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Abstract

As the use of Artificial Intelligence (AI), especially Generative AI, becomes ubiquitous, we take
a look at the performance of these methods. We specifically focus on concept of fairness el-
ement of trustworthiness. We use Statistical Parity Difference and Equalized Odds Difference
to mathematically measure fairness. To systematically study how various factors like bias, ac-
cess to protected categories, types of intervention affect fairness and accuracy, we performed
a simulation as a multi-factor experiment. Our results indicate that accuracy and fairness (in
terms of statistical parity and equalized odds) tend to go in opposite directions. This opens up
the question of whether we can look at methods that can consider both accuracy and fairness
simultaneously.
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1 Introduction
For the last few years with the advent of GPT-4, Artificial Intelligence (AI), especially Generative
Artificial Intelligence (GenAI), is everywhere. From large to small, from government to industry
to academia, this is something everyone is talking about and using. There are multiple GenAI
platforms available easily and for free. Hence, there is no cost, no necessary training, or age
cut-off for people using this technology. Children use it for homework, banks use it for loan
decisions, courts use it to consider recidivism, universities use it for admissions, college students
use it for writing assignments and large industries use it for crucial marketing decisions. In short,
it has permeated to every section of society with not as much thought about how trustworthy
some of the methods are.

In the past, programmers or data scientists who used data to predict decisions were taught
the how, what, why and when as part of their training, but with the deployment of GenAI, this
is not the case. This democratization of GenAI is not necessarily a good thing since people who
are using GenAI do not often understand how the methods work and more importantly what
its limits are and its appropriateness and trustworthiness. This lack of scrutiny may contribute
to the production and spread of massive and dangerous misinformation (Capraro et al., 2024).
Thus, we have a very powerful tool in the hands of the general population, and so, the imme-
diate question is, how often is this used and applied in situations where it is not appropriate
mathematically, sociologically or ethically. Further, there is little understanding of how often are
these tools being used, when it is mathematically feasible for use, but there are ethical questions.
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Ethical challenges introduced by GenAI can be defined by five primary domains, such that, bias
and discrimination, misinformation and deep fakes, data privacy violation, intellectual property
issues, and accountability and explainability (Surbakti, 2025).

In this paper, we will address trustworthiness from the angle of fairness that falls under
the domain of bias and discrimination. We would like to reiterate (Chouldechova, 2017) that
“fairness” is not a statistical concept rather a social and ethical concept. Further, methods could
be fair but for a particular criteria may exhibit “disparate impact” for another criteria. It is also
important to note that both Kleinberg et al. (2017) and Chouldechova (2017) have pointed
out the impossibility result that when the underlying groups have different prevalence, then the
different fairness measures used like calibration, error-rate balance, being better than a random
guess, will not be compatible with each other. To avoid these issues we focus on the criteria of
statistical parity and equalized odds which fall under the umbrella of error-rate balance. Unlike
(Chouldechova, 2017; Kleinberg et al., 2017) and others, we do not look at the compatibility of
different measures of fairness.

If we really get down to it, GenAI is data based decision making. Thus, it is important
to look at the history and trajectory of data based decision making and why ideas of fairness,
informed consent and subject welfare are crucial. Looking at history is critical so that we do not
make the mistakes that were made in the past.

The idea of using data and empirical evidence or data for decision making has been going
throughout history. There is evidence of data collection in terms of census, crop yield and
trade from prehistoric era. Chinese, Egyptians, Babylonians used empirical evidence to impose
taxes and allocate resources. This topic was discussed by Graunt (1662) in the 17th century,
discussing mortality in public health decisions. As probability theory developed – the idea of
statistical inference started taking shape. Though there are multiple evidences of using data to
make decisions (Florence Nightingale and the Crimean War etc.) (Nightingale, 1858), the idea
of collecting data for making specific decisions emerged in the 1920. However, then the concepts
around ethics and fairness were not front and center. As a result, there are various examples
of unethical data collection throughout history where no effort was made to instill trust. Stark
examples include Tuskegee Syphilis Study (1932–1972) (Reverby, 2009) and Nazi experiments
(Lifton, 1986) where testing and data collection were done without permission and violating
both trust and ethical principles.

Figure 1 traces the progression of data analysis from simple, early practices to more ad-
vanced analytical approaches, showing how modern data-driven methods developed from earlier
foundations. The first major breakthrough in terms of ethics in data collection was the Nurem-
berg Code (1947) (Nuremberg Military Tribunals, 1949). This was followed by The Declaration
of Helsinki (1964) (World Medical Association, 2013) and the Belmont Report (1979) (National
Commission for the Protection of Human Subjects of Biomedical and Behavioral Research,
1979). These were the guidelines to research principles of ethical collection and use of data. The
Belmont report emphasized the concepts of respect for persons, beneficence and justice and im-
plicitly trustworthiness. And these remain the cornerstone for data collection, statistical design,
data analysis, and reporting. Ideas of informed consent, privacy, confidentiality and transparency
in reporting are now the accepted norms of research practice. But these days the questions are
creeping up again. As we face the age of large repositories of generated data we are again faced
with same ethical dilemma. The data used to train some of the GenAI predictions are often not
collected with explicit consent. The current trend of “publish or perish” in academia has led
to issues with reproducibility and transparency in research (Ioannidis, 2005). Ethical challenges
arising from GenAI have been studied in different capacities in different fields (Doshi-Velez et al.,
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Figure 1: A historical timeline of data-driven decision making and the evolving role of ethics.

