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ABSTRACT
When bias mitigation methods are applied to make fairer machine
learning models in fairness-related classification settings, there is
an assumption that the disadvantaged group should be better off
than if no mitigation method was applied. However, this is a po-
tentially dangerous assumption because a “fair” model outcome
does not automatically imply a positive impact for a disadvantaged
individual—they could still be negatively impacted. Modeling and
accounting for those impacts is key to ensure that mitigated models
are not unintentionally harming individuals; we investigate if miti-
gated models can still negatively impact disadvantaged individuals
and what conditions affect those impacts in a loan repayment exam-
ple. Our results show that most mitigated models negatively impact
disadvantaged group members in comparison to the unmitigated
models. The domain-dependent impacts of model outcomes should
help drive future bias mitigation method development.

CCS CONCEPTS
• Computing methodologies→ Machine learning; • Social
and professional topics→ User characteristics.
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1 INTRODUCTION
The issue of algorithmic decision-making systems making harmful
or discriminatory predictions is well-recognized (e.g., [7, 10, 15, 21,
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28, 30, 31, 36, 37, 39, 40]). Algorithmic fairness research evolved
in response to this, primarily focusing on optimizing for some
fairness notion to prevent harm. Bias mitigation methods have
been developed for different points along the Machine Learning
(ML) pipeline and fairness constraints have operationalized fairness
notions which are often dependent on conditional probabilities
relating to model outcomes (e.g., [1, 2, 8, 9, 14, 17, 18, 41]). However,
there is little consensus on when to use which bias mitigation
method or constraint [11, 12, 15, 27].

Recent research has shown that “fair” outcomes and benefits
for individuals are not always aligned, highlighting that algorith-
mic fairness sometimes falls short of its main goal of minimizing
harm [13, 20, 25, 26, 35]. We call a model that has a bias mitigation
method applied to it a mitigated model. Fairness disparity metrics
measured after model training show how well a model satisfies a
fairness constraint (e.g., Equality of Opportunity) that represents
a fairness goal (e.g., groups should have equal true positive rates).
Fairness constraints can aid in bias detection (with fairness metric
disparities) and bias mitigation by constraining a model’s training
to satisfy a fairness goal. Sometimes fairness constraints, when
used for bias mitigation, make an assumption that the positive class
is beneficial. However, if that assumption is not valid, then apply-
ing the bias mitigation methods can result in fairer outcomes but
worse potential impacts for individuals, especially for disadvan-
taged groups.

For instance, in the case of loan repayment, let us assume a bank
developed a mitigated model that predicts an applicant’s ability to
repay the bank if given a loan. If the fairness constraint, Demo-
graphic Parity (DP), is used, then the selection rates (positive class
rates) across the groups should be equal. This could result in a high
false positive rate for the disadvantaged group. If an individual is
falsely classified and expected to repay but defaults, because the
DP constraint assumed a positive outcome was beneficial for them,
then that positive outcome in fact had a negative impact on them.
The example emphasizes our motivating problem that while fair-
ness disparities for a mitigated model might be low, the individuals
classified could still be negatively impacted which is a major issue.

Previous works began investigating how to quantify impact and
what its relationship with fair decision-making is [13, 20, 24–26].
These works considered models such as a temporary labor mar-
ket model [20], threshold optimization [26], causal models [24],
agent-simulations [13], and multi-armed bandits [25]. They did not
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consider a model in a classic binary classification setting though.
Since many bias mitigation methods that constrain model learn-
ing with fairness constraints apply to classification settings, these
works could not consider how different mitigation methods could
have affected their results. When fairness constraints were used in
previous works, only one or two fairness constraints were consid-
ered. They also did not consider how the datasets themselves could
have played a role in their impact results; for instance, what if the
disadvantaged group was not in the minority?

In this paper, we investigate the question: when a false positive
model outcome may have a negative impact, can mitigated models
in a binary classification setting do more harm than good for the
disadvantaged group? We explore this question through a case
study of the loan repayment example aforementioned. We focus
on the disadvantaged group because we aim to minimize negative
impacts that that group experiences from supposedly “fair” models,
while also considering the effect on the advantaged group. Our
objectives that support us in answering our research question are:
(1) quantifying the impact of different model outcomes, allowing
us to explore specific cases where a positive outcome does not
necessarily imply a positive impact, and (2) analyzing how different
fairness constraints and dataset makeup relate to the impacts by
group. We use DP and four other fairness constraints with several
off-the-shelf ML models with different bias mitigation methods to
apply the constraints to better understand the relationship between
fairness constraint choice and impact.

In addition, we explore the effect of the dataset makeup on im-
pacts too, motivated by this question: if we adjust the demographic
group representation and increase the number of disadvantaged
applicants who repay the bank, do we see a positive impact on
the disadvantaged group? To begin to answer this in our experi-
ments, we use synthetic datasets alongside a real-world dataset for
comparison. We vary the synthetic datasets with two parameters:
demographic group representation, which shows what data pro-
portions are made up of disadvantaged and advantaged individuals,
and repayment label composition by group, which shows if an indi-
vidual repays or defaults if given a loan1—when we discuss dataset
composition, we refer to these parameters.

Our results highlight that achieving good fairness disparity met-
ric values and low negative impact results for the disadvantaged
group are often in conflict with one another. As a result, the major-
ity of the mitigated models tested actually leave the disadvantaged
group worse off than the unmitigated models from an impact stand
point. Also, the dataset composition did not have much of an effect
on the impact results. The rest of the paper is structured as follows:
the literature review in Section 2, the definitions in Section 3, the
methodology for our work in Section 4, the experimental setup
in Section 5, the results in Section 6, a discussion of the results in
Section 7, and our conclusion in Section 8.

2 LITERATURE REVIEW
Our research is about algorithmic fairness in classification settings
and impact considerations. The algorithmic fairness community
has presented multiple fairness constraints for bias detection such
as Equality of Opportunity (EOO) and Equalized Odds (EO) (e.g., [2,

1The repayment label is what the model is trying to learn from the data.

9, 14, 18, 41]) and bias mitigation methods for mitigating unfairness
at different stages along the ML pipeline (e.g., [1, 2, 8, 14, 17, 18,
22, 23, 28]). These methods were developed to answer a call for
more safe and trusted algorithms, after algorithmic harms were
highlighted in multiple domains from online ad delivery to hiring
(e.g., [4, 6, 7, 31, 37]). The choice of bias mitigation methods and
fairness constraints should be informed by the domain [16, 27].

While aiming to make ML models more “fair” is a valuable goal,
scholars argue that we must look at the actual impacts from model
outcomes to understand whether individuals were positively af-
fected by the model and begin to explore how to quantify impact
in different settings from labor market models to multi-armed ban-
dits [13, 20, 24–26]. We describe the most relevant work to our’s
from this strand of research—Liu et al. coined the term “delayed im-
pact” and conducted experiments using the loan repayment example
to see if disadvantaged groups are better off in terms of delayed im-
pact when optimizing for thresholds under fairness constraints [26].
We extend this work with the same example but instead of focusing
on class probabilities, we focus on class labels. We also take this
research further by using multiple ML models with bias mitiga-
tion methods to apply more fairness constraints than previously
considered, by using synthetic datasets of varying compositions to
test how that affects the impact results, and by modeling impact in
different ways than before.

