for a top-k selection set. DCA runs in sub-linear
time (Section IV). We propose a modification of DCA
that takes into account the whole ranking, using loga-
rithmic discounting techniques [3], to adapt to different
selection sizes (Section IV-E).

• An extensive evaluation of the impact of our com-
pensatory mechanism over two real-world data sources:
NYC public school student records used for high school
admissions, and a dataset used to estimate recidivism risk
in bail and sentencing decisions. (Sections V and VI)

• A comparison with state-of-the-art fair-ranking tech-
niques that show that our proposed DCA algorithm results
in comparable or better disparity reduction outcomes
while being significantly more efficient. (Section VI-C)

We present related work in Section II, present motivating
examples in Section III, and conclude in Section VII.

II. RELATED WORK

The problem of providing ranking functions and systems
with fair outcomes has recently received considerable scrutiny.
Several surveys provide a good overview of the literature
both in the Data Management community [4], [5], and in
the Recommender Systems community [6]. These surveys
classify fairness ranking approaches into pre-processing, in-
processing and post-processing techniques depending on when
the fairness metrics are applied. Pre-processing techniques
transform data before applying the ranking function [7]. Our
approach could be classified as pre-processing as the bonus
points are applied to the data before ranking.

Several types of pre-processing techniques have been dis-
cussed for use by classifiers. Their goal is to pre-process data
so that an arbitrary classifier will be less likely to result in
an unfair outcome. These transformations are usually done
without prior knowledge of the classifier mechanics which
can limit this approach’s effectiveness. A seminal paper [8]
discusses several basic techniques for pre-processing data
for classifiers, such as suppression, where some attributes
of the objects are removed entirely, and sampling, where
some objects are duplicated and others are removed. They
also discuss a fairness-accuracy trade-off: as the fairness of
the data increases the classifiers become less accurate; this
tradeoff is further explored in [9], which provides provably
fair solutions, and [10], which gives a solution based on
convex optimization. Similarly, [11] and [7] address a similar
problem using different notions of fairness: causal fairness,
where the user can specify which attributes are allowed to
influence the result [11], and individual fairness where the

goal is to make sure that objects are treated similarly to their
nearest neighbors [7].

For ranking applications, in-processing approaches are more
commonly used. These approaches adjust the ranking function
to optimize a given fairness goal, either through learning
techniques [12] or manipulation of weighted functions [13].
Celis et al. [14] propose approximation algorithms to provide
rankings as close to the original rank quality metric while
satisfying fairness constraints. Yang and Stoyanovich [3] con-
sider a model of probability-based fairness where each class of
objects should be treated equally. This probabilistic interpre-
tation is also considered in [15], which provides probabilistic
fairness guarantees in settings with only one protected class;
this setting is relaxed in [16], but the approach relies on a
Cartesian product of all protected classes and is prohibitively
expensive. A drawback of these approaches is that they result
in ranking functions that are often opaque and hard to explain
to stakeholders; in contrast, we aim to make the disparity
compensation process transparent and easily explainable.

Several notions of fairness, as it relates to rankings, have
been proposed; [17] discusses the notion of group fairness
vs. individual fairness in the context of fair classification and
argues that statistical parity is a desirable measure of fairness.
The Disparity metric that we use (Section III-B) can be
interpreted as a measure of statistical parity [2]. Exposure [18]
is often used as a measure of fairness, although the definition
of exposure varies in the literature; we use the same definition
as [19] in our experimental evaluation (Section VI-C4). Fair
ranking inherently involves choices. In [20] the authors prove
that different fairness metrics are incompatible, even in the
approximate case. Before any dataset-specific choices are
made, a choice of how to define fairness for the given problem
is required. As mentioned above, we focus on a statistical
parity interpretation of fairness, as it is easily explainable and
does not require making assumptions about underlying sources
of bias.

A common real-world application of fair rankings is school
admissions. School districts have used lotteries to select stu-
dents as a way to integrate schools and reduce bias in selection
outcomes. However, lotteries are not a simple answer to solve
for disparities and can in fact exacerbate selection bias [21] or
achievement bias [22]. To ensure diversity, many school dis-
tricts such as NYC and Chicago [23] have successfully opted
for set-aside quotas for low-income students. However, these
affirmative action-based approaches have been shown to be
potentially detrimental to minorities [24]–[26] depending on
the underlying school choice patterns. In addition, quota-based
approaches are difficult to implement when multiple groups
should be given protected treatment. Works have considered
overlapping quotas [1] to account for a candidate exhibiting
multiple protected characteristics, minimum and maximum
bounds for quotas [27], or priority assignments rules for quo-
tas [28]. These approaches are all computationally expensive.
In contrast, our disparity compensation bonus points allow for
(1) targeted intervention for each dimension of disparity, even
overlapping ones, and (2) a computationally efficient approach.



III. BACKGROUND

Ranking functions are used in a wide variety of decision
systems with high societal impacts: job recruiting tools, school
admissions, allocation of resources (e.g., vaccines, treatments,
public housing), or risk assessment (e.g., fraud, recidivism).
Ensuring that these mechanisms are fair is critical. To this
end, we propose a model of disparity compensation measures
based on the allocation of targeted bonus points.

We introduce two motivating examples for our work in
Section III-A, and set the definitions and parameters of our
problem in Section III-B.

A. Motivating Examples
a) NYC High School Admissions: NYC high school

admissions use a deferred acceptance (DA) matching algo-
rithm [29] similar to the stable marriage algorithm designed by
Gale-Shapley [30]. The algorithm matches students to schools
based on students’ preferences and the schools’ admission-
ranked lists (rubrics). Schools set their own ranking rubrics
using metrics such as grades, test scores, absences, auditions,
or interviews. Such screens have become a topic of contro-
versy, being targeted as discriminatory because the underlying
metrics often exhibit a high level of disproportionality in the
ranked lists they produce, as students from disadvantaged
groups often score lower in some of the metrics used in the
rubrics.

Currently, the NYC Department of Education mostly relies
on set-asides (soft quotas) for low-income students to address
disparity and produce a diverse group of students at each
school. These measures have had mixed results depending on
the demographics of the geographical area of the school and
on the patterns of student choices. These set-asides are mostly
limited to low-income students, although other dimensions of
disadvantage have been considered (current school, English
language learner, student in temporary housing). However, as
mentioned in Section II, combining several quotas can be
cumbersome and computationally expensive.

In this paper, we explore the use of compensatory “bonus
points” assigned to students who exhibit one or more di-
mensions of disadvantage. Our goal is to ensure adequate
representation of the underlying population in the students
selected by the school admission rubrics. Because NYC uses a
matching algorithm, it is not known in advance how far down
its list a school will accept students; our techniques can adjust
to unknown values of the number of selected objects k by
minimizing the disparity over all values of k, logarithmically
discounted to favor smaller k values (Section IV-E). Our
experimental evaluation, using NYC high school admission
data, shows that our compensatory metrics adapt well to
multiple selection percentages (Section VI-A).

Some school systems have considered the use of a point-
based scheme to diversify schools. In particular, Paris, France
has shown good results in improving socioeconomic diver-
sity [31] through the use of “bonus” points for disadvantaged
students. However, the system was based on ad hoc bonus
points decided somewhat arbitrarily by policymakers, which

created some undesirable outcomes in some schools when the
points were not calibrated correctly: in one case a high school
was assigned a large majority (83%) of low-income students
(instead of the statistical parity goal of 40%), defeating the
diversity purpose. In contrast, we propose a data-driven as-
signment of bonus points that best reflects the data distribution
and its impact on the rankings.

b) COMPAS Recidivism Data: Recidivism algorithms,
such as COMPAS, are used to predict the likelihood that a
person interacting with the criminal justice system will re-
offend, and are used by U.S. Courts to assist in bail and
sentencing decisions. The impact of these decision algorithms
is unquestionable, yet the opacity of the decisions makes it
hard to verify that the process is fair.

In 2016 a ProPublica investigation [32] argued that the
COMPAS algorithm was unfair to a number of disadvantaged
groups, particularly Black Americans. The internal COMPAS
ranking algorithm has not been made public; ProPublica based
its investigation on Broward County, Florida data acquired
through a public records request, which they made public. Sub-
sequently, this COMPAS data has become a popular dataset
for evaluating fairness mechanisms; according to the fairness
survey in [4], it is the most popular large dataset for fairness
analysis.

While COMPAS is used for classifying subjects into cat-
egories, the categories (deciles) are based on an underly-
ing ranking of subjects. The deciles scores are then often
(mistakenly) used as absolute, and not relative, scores of
recidivism. Because the scores are based on comparative
data, they exacerbate underlying discriminatory practices. The
internal COMPAS algorithm is proprietary, its inner workings,
and potential disparate treatments, have been the subject of
dispute and speculation [33], [34]. Yet the disparate impact of
the COMPAS decile scores , as they are used in practice, is
undeniable. In addition, the process is opaque and not easily
understandable. We explore using our disparity compensation
techniques in conjunction with the COMPAS scores to address
the disparate impacts of the COMPAS tool and report on our
results in Section VI-B.

The use of the COMPAS dataset has been the subject of
multiple criticisms regarding the ethical use of such data [35].
Our inclusion of COMPAS as a case study is by no means
an endorsement of its use for real-life decisions, but rather
an illustration of how our compensatory-based approach can
help significantly reduce disproportionality on various types
of ranking –and classification– functions, even when those are
hidden behind black-box proprietary systems.

B. Definitions

We focus on explainability so that the fairness compensation
choices are simple, transparent, and clearly understandable
for stakeholders. This notion of explainability is especially
important to gain support from stakeholders [36]. We now
define the format of our ranking functions (Section III-B1) and
compensatory bonus points (Section III-C) and our choice of
fairness metric (Section III-D).



1) Ranking Functions: We focus our explanation on score-
based ranking functions. Our bonus points can also be adapted
to other ranking functions by simulating an underlying score
based on rank (see Section VI-B).

Definition 1: Score-Based ranking function We define a
score-based ranking function f over a set of A attributes
a1, ...., aA, over an object o as f(o) = f(a1, ...., aA). A
ranking process R selects the k% best objects with the highest
f(o) values as its answer Rk.

Each object has a set of attributes A that defines its
properties and assigns values to them. For the purpose of
this work, we recognize a special subset of attributes fairness
attributes (also called protected attributes in the literature),
which represent the dimensions on which we want to control
for bias and disparate impact. Fairness attributes may be used
by the ranking function f to score the objects, or may not be
involved in the ranking but still of interest for assessing the
fairness of the outcome.

For example, a school may rank applicants using a 100-point
scoring function based on a weighted sum of students’ GPA
and test scores (attributes). Fairness attributes may include
low-income or disability status of the student.

C. Bonus Points

Our approach centers around bonus points to compensate for
various dimensions of disparity. Bonus points are multiplied
with the corresponding fairness attribute value and added to the
final ranking function score f(o). When the fairness attribute
value is binary, this is equivalent to adding the bonus to the
final score when that value is equal to 1. For instance, if the
low-income status of a school applicant is encoded as a {0,1}
binary, a bonus of 2 points would add 2 to each low-income
applicant’s final score; if the low-income status is encoded
as a continuous value in [0,1], then the bonus of 2 will be
multiplied by the value of the attribute to give a more precise
disparity compensation tool.

We define bonus points as:
Definition 2: Bonus Points Given a vector of fairness at-

tributes ~Af and a identically shaped vector of bonus points ~B

let the score of an object o be defined as fb(o) = f(o)+ ~Af · ~B
We require bonus points to be positive (negative for sce-

narios where a lower score is desirable). Negative bonus
points would be perceived as a penalty and may not be easily
accepted by stakeholders.

In addition to the flexibility of the mechanism, the ad-
vantages of using bonus points include: intersectionality,
bonus points can be combined and compounded to account
for multiple dimensions of bias; transparency, the extent and
impact of the fairness intervention are clear to stakeholders;
comparability, the score of objects can be easily adjusted
and objects compared, increasing transparency and trust; pre-

dictability, combined with information on how the selection
is done (e.g., historical threshold values), applicants can easily
assess their chances and be provided with clarity as to which
actions or interventions are required for selection.