While some researchers generate data to make their data dis-
crimination free or more fair from a causal lens [38, 43, 44], we
generate synthetic datasets, not with a de-biasing goal, but to rep-
resent different dataset compositions from which models can learn
and we can study their effects on impact. Friedler et al. conducted a
comparative study of bias mitigation methods and found that these
methods were sensitive to feature distributions in datasets [16],
providing motivation for our consideration of dataset composi-
tion since we also use different mitigation methods. Zafar creates
synthetic datasets with varying correlations between the sensitive
feature and the label to analyze the relationship between the ac-
curacy and discrimination [45]. Reddy et al. test numerous models
with various synthetic dataset configurations to analyze the models’
fairness performances [33]. Similarly to Reddy et al. and Zafar, we
control demographic group representation and repayment label
composition in our synthetic datasets. We do this to better under-
stand the relationship between dataset composition and impacts
from different mitigated models.

3 PRELIMINARIES
In this section, we outline the formalizations we use for our experi-
ments and explain what we mean by impact.

3.1 Definitions
In our paper, we consider a binary supervised learning setting. A
dataset is𝐷 = {(𝑥1, 𝑦1), . . . , (𝑥𝑛, 𝑦𝑛)}, where𝑥𝑖 ∈ 𝑋 is an instance,
𝑦𝑖 ∈ {0, 1} is the true label of 𝑥𝑖 , and 𝑛 is the number of samples
in 𝑋 . 𝐷 is split into two subsets, 𝐷𝑡𝑟𝑎𝑖𝑛 ⊂ 𝐷 and 𝐷𝑡𝑒𝑠𝑡 ⊂ 𝐷 , such
that (𝐷𝑡𝑟𝑎𝑖𝑛 ∪ 𝐷𝑡𝑒𝑠𝑡 ) = 𝐷 and (𝐷𝑡𝑟𝑎𝑖𝑛 ∩ 𝐷𝑡𝑒𝑠𝑡 ) = {}. To train
a classifier model, the instances must undergo feature encoding
where information is extracted from each instance into features
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that are categorical and/or numerical; each instance 𝑥 ∈ 𝑋 is a
𝑘-dimensional feature vector ⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩.

We are interested in problems where instances will contain,
directly or indirectly, personal information about individuals. One
such feature that we assume is in 𝑋 is a protected attributewhich
is sensitive in nature (e.g., race or gender) [34, 42]. This attribute can
be strongly associated with other features. The actual constructs
that are considered a protective attribute depend on the domain and
legal context. For any instance, 𝑥 = ⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, we assume the

first feature, 𝑓 𝑥1 , is the protected attribute which can have values
of 𝑓 𝑥1 ∈ {0, 1}, where 0 represents a disadvantaged group and 1
represents an advantaged group.2 We assume the disadvantaged
group is underprivileged (often due to systemic power structures,
inequity, and oppression) in comparison to the advantaged group
which is privileged.

The protected attribute allows us to split instances into two
groups (𝐷0 and 𝐷1), where the subindex denotes the value of the
protected attribute (e.g. 𝐷𝑖 = {(⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, 𝑦) | (⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, 𝑦) ∈

𝐷 and 𝑓 𝑥1 = 𝑖}.) In addition, instances can also be split according
to their label into 𝐷1 and 𝐷0, where the superindex denotes the
value of the label (e.g. 𝐷𝑖 = {(⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, 𝑦) | (⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, 𝑦) ∈

𝐷 and 𝑦 = 𝑖}.) Finally, the set 𝐷𝑖
𝑗
denotes the set of instances where

the label takes value 𝑖 and the protected attribute takes value 𝑗 .
We define a deterministic classifier as a function, ℎ : 𝑋 −→ 𝑌 ,

where 𝑌 = {0, 1}. For any instance of 𝑥 , ℎ(𝑥) is the prediction
returned from the classifier. The function ℎ approximates a true
function, representing the population, 𝑡 : 𝑋 −→ 𝑌 , where𝑌 = {0, 1}
and for any instance x, 𝑡 (𝑥) is the true label of 𝑥 . We denote the
prediction of a particular instance of 𝑥 as ℎ(𝑥) = 𝑦𝑥 and we denote
the true label of a particular instance x as 𝑡 (𝑥) = 𝑦𝑥 . The conditional
probability that ℎ, outputs a given prediction, 𝑦, given a protected
attribute, 𝑎, is denoted as 𝑃 (𝑦 |𝑎) where 𝑦 ∈ {0, 1} and 𝑎 ∈ {0, 1}.
To analyze a classifier’s performance, confusion matrices which
show model outcomes are commonly used. The model outcomes
are the True Positives (TP), False Positives (FP or Type I Error), True
Negatives (TN), and False Negatives (FN or Type II Error), when
looking at the predicted and true labels. Many fairness constraints
can also be explained by TP, FP, TN, and FN [29].

3.2 Impact
We argue it is crucial to consider different ways that impact might
relate to model outcomes.3 If impact is not considered, then mit-
igated models could actually cause more harm to disadvantaged
groups under certain conditions. The loan repayment example from
before highlights this problem: where a fair outcome based on a
DP-constrained model resulted in a FP applicant who was nega-
tively impacted because they defaulted, since they were unable
to repay the bank. There is a tension between benefits of certain
model outcomes, like being granted a loan as a FP, and the actual
impacts they have on individuals, defaulting on said loan.

In this paper, we assume that a classifier ℎ’s impact is a function
of instances dependent on model predictions and true labels that
outputs weights, 𝑖ℎ : 𝑋 → 𝑊 , such that for any instance 𝑥 , the

2Note our work can easily be extended to consider more than two labels for the
protected attribute.
3We highlight that another way to think about impact is expected utility.

weight 𝑤 , returned by 𝑖ℎ (𝑥) depends on 𝑦𝑥 and 𝑦𝑥 and 𝑤 ∈ R.4
The weight represents the impact of a model outcome for a given
instance and can be deterministically or non-deterministically gen-
erated (according to some distribution like a Normal distribution).
We note here, though, that when 𝑖ℎ provides non-deterministically
generated weights as outputs we take liberties with the function,
since a function must map every input value to a single output
value. But, in this case, the same input could have different valued
outputs because the output is dependent on the distribution. We
define impact more specifically for our loan repayment example
below in Section 5.4.

4 METHOD
We return to our research question: assuming that a false positive
model outcome does not have a positive impact, can mitigated
models negatively impact the disadvantaged group rather than
positively impact them? We explore this question in a binary classi-
fication setting with a loan repayment example. Themain objectives
of this paper are to quantify the impact of model outcomes in dif-
ferent ways and to analyze the relationships between impact and
dataset composition and impact and fairness constraints. To do this,
we perform experiments, controlling for different variables like the
datasets and their compositions, bias mitigation methods, fairness
constraints, ML model choice, and impact functions to help us study
impact. We provide a visualization of our experimental pipeline
from a high level in Figure 1 and explain details more below.

Figure 1: Our experimental pipeline follows a typical ML
pipeline. We show how a real-world dataset (RWD) and one
of our synthetic datasets (SD) would be pushed through the
pipeline. For each dataset, we train an unmitigatedmodel and
multiple mitigated models (we only visualize one mitigated
model here for simplicity purposes). The top two models
are unmitigated models and the bottom two are mitigated
models which would have a bias mitigation method applied
with a chosen fairness constraint. Multiple runs would need
to happen to go through all the different combinations of ML
models, fairness constraints, and bias mitigation methods.

4Since we assume weights are real numbers, categorical weights can also be considered
if transformed into numbers.
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As mentioned before, we use multiple datasets so they are all
funnelled through this pipeline multiple times to account for differ-
ent ML model and bias mitigation method choices. For a real-world
dataset, we transform the FICO scores dataset from over 300k Tran-
sUnion TransRisk scores from 2003 that was preprocessed by Hardt
et al. into a tabular loan repayment dataset where each row corre-
sponds to an individual loan applicant [18]. The FICO scores dataset
as is contains a cumulative distribution function (CDF) providing
the fraction of the racial group that falls below a given credit score
and a probability mass function (PMF) showing the probability of
an applicant repaying the bank given their race and credit score.
We are interested in a tabular dataset so we can apply common
bias mitigation methods with fairness constraints to study how
they affect impact. We also assemble synthetic datasets with dif-
ferent demographic group representations and repayment label
compositions; experiments with these synthetic datasets allow us
to understand how the dataset composition affects the impact on
different groups.

With a dataset for each experimental run, we then train off-the-
shelf ML models that are mitigated during training using different
reduction algorithms, our bias mitigation method of choice, that
can use different fairness constraints each time (see Section 5.2 for
details). By using reduction algorithms, we could simply change
the constraint to be used for each experiment in an agnostic way.
For each mitigated model, we run one reduction algorithm paired
with one fairness constraint until we complete every combination.
Models with no bias mitigation method applied during training we
call unmitigated models. We train these mitigated and unmitigated
models on the loan repayment dataset and the synthetic datasets.

After receiving the mitigated and unmitigated model predictions
for all of our experiment runs, we evaluate the models. To do so, we
calculate their model accuracy, fairness disparity metric, and impact
results. We check the model performance and bias because we aim
to develop well-performing and fair models. The fairness disparity
metric results show us whether the mitigated model performs as
well as the unmitigated model, how effective the bias mitigation
method is at satisfying a fairness constraint, and whether the appli-
cation of a particular mitigation method and constraint negatively
impacts the disadvantaged group.

5 EXPERIMENTAL SETUP
In this section, we present the fairness constraints, ML models, bias
mitigation methods, datasets, and impact functions that we use. We
assume a white-box scenario where we have access to data, models,
and model outputs. Recall that we consider a binary classification
problem where a model predicts if a loan applicant will repay the
bank if given a loan.

5.1 Fairness Constraints
We focus on group fairness which aims to identify what groups
are at risk of being harmed [14]. Group fairness is defined in terms
of constraints on a model called fairness constraints or parity con-
straints (we will use the former term). We explain the group fairness
constraints considered for our experiments in Table 1 and refer to

them primarily by the acronyms stated there.5 These metrics were
chosen because of their canonical nature within the algorithmic
fairness domain and their availability in open-source fairness toolk-
its and libraries [3, 5]. Also, expert knowledge is not required to
use them. All of our metrics are Bias Preserving which has an un-
derlying assumption that the status quo is the baseline for equality
across groups except for one which is Bias Transforming, DP, which
assumes that protected groups, from an equality standpoint, start
at different points [42]. To measure the level of fairness in a model,
we take the fairness disparity metric value, telling us how well the
model abides by a given fairness constraint.

5.2 ML Models and Reduction Algorithms
We utilize off-the-shelf ML models from sklearn to make our ex-
periments easily replicable [32]. In our experiments, we use the
following models: Decision Tree (DT), Gaussian Naive Bayes (GNB),
Logistic Regression (LGR), and Gradient Boosted Trees (GBT) clas-
sifiers. We also chose these models because their fit functions had
a sample weights parameter—this parameter is necessary for the
reduction algorithms in Fairlearn [5]. For ML model performance,
we consider accuracy as our metric of choice which is common to
consider in the algorithmic fairness literature.

Microsoft’s Fairlearn toolkit implements Agarwal et al.’s bias
mitigation method which includes two reduction algorithms, Expo-
nentiated Gradient and Grid Search; we use this mitigation method
in our experiments. The reduction algorithms take the parameters:
an already trained ML model and a fairness constraint, and then
narrow the binary classification to weighted classification prob-
lems that focus on achieving strong performing models for certain
classes. The algorithms’ goal is to optimize the trade-off between
the chosen fairness constraint and the model’s accuracy. In the
reduction algorithm, the fairness constraints are transformed into
Lagrange multipliers. We encourage the reader to read Agarwal
et al.’s paper for a more in-depth understanding of the reduction
algorithms [1]. Reduction algorithms are versatile because they al-
low developers the choice in their ML model, unlike other fairness
methods applied during training which are often model-specific.

5.3 Datasets
In our experiments, we have a dataset which represents the real-
world and then we have eight synthetic datasets that represent
different potential scenarios. For model training, we split each of
the datasets into 70% train and 30% test sets. For testing the synthetic
datasets, we use two different test sets. The first test set is the test
set created when we split the synthetic dataset. The second test
set matches the real-world dataset’s composition. This real-world
test set allows us to test how well the model trained on a synthetic
dataset performs on a subset of the real-world’s population.

5.3.1 Baseline Dataset. We transformed the FICO scores dataset
from 2003 preprocessed by Hardt et al. into a tabular dataset that
can be used in a binary classification setting which we call our
5Note that some metrics have different names in the literature so we try to clear up
any confusion: DP is sometimes called Statistical Parity and Acceptance Rate. EO in
previous literature is referred to as Disparate Mistreatment. EOO has a mathematical
equivalent metric in False Negative Error Rate balance [9]. False Positive Rate Parity
(FPRP) or False Positive Error Rate balance is also sometimes referred to as Predictive
Equality and is linked to the True Negative Rate.
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Table 1: The fairness constraints we consider in our experiments are listed and defined, where 𝑦 ∈ {0, 1}.

Name Expression

Demographic Parity (DP) [14] 𝑃 (𝑌 = 1|𝐴 = 0) = 𝑃 (𝑌 = 1|𝐴 = 1)
Equalized Odds (EO) [18] 𝑃 (𝑌 = 1|𝑌 = 𝑦,𝐴 = 0) = 𝑃 (𝑌 = 1|𝑌 = 𝑦,𝐴 = 1)

Equality of Opportunity (EOO) [18] 𝑃 (𝑌 = 1|𝑌 = 1, 𝐴 = 0) = 𝑃 (𝑌 = 1|𝑌 = 1, 𝐴 = 1)
False Positive Rate Parity (FPRP) [9] 𝑃 (𝑌 = 1|𝑌 = 0, 𝐴 = 0) = 𝑃 (𝑌 = 1|𝑌 = 0, 𝐴 = 1)

Error Rate Parity (ERP) [2] 𝑃 (𝑌 = 𝑦 |𝑌 ≠ 𝑦,𝐴 = 0) = 𝑃 (𝑌 = 𝑦 |𝑌 ≠ 𝑦,𝐴 = 1)

baseline dataset [18]. The data is composed of FICO scores (for
showing credit worthiness). We note that Liu et al. also used the
same dataset for their impact experiments [26]. The credit scores
ranged from 300 to 850 and the authors assumed the Black group
as disadvantaged and the White group as advantaged.