For instance, in our school admission scenario, bonus points
could be used to capture the intersectionality of students with
disability and low-income students: students with both charac-
teristics would receive more bonus points than students with
one, or none. This information can transparently be published
before applications are due, giving clear and predictable, and
comparable, information to families. Admission decisions are
clarified, with clear thresholds published and the participation
of each ranking attribute and fairness compensatory bonus
points identified for each applicant. This leads to a more
transparent and explainable experience for the students, who
know their score and fairness adjustments, if any, at the time
of application.

D. Disparity
We focus on the explainable disparity from [2] as our target

fairness metric as it aims at satisfying statistical parity [7].
Furthermore, it is easily interpretable by humans, behaves well
even when the number of dimensions increases and can deal
with dimensions with either continuous or discrete data.

Disparity is defined as the vector difference between the
average selected object and the average unselected object.
Formally it is defined as follows:

Definition 3: Disparity Given a set of O objects and a
selection K of k percent of objects in O, Let ~D

F

O
be the

centroid of O over a set of fairness attributes F , and let ~D
F

k

be the centroid of the K selected objects over the same set of
attributes. We define the disparity ~D

F as the |F | dimensional
disparity vector where ~D

F ⌘ ~D
F

k
� ~D

F

O
.

When the set of fairness attributes is understood, we omit F

for simplicity of notation: ~D ⌘ ~Dk � ~DO

Intuitively, disparity measures the difference between the
average selected object and the average object overall. The
value of disparity for discrete dimensions represents the per-
centage of the selected set which would need to change to
achieve statistical parity. For example, if the population is
30% low income and the selected set is 20% low income that
would lead to a disparity of 30 - 20 = 10% disparity or
0.1. This means that if 10% of the selected set is changed
from non-low-income to low-income then there would be
statistical parity. For continuous fairness attributes, disparity
is normalized based on the range of values. For instance, in
a population with income in [$0;$200,000], if the average
income of the population is $40,000 (normalized to 0.2) and
the average income of the selected set is $100,000 (normalized
to 0.5) that would lead to a disparity of $60,000 (normalized to
0.3). Each fairness attribute is one dimension of the disparity
vector. Assuming all values are normalized between 0 and
1, a disparity magnitude of -1 or 1 means that the protected
attribute is either present only in the population, or only in
the protected set respectively. A disparity of zero indicates
statistical parity.

IV. DISPARITY COMPENSATION METHODS

We now present our disparity compensation approach.
We first highlight several challenges we aim to address in



Section IV-A. In Section IV-B we describe the Disparity
Compensation Algorithm (DCA), our primary contribution; we
discuss the accuracy of DCA in Section IV-C, and provide its
time complexity in Section IV-D.

A. Challenges
Our goal is to find the optimum number of points to allocate

to protected groups in order to minimize disparity. This task
can be thought of as an optimization task, in which the goal is
to pick a bonus vector ~B such that the L

2 norm of the disparity
vector ~D is minimized. Formally, we want to minimize the
disparity:

minimize
B

|| ~D( ~B)||2 subject to bi � 0

Where ~D( ~B) is the disparity on a given population as a
function of the bonus vector as defined above, containing the
number of bonus points given to each fairness attribute. This
minimization is complicated by the following challenges.

1) There are a large number of possible solutions. This
means that most traditional algorithmic solutions are
very slow. For instance, recent fairness algorithms are
super-polynomial [16], and not easily scalable.

2) In a set selection task, such as identifying the k-objects,
measures to assess the fairness of the rankings are
step functions, as their value change with every new
candidate selected, or each change in the ranking order.
A small change in the bonus point vector can therefore
lead to an arbitrarily large change in the disparity,
which means the optimization functions are not smooth
or continuous. As such, they are non-differentiable,
and standard derivative-based optimization methods are
inapplicable.

3) Our minimization function does not exhibit convexity,
or even quasi-convexity, which precludes us from using
convex optimization techniques.

4) Evaluating each possible solution is expensive as it
requires a re-ranking of the dataset. Non-differential
(derivative-free) optimization solutions are therefore in-
efficient because they typically re-rank the data hundreds
of times [37].

5) For practical purposes, it is desirable for our methods
to be fast enough so that function designers (e.g. school
administrators) can iterate over several options to assess
the impacts of fairness adjustments. .

To address these challenges, we propose using a novel
descent-based method to compute the correct number of bonus
points to eliminate disparity

B. Disparity Compensation Algorithm
Traditional descent-based methods cannot be applied to our

setting as the presence of large plateaus and steps renders the
function non-differentiable; standard gradient descent methods
are derivative-based and cannot be used on non-differentiable
optimization functions. We circumvent this issue by using the
disparity vector directly, instead of its gradient.

Algorithm 1: Core DCA

Result: ~B

O  the entire set of available objects;
k  size of the selection;
lr  list of learning rates sorted in decreasing order;
t  number of iterations;
~B  weight vector of dimensionality equal to number
of fairness attributes initialized randomly;

for L in lr do

for x in t do

S  A random sample of sample size from
O;
~Dk  Disparity of the k selection over S after
applying ~B bonus points;
~B  ~B � L⇥ ~Dk;
for D in ~B do

D  max(D, 0)
end

end

end

Algorithm 2: DCA Refinement

Result: ~B

A  An array for computing the average;
O  the entire set of available objects;
~B  The output vector of DCA;
k  size of the selection;
t  number of iterations for refinement;
for x in t do

S  The next sample in O;
~Dk  Disparity with ~B bonus points over S;
~B  Adam.step( ~B, ~Dk);
A  A+ ~B;

end

return ROUND(AVERAGE(A));

Our Disparity Compensation Algorithm (DCA) (Algo-
rithm 1) is based on the observation that any descent move-
ment in a dimension that aims at compensating the disparity
in that dimension will results in a better outcome as long as it
does not flip the sign of the Disparity ~D (i.e., create a reverse
disparate impact).

We consider cases where we want to prevent disparate
outcomes in future decisions, not only on a known dataset.
Therefore, it is not enough to perfectly address the disparity
of the training data, our solution has to be applicable to
any similar dataset. The training data can then be seen as a
sample drawn from an underlying distribution, and our goal
is to minimize disparity for that distribution. Therefore we
can use the Central Limit Theorem and the Quantile Central
Limit Theorem [38] to estimate the selectivity of the ranking
function on the underlying distributions (Section IV-C). Our



methods can be applied similarly in the absence of training
data if the expected distribution of the dataset is known.

The algorithm is shown in Algorithm 1. DCA works by
keeping a bonus vector, which is incrementally adjusted in the
opposite direction of disparity. DCA loops though decreasing
learning rates (step sizes) to reduce the disparity vector (noted
~D) as close as possible to zero. For each learning rate, the
algorithm adjusts the bonus vector over a fixed number of steps
t to get as close to zero as possible using that learning rate;
it then goes down to the next learning rate. At each step the
Disparity is only computed on a small sample drawn uniformly
at random from the overall distribution (or a representative
training set). The entire set of objects O is never looked at
directly. For each learning rate, we take a fixed number of
samples. In each step, DCA uses the Disparity on the sample
to predict the Disparity on the distribution as a whole, using
the current best guess for bonus points ~B. DCA then adjusts
the current best guess in the opposite direction of the disparity.
For example, in the case above, if the population is 30% low
income and the selected set is 20% low income that would
lead to a 10% disparity or 0.1. With a learning rate of 0.2,
each Low-Income member of the population would receive
0.1⇥ 0.2 = 0.02 extra points in their scoring function for the
next iteration. Then, a new sample would be taken and ranked
and the disparity would be calculated again.

We propose a refinement step in Algorithm 2. The refine-
ment consists of a for loop that uses an adaptive learning rate
(using the Adam method [39]) to find the best estimate. Instead
of using a fixed learning rate for all the parameters, the Adam
method uses an individual learning rate for each parameter
which is individually optimized based on the change in the
gradient, or in our case the disparity. The Adam method is
especially useful and popular to deal with the noise created
by samples. Next, the average of the guesses is taken to
further reduce the noise created by the random samples and
get a more consistent result. As we will see experimentally
in Section VI-A5, this refinement step results in smoother
Disparity compensation results.

The values for lr and t provide a tradeoff between time
and accuracy. We set them empirically for our experiments
(Section V).

C. Accuracy of DCA

To show the accuracy of DCA, we first consider a variation
of the DCA, called Full DCA that considers the entire dataset,
not a sample. Consider two objects p and q, q in the top-k and
p outside the top-k. If switching their positions will reduce the
disparity, Full DCA will always reduce the difference in score
between them. Formally:

Theorem 4.1: At every step of Full DCA, if removing object
q from the top-k and replacing it with object p would reduce
the overall disparity, Full DCA will allocate more bonus points
at that step to p than to q.
Mathematically this means that:

( ~B � L⇥ ~D) · ~Fq � ~B · ~Fq < ( ~B � L⇥ ~D) · ~Fp � ~B · ~Fp)

Or
0 > ~D · ( ~Fp � ~Fq)

Where ~Fp and ~Fq are the fairness attribute vectors, ~D is
the disparity, L is the step size, and ~B is the bonus vector.
When using DCA without sampling this will always be true.
This can be shown from the definition of disparity and the
given assumption that switching these two objects will reduce
disparity:

| ~D|2 > |1
s

X

i2S

Fi +
1

s
⇥ ~Fp �

1

s
⇥ ~Fq � ~Q|2

Where Q is the centroid of the entire distribution (which is
constant during the running of DCA) and s is the number of
selected objects. Using the definition of the L2 norm we see
that the above inequality only holds if:

~D · ~D > ~D · ~D+
2

s
⇥( ~Fp� ~Fq) · ~D+

1

s2
⇥( ~Fp� ~Fq) ·( ~Fp� ~Fq))

Which simplifies to:

� 1

2s
⇥ ( ~Fp � ~Fq) · ( ~Fp � ~Fq) > ~D · ( ~Fp � ~Fq)

Since the left side is always negative, we have shown

0 > ~D · ( ~Fp � ~Fq)

and that p will always receive more additional bonus points
than q.

Unlike Full DCA, DCA relies on samples of the distribution
to efficiently identify the best bonus point vector ~B to apply
on the set of fairness attributes F to minimize disparity.
The accuracy of DCA then depends on the accuracy of the
computation of the Disparity metric ~D over the samples as
estimators of the Disparity over the whole dataset.

The Disparity ~D is computed as the distance between the
centroid over the set of all objects O, ~DO, and the centroid of
the K selected objects, ~Dk (Section III-B). In this section, we
will show that computing ~DO and ~Dk over a sample of the
dataset gives a good estimation of their value over the whole
dataset.

Lemma 4.2: The centroid ~Ds of a sample s over a set of
objects O is an unbiased, low-error, estimate of the centroid
~DO over the entire set of objects O.

This result directly follows from the Central Limit Theorem
which states that the mean of a sample will approximate
that of the original distribution as long as the sample size
is sufficiently large (at least 30).

Next, we show that the score of the object at the k
th

percentile in the sample s is a good estimator of the score
of the object at the k

th percentile over the whole distribution.
Lemma 4.3: The score at quantile value k of a sample s

over a set of objects O is an unbiased, low-error, estimate of
the score at quantile value k over the entire set of objects O.

This lemma is a direct result of the Quantile Central
Limit Theorem. [38], which says that the quantile k of a
sample approximates the corresponding quantile of the original
distribution, as long as the density function of the sample at



1�k is positive. This qualification is met as long as the sample
size is at least 1

k
, which gives us a lower bound on the sample

size used in DCA.
The variance of the sample quantile as an estimator can be

large for values of k close to 0 or 1, and may lead to low-
quality estimations in those cases. This is reflected in real-
world experiments, as shown in section VI-A3; however for
reasonable values of k, the k

th percentile of the sample is an
accurate estimator of the k

th percentile of the distribution.
Lemma 4.4: The centroid ~Dsk of the k percent selected

objects over a sample s over a set of objects O is an unbiased,
low-error, estimate of the centroid ~Dk of the k percent of
selected objects over the entire set of objects O.

From Lemma 4.3 we know that the k
th percentile value of

the sample s is an estimator of the k
th percentile value of the

distribution of all objects O. The top k percent objects from
s are therefore taken from the same distribution as the top k

percent objects from O: the distribution of O truncated at the
k
th percentile value.
From the Central Limit Theorem, we know that the mean of

a sample will approximate that of the original distribution as
long as the sample size is sufficiently large (at least 30). Since
both top k percent selections over the sample s and O are
taken from the same distribution, the Central Limit Theorem
applies, and ~Dsk is an unbiased, low-error, estimate of ~Dk.