Figure 2: We show the baseline dataset composition for the
credit scores and repayment labels by group.

For our baseline dataset, we generated 100k rows or 100k individ-
uals based upon Liu et al.’s dataset composition such that the same
demographic group representation, credit score distributions by
race based on the CDF, and repayment label distributions based on
the PMF are upheld. Our rationale behind that dataset composition
is that it matches the real-world dataset. Each row or individual has
two features: credit score and race which make up 𝑋 . The dataset
also contains labels, 𝑌 , for whether the loan could be repaid by
the individual.6 Our baseline dataset labels are generated from the
PMFs for an individual repaying given their credit score. For visual-
izations of the dataset concerning the credit scores and repayment
labels by group, see Figure 2. We use one algorithm to create our
6For more information about how we transformed the initial FICO score dataset into a
tabular dataset, see the GitHub: https://github.com/mjorgen1/explore-fair-impacts.

baseline dataset, similar to Liu et al.’s method [26]. The Algorithm
1 (see Appendix A.3) generates a dataset based on two parameters,
demographic group representation and order of magnitude (for the
dataset size), by using the CDF and PMF.

5.3.2 Synthetic Datasets. Since the baseline dataset is imbalanced
considering the demographic group representation (12% Black and
88% White) and the disadvantaged group’s repayment label com-
position (see the bottom left plot of Figure 2), we change those
parameters when generating synthetic datasets. These synthetic
datasets let us test how impact is affected by varying dataset com-
positions. We consider cases when the disadvantaged group is the
majority, in the minority (matching the baseline dataset), and when
the two groups have equal representation. We keep the credit score
distributions the same and adjust the disadvantaged group’s repay-
ment label composition for only some runs so we can see the effect
of the altered demographic distributions. In addition, by adjust-
ing the disadvantaged group’s repayment label composition, we
oversample for instances where the disadvantaged group repays
the bank so the models learn from a more balanced dataset. We do
not adjust the advantaged group’s repayment labels since we are
primarily focused on minimizing harm to the disadvantaged group.

We use the following two ratios to generate synthetic datasets
and Table 2 shows the ratios we have for all our datasets—the
baseline dataset is included there as well. To generate these datasets,
we extend Algorithm 1 to adjust the repayment label ratios for the
disadvantaged group through Algorithm 2 and 3 in Appendix A.3.

Definition 5.1. The demographic-ratio is 𝑅 = 𝑟0 : 𝑟1 such that
𝑟0 = |𝐷0 |/|𝐷 | and 𝑟1 = |𝐷1 |/|𝐷 |.

Definition 5.2. The label-ratio is 𝐿𝑎 = |𝐷0
𝑎 | : |𝐷1

𝑎 | such that |𝐷0
𝑎 |

is the number of negative instances for a group 𝑎 ∈ 0, 1 and |𝐷1
𝑎 | is

the number of positive instances for that same group.

Each scenario in Table 2 is categorized with a two-letter code
such that the first letter represents the demographic-ratio and the
second letter represents the disadvantaged group’s label-ratio. A “0”
means the ratio matches the baseline dataset, “i” means the ratio is
imbalanced (not the same imbalanced ratio as the baseline however),
and “b” means the ratio is balanced.7 The “00” scenario represents
the baseline dataset; while, as another example, the disadvantaged
group is in the majority and the disadvantaged group’s repayment
label-ratio match the baseline’s label-ratio in the "i0" scenario.

7The baseline dataset ratios are imbalanced as well but we did not force them to be.

https://github.com/mjorgen1/explore-fair-impacts
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Table 2: The dataset names and parameters used as constraints when generating the datasets for our experiements. Note that
we only specify the disadvantaged group’s label-ratio here, not the advantaged group’s label-ratio which remains unchanged.

Dataset Name [Label] Demographic-Ratio Disadvantaged-Label-Ratio

Baseline [00] 0.12 : 0.88 0.66 : 0.34
Demo-Bal-Repay-Baseline [b0] 0.5 : 0.5 0.66 : 0.34
Demo-Imbal-Repay-Baseline [i0] 0.88 : 0.12 0.66 : 0.34
Demo-Baseline-Repay-Bal [0b] 0.12 : 0.88 0.5 : 0.5

Demo-Bal-Repay-Bal [bb] 0.5 : 0.5 0.5 : 0.5
Demo-Imbal-Repay-Bal [ib] 0.88 : 0.12 0.5 : 0.5

Demo-Baseline-Repay-Imbal [0i] 0.12 : 0.88 0.34 : 0.66
Demo-Bal-Repay-Imbal [bi] 0.5 : 0.5 0.34 : 0.66
Demo-Imbal-Repay-Imbal [ii] 0.88 : 0.12 0.34 : 0.66

5.4 Impact and Credit Scores
In our example, we assume that TPs and FPs are granted loans.
The applicants who were classified as TNs or FNs would most
likely no longer be followed up with by the bank after the rejection
notification, so data on the actual impacts of those model outcomes
are not available. As a result of this, we focus on the impact of the
TP and FP model outcomes. We note that different model errors
can lead to different impacts [19].

We take inspiration from Liu et al.’s focus on predatory lending
for our impact measurement [26]. The credit score of applicants is
a key feature in our example. We assume that the change in credit
score is related to the model outcome so we use that feature in our
impact calculations. For any instance, 𝑥 = ⟨𝑓 𝑥1 , . . . , 𝑓

𝑥
𝑘
⟩, we assume

that the second feature, 𝑓 𝑥2 ∈ [300, 850], is the credit score for an
applicant. We define a set 𝑆 = {𝑓 𝑥2 }, where 𝑠𝑖 holds the credit score
for applicant 𝑥𝑖 .

5.4.1 Deterministically Generated Weights. The deterministically
generated weights reflect the credit score change values used in Liu
et al.’s experiments such that the weight,𝑤 = {75,−150}, depends
on if an applicant is a TP or FP respectively [26]. If a sample, 𝑥𝑖 , is a
TP, meaning the applicant is correctly predicted to repay the bank,
then the 𝑠𝑖 is increased by 75 points; if that applicant is deemed an
FP, meaning they are incorrectly predicted to repay the bank, then
the 𝑠𝑖 is decreased by -150 points. For all of our datasets, we use
these weights when calculating credit score changes.

Table 3: The mean, 𝜇, and standard deviation, 𝜎 , values for
generating the non-deterministically generatedweights from
Normal probability distributions.