From the above results, it follows that:
Theorem 4.5: The sample Disparity ~Ds ⌘ ~Dsk � ~DsO is

an unbiased, low-error, estimate of ~D ⌘ ~Dk � ~DO of the
Disparity over the whole dataset.

D. Time Complexity of DCA

The time complexity of DCA does not depend on the size
of the dataset but on the sample size and characteristics of the
distribution, which allows for fast performance in practice.
This is because DCA focuses on correcting the disparity in
the underlying distribution rather than on a specific dataset.
A training dataset represents a larger sample over the hidden
distribution. This allows DCA’s execution time to depend
on the (smaller) samples’ size but not on the dataset size.
The algorithm takes a constant multiple of the time taken to
compute the disparity on one sample. This time is

O(sample size⇥ log(sample size))

if the sample is fully sorted. The size of the sample needs
to be large enough so that the Central Limit Theorem can
be applied, this is generally recognized to be around 30. This
means that 30 = sample size⇤k and the sample size is O( 1

k
).

In addition, each subgroup of interest needs to appear in the
sample in a reasonable number, for the same reason, so the
Central limit theorem can apply. This leads to a final sample
size of O(max( 1

k
,
1
r
)) where k is the proportion of elements

selected by the ranking process and r is the frequency of the
least common group in the dataset. Given this, assuming that
k is large enough that the entire sample must be sorted, the

time complexity of DCA does not depend on the size of the
dataset and is:

O(max(
1

k
,
1

r
)⇥ log(max(

1

k
,
1

r
))

E. Adjusting the Optimization Goal of DCA for multiple
values of k

We have presented DCA for the case where the size of the
selection k is known in advance. However, it is often useful to
optimize an entire ranking, either when the k is unknown in
advance (such as ranked lists in school matching applications),
or when the ranking over the entire population is used.

We propose a modification of DCA that updates the def-
inition of disparity to use the whole ranking along with the
logarithmic discounting techniques described in [3], to assign
more importance to objects selected first than to those selected
last. Logarithmic discounting replaces the disparity at k with
in our minimization goal of Section III-D with:

1

Z

i=kX

i210,20,30..

~Di

log2(i+ 1)

Where Z is a normalization factor defined as the maximum
possible value.

The computation of ~Dk in Algorithms 1 and 2 is replaced
with this new logarithmically discounted disparity. This new
metric retains the useful characteristics of the previous one:
it is a vector with each dimension representing an individ-
ual fairness attribute and calculated independently, it ranges
between -1 for completely unfair in one direction to 1 for
completely unfair in the other direction, is equal to 0 for fair
representation, and it can be summarized by its norm.

When using logarithmically-discounted disparity, the mini-
mization problem of Section IV-A is then changed to:

minimize
B

j=kX

j210,20,30..

|| ~Dj( ~B)||2
log2(j + 1)

subject to bi � 0

Where ~Dj is the disparity with k = j.
In terms of time complexity, using the logarithmically-

discounted disparity version of DCA takes longer by an
additional factor of the size of the sample, as we need to
evaluate disparity at every point in the sample, leading to an
overall time of:

O((max(
1

k
,
1

r
)⇥ log(max(

1

k
,
1

r
))⇥max(

1

k
,
1

r
))

Often, only part of the ranking is interesting to the user.
Logarithmic-discounted disparity can be adjusted to various
ranking needs. For example, users might only be interested
in the top half of the ranking. In this case, the disparity
outside that section of the ranking can be ignored, and the
discounted disparity can still be computed straightforwardly
only for values of k <

N

2 .

V. EXPERIMENTAL SETTING

We now describe the datasets used in our evaluation, the pa-
rameters we set for the implementation of our DCA algorithm,
and our experimental environment.



A. Datasets

a) NYC school dataset: We evaluate our algorithms using
real student data from NYC, which we received through a
NYC Data Request [40], and for which we have secured IRB
approval.

The data used in this paper consists of the grades, test
scores, absences, and demographics of around 80,000 7th

graders each for both the 2016-2017 and 2017-2018 academic
years. NYC high schools use the admission matching system
described in Section III-A when students are in the 8th grade;
the various attributes used for ranking students therefore are
from their 7th grade report cards. We used data from the 2016-
2017 academic year as our training data, and data from the
2017-2018 academic year as our test data.

We selected our ranking function to model the admission
function that several real NYC high schools used for admis-
sion in the years 2017 and 2018: a weighted-sum function
f = 0.55 ⇤ GPA + 0.45 ⇤ TestScores, where GPA is
the normalized average of the students’ math, ELA, science,
and social studies grades, and TestScores is the normalized
average of the math and ELA state test scores. When not
otherwise stated, we consider that 5% of students are selected.

The dataset includes demographics, as well as information
about the student’s current school. We consider the following
dimensions of fairness:

• Low-income: in the NYC public school system, 70% of
students qualify as low income.

• ELL: students who are English Learners. These students
are obviously disadvantaged by an admission method that
takes into account ELA (English Language Arts) grades
and test scores.

• ENI: the Economic Need Index, a measure of the overall
economic need of students attending the same school
as the student. ENI is calculated as the percentage of
students in the school who have an economic need. A
school is defined as high-poverty if it has an Economic
Need Index (ENI) of at least 60%.

• Special Ed: students who are receiving special education
services.
b) COMPAS: The COMPAS dataset consists of recidi-

vism data from Broward County Florida as a result of the
2016 ProPublica investigation. The dataset contains individual
demographic information, criminal history, the COMPAS re-
cidivism risk score, arrest records within a 2-year period, for
7214 defendants. COMPAS decile scores, which represent the
decile rank of the defendant compared to a target comparison
population of defendants, range from 1 to 10.

We consider the decile score as the ranking function (the
lower the better, see discussion in Section VI-B), and compute
compensatory bonus points using race as the fairness attribute.

B. Evaluation Parameters

a) Bonus Points.: The bonus points can be understood
as a multiplier over the attribute value. When the attribute is
binary, the bonus point value is added to the score of objects

with that attribute (e.g., the bonus points for ELL are added
to the score of students who are marked as English Learners).
For continuous attributes, the value of the bonus points is
multiplied by the value of the attribute (e.g., the ENI value
of the school a student is attending will be multiplied by the
ENI bonus points, the resulting product will be added to the
score of the student).

In the final step of the algorithm, we round to the desired
bonus point granularity, as decided by stakeholders. For sim-
plicity and efficiency, we restricted bonus points to values with
a granularity of 0.5 points in both evaluation scenarios.

b) DCA vs. Core DCA: In Section VI-A5 we evaluate the
impact of the refinement step of Algorithm 2 over the Core
DCA algorithm of Algorithm 1. In the rest of the paper, we use
the name DCA to refer to the algorithm with the refinement
steps applied.

c) Algorithm DCA - Sample Size.: Our rarest fairness
category has a frequency of 10%, so we picked a sample size
of 500 elements to ensure a representation of 50 elements (for
our defaults selection percentage of 5%), enough to show most
of the correlation between attributes.

d) Algorithm DCA - Learning Rate.: We experimented
with different learning rates and settled on 3 sets of DCA
with 100 rounds for each learning rate. In the first pass we
use a learning rate of 1. This gives us the right general area
to search. We use a learning rate of 0.1 to further hone in on
the correct location. Then, we take a second pass through the
data using a modern weight updating algorithm, Adam, to find
the best bonus point values [39]. Finally, we take the rolling
average of the last 100 points to increase stability and avoid
too many random effects of unusual samples near the end.

C. Experimental Environment
The experiments were all preformed on an Optiplex7060

with 30GB of RAM. The machine has a Intel(R) Core(TM)
i7-8700 CPU @ 3.20GHz. Our proposed algorithms were
implemented using Python 3.8 and Pandas. The comparison
algorithm (Multinomial FA**IR) was implemented in Java
using the implementation by the authors of [16].

VI. EVALUATION RESULTS

We now discuss detailed evaluation results of DCA using
our data sets and over a variety of settings.

A. Results on the School Dataset
1) Disparity Reduction: Table I shows the disparity values

for each target fairness dimension and overall (Norm). The top
part of the table shows the Baseline disparity when the school
ranking function is used to select 5% of students without any
disparity correction. We can see that for both years and for
all our fairness targets the disparity is high: for example, low-
income students appear 25% less in the selection than in the
total population. Overall, the disparity is at 0.37. Note that a
disparity of 0 is the goal, the highest the absolute value, the
more disparate impacts exist. The sign of the disparity gives
the direction of this impact: negative for underrepresentation,
positive for overrepresentation.



Baseline Disparity Low-Income ELL ENI Special Ed Norm
Training 2016-2017 -0.252 -0.106 -0.176 -0.191 0.377
Test 2017-2018 -0.24 -0.105 -0.179 -0.191 0.37
Core DCA Low-Income ELL ENI Special Ed Norm
Bonus Points 2.0 11.0 11.0 14.0 -
Training 2016-2017 0.051 0.018 0.001 0.049 0.073
Test 2017-2018 0.052 -0.006 -0.001 0.029 0.06
DCA Low-Income ELL ENI Special Ed Norm
Bonus Points 1.0 11.5 12.0 12.0 -
Training 2016-2017 -0.018 0.001 0.001 -0.014 0.023
Test 2017-2018 -0.01 -0.017 0.005 -0.028 0.034

TABLE I: Disparity vectors for the NYC high schools data before and after bonus points

The bottom portion of the table shows the bonus points
produced by the DCA algorithm and the resulting reduced
disparity. We can see that for all target attributes the disparity
is almost at 0 after the bonus points are applied for both
training and test datasets. The overall disparity is also close
to 0. The number of bonus points needed to achieve these
results is easily understandable: for instance, as ELL students
are disadvantaged by the inclusion of ELA grades and scores,
they receive 11.5 bonus points on the ranking function to even
the playing field. The number of bonus points to address the
disparity suffered by low-income students is surprisingly low:
giving them just 1 bonus point brings them to statistical parity
in the selected set, possibly because the ENI also captures
economic disadvantage.

2) Utility: In fair ranking applications, utility measures
how much the disparity compensation approach impacts the
original rankings. In simpler terms, it measures how far the
new ranking is from the uncorrected one.

A common measure of utility is the nDCG, or normalized
discounted cumulative gain [15], [41]. The standard discounted
cumulative gain DCG is defined as:

kX

i=1

wi

log2(i+ 1)

nDCG is defined as the ratio of the measured DCG to the
ideal DCG. In fairness ranking applications, the ideal DCG

is that of the original ranking before fairness compensation is
applied.

A score of 1 would mean that the fairness compensation
comes at no loss in utility at all: the ranking is unchanged. For
our default selection set of 5% of students, the nDCG@0.05
of DCA is 0.957. This is comparable to other fair ranking
algorithms that handle multiple fairness dimensions. [16]. Fig-
ure 1 reports the nDCG@k where k represents the proportion
of selected students, showing good utility for all selection
percentages.

DCA can easily be calibrated for different desired fairness
thresholds or utility values. Bonus points may be adjusted by
a weight multiplicative factor to reduce the importance of the
bonus points and increase the utility (as measured by nDCG).
The correct proportion of bonus points to apply can be selected
through a binary search. Figure 2 shows the impact on utility
and disparity of applying a reducing weight to bonus points.

Figure 3 shows a detailed breakdown of the disparity as we
adjust the total proportion of the bonus points. The step nature

of the function is due to our restriction that the bonus points
be a multiple of 0.5. The function is near linear, applying
half of the optimal disparity reduction bonus points, provides
about half the disparity reduction. This shows that DCA can
be easily adjusted to provide a solution for any given utility
or fairness threshold.

3) Effect of Varying the Percentage of Selected Objects:
Some applications determine the number of selected objects
in advance (e.g, vaccine allocation). Others may be impacted
that external factors that will vary the number of selected
objects, for example through a waitlist process. As explained
in Section III-A, the NYC school admissions are handled by
a matching algorithm. Schools do not know in advance how
far down their ranked list they will accept students as this
will depend on many factors: student choices, other schools’
rankings and enrollment targets.

As discussed in Section IV-E, our algorithm can account for
variations in the percentage of selected objects k in different
ways:

• If k is known, our algorithm can optimize for the specific
value and give excellent results. In Figure 4a, the disparity
before (dashed line) and after (full line) correction is
shown for varying k. In every case, given the selectivity,
DCA succeeds in essentially eliminating disparity.