Name 𝜇𝑇𝑃 𝜎𝑇𝑃 𝜇𝐹𝑃 𝜎𝐹𝑃

Benchmark 75 15 -150 15
Equal 100 15 -100 15

Benchmark-Swap 150 15 -75 15

5.4.2 Non-Deterministically Generated Weights. We also conduct
experiments with the baseline dataset using non-deterministically
generated weights for the impact function. We generate these
weights for𝑤 through a Normal probability distribution (see Table

3). We use the deterministically generated weights as means for
the Benchmark distributions for comparison purposes. We also
consider two other scenarios where FP and TP model outcomes
have opposite but equal valued effects, the Equal distributions,
and where the TP is weighed even more heavily than a FP, the
Benchmark-Swap distributions. The standard deviations were cho-
sen by taking into account the empirical rule for Normal distri-
butions and the limit of the credit score range since we wanted
updated credit scores to abide by their constraints. We argue that
using non-deterministically generated weights is a potentially bet-
ter modeling of reality since the applicants’ credit scores could drop
or increase at different scales.

5.4.3 Measuring Average Impact. Now that we have defined our
weight generation, we define average impact for this problem as
the difference in credit scores after the predictions, 𝑌 . We calculate
the average impact by group for all of our experiments.

Definition 5.3. Classifier ℎ’s average impact on group 𝑎 is:

𝐼𝑎 =
1
|𝐷𝑎 |

·
∑︁
𝑖∈𝐷𝑎

𝑠𝑖 +𝑤

6 RESULTS
We present our results below and remind the reader that the mit-
igated models are those that had a reduction algorithm with a
fairness constraint applied. When providing the fairness disparity
metric values for the unmitigated and mitigated models, we show
all four ML model results. When we present impact results, these
are calculated by taking the average impact by group which we
define in Section 5.4. For the impact findings, we only ran experi-
ments with a Decision Tree (DT) model. We chose the DT model
because it generated more stable results than a Gaussian Naive
Bayes (GNB) model and produced comparable results to Logistic
Regression (LGR) and Gradient Boosted Trees (GBT) models when
trained on our datasets (see Table 4 and 5, and Table 6 in the Appen-
dix A.2). The demographic groups are differentiated by the labels:
disadvantaged, Black, or “0” and advantaged, White, or “1.”
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6.1 Baseline Dataset Results
First, we analyze how unfair the unmitigated models are when
trained on the baseline dataset and check how well the bias mitiga-
tion methods minimized that unfairness in the mitigated models.
Table 4 displays the fairness disparity metric values for the un-
mitigated models and Table 5 shows how well the bias mitigation
methods mitigated bias according to the fairness constraints ap-
plied. The smaller the fairness disparity metric value, the closer the
model satisfies a fairness constraint. If a fairness disparity metric
value is 0, a model is satisfying the fairness constraint completely.
All mitigated models perform well by reducing the fairness dispar-
ity metric for the applied fairness constraint and exhibit similar
results. For the model accuracy results, see Table 6 in the Appendix
A.2—the unmitigated DT, LGR, and GBT models all reach 88% accu-
racy and that performance only dropped between 1% and 4% for
the mitigated models which shows that even with bias mitigation
methods applied the models still perform reasonably well.

Table 4: Values of the fairness disparitymetrics for our unmit-
igated models when trained on the baseline dataset, where
the rows are the ML models tested and the columns are the
fairness constraints considered.

Classifier DP EO EOO FPRP ERP

DT 49.40 23.77 23.77 20.44 4.45
GNB 82.55 96.4 96.4 38.09 21.62
LGR 49.03 22.1 21.38 22.1 3.79
GBT 46.23 18.6 18.6 18.27 4.16

Table 5: Values of the fairness disparity metrics for our miti-
gatedmodels when trained on the baseline dataset, where the
rows are the ML models tested and the columns are the fair-
ness constraints applied with the Exponentiated Gradient
reduction algorithm and measured for the disparity metric.

Classifier DP EO EOO FPRP ERP

DT 0.45 3.77 1.88 0.34 1.16
GNB 0.85 2.18 1.18 0.29 0.1
LGR 0.83 2.49 0.9 0.59 0.3
GBT 0.65 2.84 1.41 0.05 1.44

We used Exponentiated Gradient for our reduction algorithm
of choice for the remainder of our results after comparing the re-
sults with Grid Search. Exponentiated Gradient (see Table 5) was
more effective than Grid Search (see Table 7 in Appendix A.2) at
decreasing the fairness disparity metric values from the unmiti-
gated model fairness disparity metric values (see Table 4). Since
we are interested in how different mitigated models impact groups,
we chose the reduction algorithm for our experiments that gave
stronger fairness results.

Before we can check if our credit score distributions from miti-
gated models are statistically significant in comparison to the credit
score distributions from unmitigated models, we must test if those

distributions are Normal. We check if the updated credit score dis-
tributions for the baseline dataset with deterministically generated
weights are Normal distributions by using the Kolmogorov-Smirnov
test. Then, with our not-Normal updated credit score distributions,
we use Mann-Whitney tests to look at discrepancies between the
updated credit scores and unmitigated versus mitigated models.
This analysis tells us if there are statistically significant changes to
credit score distributions when using bias mitigation methods.

6.1.1 Impact with Deterministic Weights. By considering the im-
pact for the disadvantaged group (see the top plot of Figure 3), we
highlight that, even though we have an improvement in fairness
(as shown in Table 4 and 5), the disadvantaged group the majority
of the time experiences a negative impact. For all models, the worst
impact occurs when DP is the fairness constraint. The few models
that positively impact the disadvantaged group are the unmitigated
and ERP-constrained models. Besides the ERP-constrained model,
none of the mitigated model results could exceed the unmitigated
positive impact. The lower plot of Figure 3 shows that the advan-
taged group always experiences a high positive impact across all
mitigated models.

Figure 3: Impact for all classifier and fairness constraints
when using the baseline dataset and when weights are deter-
ministically generated.

We examine the statistical significance of how the impact on
an individual affects the credit scores by demographic group; we
compare the updated credit score distributions from each mitigated
model (for all ML models) with the unmitigated model for each
group. We update the credit scores based on the model outcomes
given the deterministically generated weights. The updated credit
score distributions for ERP-constrained models by demographic
group are not statistically significant from the unmitigated model
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for the disadvantaged group but this is most likely because the
results are similar (see Figure 7 in the Appendix A.1). For all models
with DP, EO, EOO, and FPRP as the fairness constraint, the change
in the score distributions of the disadvantaged group is statisti-
cally significant. At the same time, the score distributions from
the mitigated models for the advantaged group are not statistically
significant, except for the ERP-constrained GNB model.

6.1.2 Impact with Non-deterministic Weights. Figure 4 displays the
impact results for our groups with non-deterministically gener-
ated weights for impact when using a DT model. When we lessen
the weight of an FP applicant and increase it for a TP applicant,
the advantaged and disadvantaged groups impact increases, unsur-
prisingly. However, the DP-constrained model still has the lowest
impact in comparison to other constraints for the disadvantaged
group for all impact setups with non-deterministic weights.

When we compare the mitigated DT model impact results from
Figure 3with the Benchmark distribution impact results from Figure
4, we see that the results match up such that DP-constrained model
has the lowest impact, followed by EOO, FPRP, and EO-constrained
models. Similarly, the impact results for the ERP and unmitigated
models are aligned. For the advantaged group, the results also are
aligned such that the mitigated models do not change the advan-
taged group’s impact much at all. We see the same statistically
significant results as discussed in Section 6.1.1 and these results
can be found in Figure 8 in the Appendix A.1.

When the TP and FP impacts have equal weight for the Equal
distribution (see Figure 4), only the DP- constrained model leads
to a negative impact for the disadvantaged group. However, only
the ERP-constrained model impact matches the unmitigated model
impact for the disadvantaged group while the other four fairness
constraints result in a worse impact. We find that the statistically
significant results for the disadvantaged group from the Equal dis-
tribution match the Benchmark distribution results; the advantaged
group results match as before too except for two more significant
results from the ERP-constrained DT and EO-constrained GNB
models. These results can be seen in Figure 9 in Appendix A.1.

When TPs are weighed twice as heavily as FPs in the Benchmark-
Swap distribution (see Figure 4) we see less impact variation amongst
the models for the disadvantaged group, with the DP-constrained
model as an exception as shown in Figure 10 in Appendix A.1. The
statistical significance tests vary more with this setup, except for
the disadvantaged group’s results for constrained DT, LGR, and
GBT models which remain the same and, similar to the Equal distri-
bution results, the EO-constrained GNB model result is significant
for the advantaged group. The GNB results are different such that
only the ERP and DP results are statistically significant. When ERP
constrains all the models, the advantaged group has statistically
significant changes to their credit scores.

6.2 Synthetic Dataset Results
We trained an unmitigated DT model and mitigated DT models on
our synthetic datasets. For each of our synthetic datasets, we tested
the models with two test sets—one that matched the training set
for the synthetic dataset and then one that matched the baseline
dataset. The latter test set allows us to see how the model trained on

Figure 4: Impact for all fairness constraints for the three
non-deterministically generated weight distributions when
a DT model was trained on the baseline dataset. Recall that
the Benchmark distribution impact results are on the left
[-150,75], the Equal distribution impact results are in the
middle [-100,100], and the Benchmark-Swap distribution im-
pact results are on the right [-75,100].

synthetic data would work on a test set that matches the real-world.
We provide the impact results depending on what test set was used.

No matter what test set was used, the impact of the advantaged
group, when having trained models on the synthetic datasets, be-
haves identically (see bottom plots of Figure 5 and 6). For the rest
of this section, we focus on the disadvantaged group’s results. For
the best impact-performing models for the disadvantaged group,
we point to the unmitigated and ERP-constrained models in the top
plots of Figures 5 and 6.

As a reminder for our dataset configuration notation (see Section
5.3.2), each scenario is labeled with a two-letter code, where the
first letter represents the demographic-ratio and the second letter
represents the disadvantaged group’s label-ratio. For the values, a
“0” says the ratio matches the baseline dataset, “i” says the ratio is
imbalanced (but not the same imbalanced ratio as the baseline), and
“b” says the ratio is balanced.

6.2.1 Train and Test Sets Have Equal Composition. When increas-
ing the disadvantaged group’s representation, we see little effect
on the group’s impact, see the top plot of Figure 5. When we only
change the demographic-ratio and increase it for the disadvantaged
group (see scenarios “b0” and “i0” in the top plot of Figure 5), we
see an increase in impact for the disadvantaged group (except for
the unmitigated and ERP-constrained model results which remain
consistent) in comparison to scenario “00” and then all the impact
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results converge when the disadvantaged group is in the majority
(“i0”). In comparison, in Figure 5, we show that there is less impact
variance but the impact improves when the disadvantaged group is
more likely to repay (see scenarios “0b,” “bb,” “ib,” “0i,” “bi,” and “ii”)
when we compare to the “00” scenario (when they are more likely
not to repay the bank).

Figure 5: Impact with deterministically generatedweights for
all synthetic datasets with a test set with equal composition
to the training set.

6.2.2 Test Set Matches Baseline Composition. When the disadvan-
taged group is in the minority (see scenarios “00,” “0b,” and “0i”) in
Figure 6, we have the most variance between the impact results. Of
the disadvantaged group results in Figure 6, we see the two worst
impact results from the DP and EOO-constrained models which
align with the worst impact results for the disadvantaged group in
Figure 5, when we are not testing with the baseline test set. When
increasing the disadvantaged group representation in the synthetic
datasets, the impact does increase in comparison to the baseline for
EO, EOO, DP, and FPRP-constrained models until it converges (see
scenarios “b0,” “i0,” “bb,” “ib,” “bi,” and “ii”) with other model results
when the disadvantaged group is in the majority in the top plot of
Figure 6. The other two model impact results for the unmitigated
and ERP-constrained models show little changes and are consistent
as seen in the top plot of Figure 6. Constrastingly to the top plot of
Figure 5, where we saw an upward trend for the impact, when we
test with the baseline in the top plot of Figure 6, we find the impact
stagnating and changing little in comparison to scenario “00.”

7 DISCUSSION
Mitigated models can do more harm than good. Our results
demonstrate that the bias mitigation methods successfully miti-
gated unfairness in our loan repayment example. However, the

Figure 6: Impact with deterministically generated weights
for all synthetic datasets with a test set with the baseline
dataset composition.

results also demonstrate a trade-off between optimizing for fairness
disparities and impact when choosing a fairness constraint. The
problem with this trade-off is that mitigated models sometimes do
more harm than unmitigated models and we saw that the disad-
vantaged group experienced negative impacts the majority of the
time when mitigated models were used. We find ERP-constrained
and unmitigated models outperforming other models with respect
to the disadvantaged group’s impact (see top plots of Figure 5 and
Figure 6), while the DP-constrained and EOO-constrained models
have the lowest impact results.

Balanced datasets may not solve inequalities. Our results
also show that the disadvantaged group does not necessarily ben-
efit when a model learns from a synthetic training set that does
not match the real-world population’s composition. In most cases,
they will be treated similarly or worse than if they were being
classified by an unmitigated model. When using test sets with the
same composition as the training sets, the disadvantaged group
tends to see an increase in impacts as they increase their label and
demographic-ratios. However, when the test sets match the base-
line data (representing the real-world), we see the impacts mostly
stagnating or dropping. These results emphasize that imbalanced
demographic group and label data should not be assumed to be a
problem. We acknowledge though a limitation in our experiments
is that the data the models are trained on only includes two features.
We leave further impact investigations with datasets that include
larger feature sets for future work.

Impact is a key factor not usually accounted for. The
weights of the harms and benefits that make up the impact function
play a vital role in the impact results and its interpretation. We
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argue that impact results can be used to assist practitioners in de-
ciding which fairness constraint to pick. They can decide what the
appropriate trade-offs for fairness disparities and impact are (since
they can have contradicting best fairness results) when optimizing
for their model results. With that said, when impact is a key con-
sideration and certain conditions hold, fairness constraints might
not be sufficient. Impact-driven constraints or methods should be
developed that consider the weights of different model outcomes
and not only the model outcomes like many fairness notions do.
Potential future work can also consider how to represent impact
when there is not a clear feature (like credit score in our case) that
is related to model outcomes.

8 CONCLUSION
In this paper, we assumed that a false positive model outcome has a
negative impact and investigated if, in that case, mitigated models
benefit the disadvantaged group or further harm them. To explore
this, we used the loan repayment example and tested how fairness
constraints and dataset composition affect the impacts on demo-
graphic groups. Our experiments, in the case of our loan repayment
example under certain conditions, showcased that impact was wors-
ened for the disadvantaged group the majority of the time when
testing supposedly “fair” models. We highlight though that impact
highly depends upon the context. Our key finding is that there is a
trade-off between fairness constraints and impact.