• If k is not known at the time of bonus point assignment
but can be approximated, DCA can be optimized for
the approximation and results in good results when
this estimate is close to the real value (Figure 4b). The
disparity results degrade however when k is not estimated
properly.

• If k is unknown, or several different k values are im-
portant, we use our logarithmically-discounted approach
(Section IV-E) to set bonus points to the setting that
will provide the best disparity outcome for a weighted
average of many different k values in the ranked list.
This means that DCA’s goal is to minimize the weighted
average of disparities across many values of k instead of
only minimizing the disparity at a specific k. However,
if the exact value of k is known when bonus points
are chosen, selecting a bonus vector that minimizes the
disparity for that exact value of k provides better results
for that specific k, at the cost of a higher average across
the other values of k. This can be seen by comparing
the disparity in Figure 4b and Figure 4c at k = 0.05.
While Figure 4c has a lower disparity at most k, Figure
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Fig. 1: nDCG@k on the school data (Test
dataset) for varying k
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Fig. 2: nDCG@k and disparity norm on the
school data (Test dataset) for varying propor-
tions of total recommended bonus points
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Fig. 3: Disparity on the school data (Test
dataset) for varying proportions of total rec-
ommended bonus points
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(a) Disparity adjusted for k on the school data
when k is known in advance
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(b) The disparity across all k when k is
assumed to be 5% The bonus vector for this
graph is: {Special-Ed:13, Low-Income:1.5,
ELL:10.5, ENI:12.0}
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(c) The disparity across all k when k is
assumed to be logarithmically discounted
for k<0.5 the bonus vector, In this case,
the bonus vector is {Special-Ed:13.5, Low-
Income:2, ELL:9.5, ENI:18.5}

Fig. 4: Experiments using DCA on the School dataset

4b shows DCA specifically targeting k near 0.05 and has
better results when k is near 0.05.

4) Maximum Bonus Limits: DCA can easily be adapted
to bound the bonus values it allocates using preset minimum
and maximum bonus values. All experiments in this paper
cap DCA to never give negative bonuses, as these can be
perceived as penalties. If desired, maximum bonuses can also
be set. The number of bonus points can be capped at every
refinement step; this may cause adjustments in correlated
non-capped attributes. Figure 5 shows the logarithmically
discounted disparity for k < 0.05 when the bonus amount is
limited between 0 and 20. The resulting disparity is obviously
impacted, with worst results when the maximum number of
bonus points is small, however as the maximum number of
bonus points increases, the disparity gets smaller.

5) Impact of the Refinement Step: Table I shows that the
refinement step of Algorithm 2 results in improvements over
the results of the Core DCA Algorithm 1 alone. Over the
school dataset, those improvements are about threefold. Figure
8a shows the same settings as Figure 4a, but without the
refinement step. We see that in addition to better Disparity
compensation, the refinement step produces smoother results.

Figure 8b shows the time taken by both the Core DCA and
DCA with refinement. In most cases, the refinement step takes
approximately 10 seconds. As seen in the figure, the cost is
higher for small values of k. This is due to the fact that the

sample size needed for DCA depends on max( 1
k
,
1
r
). When k

is small the sample size therefore needs to be increased, which
leads to longer execution times. Once 1

k
becomes small enough

at 5%, the sample size is based on r, the frequency of the least
common group in the dataset, which is the same for all settings
over the dataset. As k increases however, the computation of
the centroid as part of the Disparity ~Dk computation takes
longer as more elements are considered.

These results show the benefit of the refinement step. In
cases where faster execution times are desireable, this step
can be omitted with some loss in quality.

B. Results on the COMPAS dataset
Figure 10a shows the baseline disparity of the COMPAS

decile scores based on race (dashed line). The disparity is
notable for Black people who are significantly more likely to
be flagged for recidivism risk, and for white people who are
significantly less likely. The bonus point compensation offered
by DCA (full line) allows to significantly reduce that disparity.

A difficulty with trying to address disparity in the COMPAS
data is that its scores are very coarse: they are only 10
possible scores, which makes it difficult to have an impact
with bonus points. This can be seen most clearly when the
log discount mode of DCA is used in Figure 10c: As each
new bucket moves into the selected set, the disparity moves
sharply. However, shown in figures 10a and 10c, all cases still
result in significant disparity reduction.
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Fig. 5: Log-Discounted disparity when there
is a maximum number of bonus points
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Fig. 6: The disparity reduction achieved by
a simple quota system
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Fig. 7: Accuracy vs. disparity for both DCA
and the (� + 2)-approximation algorithm
(training Dataset)
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Fig. 8: Evaluation of the DCA Refinement Step on the School dataset. (a) Disparity adjusted
for k on the school data when k is known in advance, using Core DCA without refinement,
(b) Time taken for each k in both the unrefined (Core DCA) and refined version (DCA).

��� ��� ��� ��� ���
�

���

���

���

���

�

���

�

���

���

���

���

�

���
'LVSDUDWH�ΖPSDFW�0LQLPL]DWLRQ�'LVSDULW\
'&$�'LVSDULW\
'LVSDUDWH�ΖPSDFW�0LQLPL]DWLRQ�'LVSDUDWH�ΖPSDFW
'&$�'LVSDUDWH�ΖPSDFW

3URSRUWLRQ�RI�WRWDO�LWHPV�VHOHFWHG

'
LV
SD

UD
WH
�ΖP

SD
FW

'
LV
SD

UL
W\

Fig. 9: Norm after optimization with DCA
for Disparity (dotted lines), or Disparate Im-
pact (solid lines). Disparity in blue, Disparate
Impacts in black.
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(b) The False Positive Rate of the COMPAS
algorithm when bonus points are added to the
decile scores and computed for each k
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(c) The Disparity of the COMPAS algorithm
when bonus points are computed once using
the log discount mode of DCA

Fig. 10: Experiments using DCA on the COMPAS dataset

C. Comparison with Existing Approaches and Metrics

1) Comparison to a Real-world Quota System: As dis-
cussed earlier, quota-based approaches are difficult to extend
to the multinomial case. Many real-world settings, such as the
NYC school system, use one single quota for all the different
fairness dimensions. Figure 6 shows that this approach does
result in disparity reduction, but does not achieve results as
good as DCA (Figure 4).