We argue that including notions of impact while testing mit-
igated models before they are deployed is crucial. Testing these
models with those impacts can aid practitioners in choosing the
fairness constraint that matters most for their use case. Lastly, we
emphasize that decreases in fairness disparity metric values in mit-
igated models do not necessarily equate to decreases in negative
impacts on the disadvantaged group.
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A EXTENDED REASONING AND RESULTS
A.1 Credit Score Change Statistical Significance

Results

Figure 7: The credit score distribution statistical significance
results when using deterministically generated weights.

Figure 8: The credit score distribution statistical significance
results when using the Benchmark distribution for non-
deterministically generated weights.

Figure 9: The credit score distribution statistical signifi-
cance results when using the Equal distribution for non-
deterministically generated weights.

We include the statistical significance results for the updated
credit score distributions as a result of weights generated for im-
pact from mitigated models in comparison to unmitigated models

Figure 10: The credit score distribution statistical significance
results when using the Benchmark-Swap distribution for
non-deterministically generated weights.

(“unmit” as referred to in the Figures). In each of the Figures, they
showcase the results of the MWU-Tests, which compare credit
score distributions from each mitigated model with the unmiti-
gated score distribution for each model and by protected attribute.
We note that in the Figures TPRP (True Positive Rate Parity) refers
to Equality of Opportunity (EOO). The “B” or “W” added to the ML
model acronym on the x-axis represents if it was a Black or White
group distribution. The y-axis shows the fairness constraint used.
If the field is dark in color, the result of the MWU-test is significant
(𝑝 < 0.05), whichmeans that the credit score distributions tested are
significantly different. We give the results for all ML models when
we have deterministically generated weights for impact in Figure
7 and when we have non-deterministically generated weights in
Figures 8, 9, and 10. Deeper analysis of these results are in the main
body of the paper.

A.2 Model Performance and Reduction
Algorithm Results

Table 6 shows the model performance of our ML models. The ac-
curacy of the unmitigated model (without any fairness constraint)
trained with the GNB classifier is lower than the accuracy of the
other three unmitigated models, which all have an accuracy of 88%.
The mitigated models all have relatively similar accuracies.

Table 6: Model accuracy (in %) for all classifiers (by row) when
trained on the baseline dataset. The column, “Unmit,” shows
the results of the unmitigated models and the columns to the
right of that column specifies the fairness constraints applied
to the mitigated models with the Exponentiated Gradient
reduction algorithm for those results.

Classifier Unmit DP EO EOO FPRP ERP

DT 88.18 84.66 85.36 86.59 87.41 85.29
GNB 85.67 81.49 83.96 86.24 87.16 84.92
LGR 88.23 84.66 84.54 86.44 87.42 84.95
GBT 88.22 84.70 85.16 86.58 87.45 85.42

In our paper, we chose to use Exponentiated Gradient for our
extended experiments with the synthetic datasets as our reduction
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Table 7: The values of the fairness disparity metrics for our
mitigatedmodels (withGrid Search applied using the fairness
constraints along the columns) for all four classifiers (rows)
when trained on the baseline dataset.

Classifier DP EO EOO FPRP ERP

DT 28.17 22.79 7.46 20.82 5.26
GNB 82.42 44.22 0.63 38.21 1.27
LGR 27.84 24.81 5.53 22.02 5.21
GBT 28.17 21.54 5.9 19.28 5.32

algorithm over the Grid Search algorithm. We present the Grid
Search fairness disparity metric results with the baseline dataset
to showcase why Exponentiated Gradient was the stronger algo-
rithm for mitigating unfairness. We include Table 7 that covers the
fairness disparity results after Grid Search mitigated unfairness
in our different ML models. If compared with Table 5, we clearly
see that Exponentiated Gradient outperforms Grid Search when
dropping the fairness disparity metric values in comparison to the
unmitigated model results in Table 4.

A.3 Dataset Generation Algorithms
The algorithms we used for generating our datasets are below.
Algorithm 1 generates a tabular dataset from the original loan
repayment dataset, depending on demographic ratio and order of
magnitude. In the algorithms, when “concat” is used, we refer to the
method concatenate which happens by row (“row”) or by column
(“col”) and combines arrays into one array. Algorithm 2 generates
the subset of data with the chosen ratios (demographic-ratio and
label-ratio) that we vary and Algorithm 3 is the overall sampling
loop connecting Algorithm 1 and 2, ensuring that we generate a
dataset with the desired ratios and size.

The time complexity and space complexity of our algorithms
are 𝑂 (𝑛), highlighting that as the dataset size increases so does the
running time and storage space. In our algorithms, we focus on
the generation of one key feature for 𝑋 , but the algorithms could,
potentially, be used to sample more features; also, other features
could be generated separately. With these algorithms, we assume
we have access to a true label distribution and a feature distribution
for a key feature. However, this might not be the case.
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Algorithm 1 Create baseline dataset

Require: 𝑓1 (𝑥) ← 𝑃 (𝑋 ≤ 𝑥) {Cumulative distribution function for items},
𝑓2 (𝑥) ← 𝑃 (𝑋 = 𝑥) {Probability mass function for the label likelihoods},
𝑜𝑜𝑚 {Order of magnitude for dataset creation},
(𝑟0, 𝑟1) ← 𝑅 {Demographic group ratio},
𝑐ℎ𝑜𝑖𝑐𝑒𝑠 (𝑖𝑡𝑒𝑚𝑠, 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠, 𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑛𝑢𝑚) {Function for generating samples},
𝑟𝑎𝑛𝑑𝑖𝑛𝑡 (𝑠𝑡𝑎𝑟𝑡, 𝑠𝑡𝑜𝑝) {Function for generating random numbers}

1: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚0 ← 𝑜𝑜𝑚 × 𝑟0 {Initialize variables for number of samples by group}
2: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚1 ← 𝑜𝑜𝑚 × 𝑟1
3: 𝑖𝑡𝑒𝑚𝑠0 ← 𝑓1 .𝑣𝑎𝑙𝑢𝑒𝑠0 {Collect the values from the CDF functions for each group}
4: 𝑖𝑡𝑒𝑚𝑠1 ← 𝑓1 .𝑣𝑎𝑙𝑢𝑒𝑠1
5: 𝑝𝑟𝑜𝑏𝑠0 ← 𝑓2 (𝑖𝑡𝑒𝑚𝑠0) {Collect the probabilities from the PMF functions for each group}
6: 𝑝𝑟𝑜𝑏𝑠1 ← 𝑓2 (𝑖𝑡𝑒𝑚𝑠1)
7: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠0 ← 𝑐ℎ𝑜𝑖𝑐𝑒𝑠 (𝑖𝑡𝑒𝑚𝑠0, 𝑝𝑟𝑜𝑏𝑠0, 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚0) {Generate the samples for the groups}
8: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠1 ← 𝑐ℎ𝑜𝑖𝑐𝑒𝑠 (𝑖𝑡𝑒𝑚𝑠1, 𝑝𝑟𝑜𝑏𝑠1, 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚1)
9: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑑𝑖𝑠𝑎𝑑𝑣 ← 𝑎𝑟𝑟𝑎𝑦 ( [0] × 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚0)
10: 𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑎𝑑𝑣 ← 𝑎𝑟𝑟𝑎𝑦 ( [1] × 𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑛𝑢𝑚1)
11: 𝐷 ← 𝑠ℎ𝑢𝑓 𝑓 𝑙𝑒 ( [𝑐𝑜𝑛𝑐𝑎𝑡𝑐𝑜𝑙 [𝑐𝑜𝑛𝑐𝑎𝑡𝑟𝑜𝑤𝑠𝑎𝑚𝑝𝑙𝑒𝑠0&𝑠𝑎𝑚𝑝𝑙𝑒𝑠1] {Combine the arrays}
12: &[𝑐𝑜𝑛𝑐𝑎𝑡𝑟𝑜𝑤𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑑𝑖𝑠𝑎𝑑𝑣&𝑠𝑎𝑚𝑝𝑙𝑒𝑠𝑎𝑑𝑣] & [𝑐𝑜𝑛𝑐𝑎𝑡𝑟𝑜𝑤𝑝𝑟𝑜𝑏𝑠0&𝑝𝑟𝑜𝑏𝑠1]])
13: 𝑙𝑎𝑏𝑒𝑙𝑠 ← [], 𝑖𝑛𝑑𝑒𝑥 ← 0 {Initialize array for labels and integer variable for index}
14: for 𝑖𝑛𝑑𝑒𝑥 < |𝐷 | do
15: 𝑟𝑎𝑛𝑑_𝑛𝑢𝑚 ← 𝑟𝑎𝑛𝑑𝑖𝑛𝑡 (0, 1000)/10 {Initialize a random integer variable}
16: if 𝑟𝑎𝑛𝑑_𝑛𝑢𝑚 > 𝐷 [𝑖𝑛𝑑𝑒𝑥] [2] then
17: 𝑙𝑎𝑏𝑒𝑙 .𝑎𝑝𝑝𝑒𝑛𝑑 (0) {If true, assign negative class label}
18: else
19: 𝑙𝑎𝑏𝑒𝑙𝑠 .𝑎𝑝𝑝𝑒𝑛𝑑 (1) {Else, assign a positive class label}
20: end if
21: end for
22: 𝐷 ← 𝑐𝑜𝑛𝑐𝑎𝑡𝑐𝑜𝑙 [𝐷&𝑙𝑎𝑏𝑒𝑙𝑠], 𝐷 ← 𝐷.𝑟𝑒𝑚𝑜𝑣𝑒𝑐𝑜𝑙 (2) {Add labels to 𝐷 and drop probabilities}
23: return 𝐷

Algorithm 2 Generate subset with defined ratios

Require: 𝐷 {Whole data set [𝑥𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ∈ 𝐷 denote a sample with a 𝑔𝑟𝑜𝑢𝑝, 𝑙𝑎𝑏𝑒𝑙 ∈ (0, 1)]},
|𝑆 | {Size of our desired synthetic subset 𝑆 ⊆ 𝐷}, 𝑅, 𝐿0, 𝐿1

1: for 𝑔𝑟𝑜𝑢𝑝 ∈ (0, 1) and 𝑙𝑎𝑏𝑒𝑙 ∈ (0, 1) do
2: |𝑆𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 | = 𝑑𝑔𝑟𝑜𝑢𝑝 ∗ 𝑙𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ∗ |𝑆 | {Compute the number of samples}
3: end for
4: for 𝑔𝑟𝑜𝑢𝑝 ∈ (0, 1) and 𝑙𝑎𝑏𝑒𝑙 ∈ (0, 1) do
5: if |𝑆𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 | < |𝐷𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 | then
6: |𝑆𝑛𝑒𝑤 | = |𝐷𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 |/(𝑑𝑔𝑟𝑜𝑢𝑝 ∗ 𝑙𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ) {Adjust the set size}
7: for 𝑔𝑟𝑜𝑢𝑝 ∈ (0, 1) and 𝑙𝑎𝑏𝑒𝑙 ∈ (0, 1) do
8: |𝑆𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 | = 𝑑𝑔𝑟𝑜𝑢𝑝 ∗ 𝑙𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ∗ |𝑆𝑛𝑒𝑤 | {Adjust the number of samples}
9: end for
10: end if
11: end for
12: for 𝑔𝑟𝑜𝑢𝑝 ∈ (0, 1) and 𝑙𝑎𝑏𝑒𝑙 ∈ (0, 1) do
13: 𝑆𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ∈ 𝑆 = {𝑥𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 ∈ 𝐷 ; |𝑆𝑔𝑟𝑜𝑢𝑝,𝑙𝑎𝑏𝑒𝑙 |} {Sample the desired amount of 𝑥 ∈ 𝐷}
14: end for
15: return 𝑆
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Algorithm 3 Generation of subset loop

Require: |𝑆 |𝑑𝑒𝑠𝑖𝑟𝑒𝑑 , |𝐷 |, 𝑅, 𝐿0, 𝐿1, 𝑃 (𝑋 ≤ 𝑥) {Cumulative distribution function for items},
𝑃 (𝑋 = 𝑥) {Probability mass function for the label likelihoods}

1: 𝐷 ← 𝑐𝑟𝑒𝑎𝑡𝑒𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑆𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐𝑆𝑒𝑡 (𝑃 (𝑋 ≤ 𝑥), 𝑃 (𝑋 = 𝑥), |𝐷 |, 𝑅) {Algorithm 1}
2: 𝑆 ← 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑠𝑆𝑢𝑏𝑠𝑒𝑡𝑊 𝑖𝑡ℎ𝐷𝑒 𝑓 𝑖𝑛𝑒𝑑𝑅𝑎𝑡𝑖𝑜𝑠 (𝐷, |𝑆 |𝑑𝑒𝑠𝑖𝑟𝑒𝑑 , 𝑅, 𝐿0, 𝐿1) {Algorithm 2}
3: while |𝑆 | < |𝑆 |𝑑𝑒𝑠𝑖𝑟𝑒𝑑 do
4: 𝐷𝑛𝑒𝑤 ← 𝑐𝑟𝑒𝑎𝑡𝑒𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑆𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐𝑆𝑒𝑡 (𝑃 (𝑋 ≤ 𝑥), 𝑃 (𝑋 = 𝑥), |𝐷 |, 𝑅) {Algorithm 1}
5: 𝐷 ← 𝑐𝑜𝑛𝑐𝑎𝑡𝑟𝑜𝑤 [𝐷&𝐷𝑛𝑒𝑤]
6: 𝑆 ← 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑠𝑆𝑢𝑏𝑠𝑒𝑡𝑊 𝑖𝑡ℎ𝐷𝑒 𝑓 𝑖𝑛𝑒𝑑𝑅𝑎𝑡𝑖𝑜𝑠 (𝐷, |𝑆 |𝑑𝑒𝑠𝑖𝑟𝑒𝑑 , 𝑅, 𝐿0, 𝐿1) {Algorithm 2}
7: end while
8: return 𝑆
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