2) Comparison to Multinomial FA**IR: We also compared
DCA with the Multinomial FA**IR method [16] on the school
dataset. Multinomial FA**IR is a post-processing method that
re-ranks the dataset with fairness guarantees. Multinomial
FA**IR only works on non-overlapping fairness parameters,

so we looked at the Cartesian product of all our parameters
and picked the 3 most-discriminated against subgroups as
our barometers of fairness, as suggested in [16]. Because of
efficiency limitations of Multinomial FA**IR, we were only
able to run their code on a single district of NYC schools,
consisting of 2,500 students, instead of the whole dataset. We
report our results in Table II. We see that, while both methods
significantly improve disparity, DCA results in better outcomes
due to its ability to handle overlapping subgroups.

3) Comparison to (� + 2)-approximation algorithm:
Because of the time complexity of Multinomial FA**IR, we
also include a comparison to a faster approximation algorithm,
(� + 2), from [14]. This algorithm works by looking at all



Low-Inc ELL Sp. Ed Norm
Baseline -0.262 -0.036 -0.179 0.320
Bonus Points 2 9 5 -
DCA 0.009 -0.011 0.001 0.007
Mult. FA**IR -0.084 -0.036 -0.052 0.105

TABLE II: Comparison of DCA and Multinomial FA**IR

(position,item) pairs and greedily selecting the one that most
improves the utility (in our case measured by nDCG) without
violating a preset (input) fairness constraints on the maximum
number of items of each type. To make a fair comparison,
we gave (� + 2) the disparity achieved by DCA as its input
preset fairness constraint. Unlike DCA, (� + 2) is a post-
processing step which only works on existing results; therefore
we compared it to the results of DCA on a single year. As is
shown in Figure 7, (� + 2) achieves results very similar to
DCA. In terms of efficiency, this algorithm depends heavily on
the proportion of items selected k. For small values of k, such
as 5%, it performs similarly to DCA, around 30 seconds, for
larger values, such as 30%, it takes around 30 minutes, making
DCA a faster option.

4) Exposure: Exposure is a common metric for measuring
fairness in ranking. It is defined as the sum of the probability
of an object having a position in the ranked order times the
value of that position. The value of a position has been defined
in different ways in different sources; we used the definition
from [19]. They define exposure as

Exposure(G|R) =
X

i2G

1

lg(r(i) + 1)

Where G is a group, R is a ranking, and r(i) is the rank of an
object. They define a fairness metric based on this definition:
demographic disparity constraint or DDP, defined as

DDP (R) = max(Gj , Gk)
exposure(Gj |R)

|Gj |
�exposure(Gk|R)

|Gk|
Intuitively, this means that no group should have very different
exposure from any other group. A value of zero would mean
perfect fairness. The exact values are not comparable across
datasets of different sizes since the value of exposure shrinks
as the dataset grows.

We calculated the exposure value on the school dataset
without the ENI attribute, as DDP does not handle non-binary
fairness attributes. Since exposure considers the entire ranking,
the logarithmic discounting mode of DCA was used. The
resulting bonus point vector was {’Special-Ed’: 14,
’Low-Income’: 5, ’ELL’: 11}.

Under the baseline disparity setting, the DDP value is
0.00899. After DCA compensatory bonus points are applied,
the DDP becomes 0.00166. This 5-fold reduction in DDP is
in line with the disparity experiments from Section VI-A,
confirming that important improvements in fairness can be
achieved with reasonable size bonus point vectors.

5) Using DCA with other fairness metrics: Our DCA
algorithm can be used to minimize fairness metrics other than
disparity. A limitation is that the minimization metric must be
represented as the norm of a vector, and it must provide bounds

between -1,1 with -1 representing complete unfairness to one
group and 1 representing complete unfairness to another, and
0 representing fairness.

To show the behavior of DCA with other metrics, we have
implemented a slight variation of one of the most popular
fairness metrics: disparate impact (DI). DI sets limits on
the ratio of positive (selected) objects in the protected and
unprotected groups. We use the slightly modified version from
[42]. Specifically, for each fairness dimension, the disparate
impact is measured as:

min

✓
P (O = 1|F = 0)

P (O = 1|F = 1)
,
P (O = 1|F = 1)

P (O = 1|F = 0)

◆

Where F=0 represents the object not having a protected (fair-
ness) attribute (e.g., not being low-income) and O=1 represents
the object being selected. To make it usable by DCA, we had
to scale it to the [-1;1] range. With this modification, disparate
impact can be directly applied in the discrete case (including
the logarithmically-discounted variation) leading to a bonus
vector of ’Special Ed’: 14 pts, ’Low-Income’: 5.5 pts, ’ELL’:
12.5 pts compared to the similar bonus vector using disparity
of ’Special Ed’: 14 pts, ’Low-Income’: 5 pts, ’ELL’: 11.5
pts. We show the comparison of using Disparity and DI with
DCA Figure 9. Both versions perform similarly. The disparate
impact version of DCA took 164 seconds compared to 64
seconds for regular DCA with these settings.

This type of expansion is not limited to statistical parity
measures: When data is available, DCA can also be used
with equalized odds measures such as the False Positive
Rate. The FPR is defined as the proportion of real negative
cases that were misidentified as positive by the algorithm.
Disparities in this rate between different groups is one of the
original criticisms of the COMPAS algorithm. To minimize
this difference we subtract the overall FPR from the per-
group FPR. This difference has the required properties for
DCA. Using this metric with DCA results in an algorithm that
finds the number of bonus points to minimize the differences
in FPRs between groups. Figure 10b, shows that the FPR
difference is reduced across a range of ks.

VII. CONCLUSION

We presented DCA, an algorithm to address disparity in
outcomes of ranking processes using compensatory bonus
points. We showed that DCA, by relying on a sampling-based
approach, successfully reduces disparity in a wide range of
settings, while being significantly more efficient than state-
of-the-art approaches, running in sub-linear time. This makes
DCA a good candidate for iterative processes that would
allow users to identify the ranking function that best fits their
needs while checking for its fairness impacts and the required
compensatory bonus points.

Our approach relies on the use of compensatory bonus
points, a departure from previous work, which has mostly
focused on modifying the ranking function directly, or on the
use of quotas. A significant advantage of compensatory bonus
points is that they are transparent, interpretable, and easily
explainable to all stakeholders.
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