2017; Gupta et al., 2024; Haltaufderheide and Ranisch, 2024; Tabassum et al., 2025). In this
paper, we look at the fairness angle of trust and discuss two related metrics. In Section 2, we
lay the foundation by discussing the concepts of fairness and unbiasedness and discuss two sta-
tistical measures of fairness. In Section 3, we describe our simulation experiment and the data
generation process. Our results are provided in Section 4. We discuss our findings and talk about
future research in Section 5.

2 Fairness Versus Unbiasedness: Definition and Context
We would like to first distinguish the concept of “fairness,” which is getting some attention these
days and unbiasedness. One of the main tenets of statistical design is the idea of unbiasedness.
The ideas of randomization, replication and local control all contribute to the idea that the
study we design is unbiased. Unbiased is defined to be free from prejudice and favoritism by the
Merriam-Webster Dictionary. As fairness takes center-stage, the immediate question is whether
fair and unbiasedness are the same. Merriam-Webster Dictionary defines fair to be marked by
impartiality and honesty: free from self-interest, prejudice, or favoritism. While often used inter-
changeably, these are subtly different. Unbiasedness is more of absence of favoritism or skew but
fairness is about equitable treatment of all groups. Hence, in the idea of fairness we assume that
there are multiple groups and while this is not necessary in unbiasedness. In this paper, we focus
on the idea that fairness that can be measured by metrics existing in the literature: statistical
parity (defined by (Darlington, 1971) and popularized in AI literature by (Chouldechova, 2017))
and equalized odds (which was introduced by (Dwork et al., 2012; Hardt et al., 2016)).

Unbiasedness, or being correct on average, is always the aim, we will look at some scenarios
where biases exist and discuss some common sources of bias. Some of these biases could also give
rise to unfairness. We will denote D as the data set used to train our models and 𝒫 as the popu-
lation on which we would like to make our decisions. While D ⊂ 𝒫 , it is not necessarily a random
sample. The response or target variable Y is generally a class, X is the collection of explanatory
variables or features that is used to predict the class variable, Y , and A is a group variable that
can be considered “protected” in some fashion. Further, we are not assuming that A ⊂ X, i.e.
that the protected group may or may not be a part of the explanatory variables studied.

2.1 Sources of Bias
The primary sources of bias that are relevant to our setting are presented here briefly. These
sources of bias are not necessarily mutually exclusive, meaning they may appear simultaneously
in practice.
• Data Bias. This type of bias happens when the data used to train the models are not

representative of the population of interest. Symbolically, given a dataset D = {(Xi, Yi)}ni=1,



206 Uddin, B. et al.

bias may arise if the marginal distribution of X, P(X) in the dataset is not representative of
the true population. This bias often present when we try to use scraped or generated data
where randomization is not considered. Shifts in the data from training to testing is one of the
common causes of data bias. These shifts have been defined and studied in previous literature
(Quionero-Candela et al., 2009; Federici et al., 2021; Koh et al., 2021; Shao et al., 2024).

• Label Bias. Label biases may happen when the target variable has some inherent biases
in the training data. Historical bias of certain classes of Y given X in the training, is one
very good example of label bias. Hence, the conditional distribution of Y given X, P(Y | X)

is skewed. Label bias in hiring is commonly discussed. If historically a certain group was
favored for a certain job, training data remain biased and impact the model’s performance
trained on them (Barocas and Selbst, 2016).

• Algorithmic Design Bias. This bias arises from the algorithm design used during the
training. The optimization function:

min
θ

∑︂
i

L(fθ (Xi), Yi) (2.1)

may prioritize accuracy over other criteria, leading to bias. Therefore, the learning procedure,
including the objective function, constraints, and evaluation criteria are very important. The
most common approach to fairness is axiomatic. We may choose a fairness criterion and
ensure the model satisfies it by constrained learning, or we may post-process the learning
(Corbett-Davies et al., 2023; Weerts et al., 2024). If we make the model “fair” according to
some selected criteria, we may overlook some alternative policies that may be better for the
overall well-being of protected groups. Therefore, we may consider fairness constraints as
policy choices and design the algorithm accordingly (Corbett-Davies et al., 2023).

2.2 Statistical Measures of Fairness
Fairness is not a statistical concept and how we measure fairness depends upon its inherent
definition. The study of fairness in the ethics and philosophy literature is complicated as it is
defined under multiple (sometimes competing and complimentary) lenses. For the purpose of this
paper we are defining fairness as equitable treatment across groups. Out of the various metrics
available we focus on two measures, equalized odds and statistical parity. We need to emphasize
that these fairness evaluation metrics are used post hoc, their interaction with the generalization
guarantees from classical learning theory is not well understood yet. Further, complicating the
matter several recent papers (Dwork et al., 2012; Barocas et al., 2023; Kim et al., 2019; D’Amour
et al., 2022) reveal that models that are fair and accurate on training dataset may exhibit severe
fairness violations on unseen data.

In our context, along with the set of explanatory variables, X, there is A which comprises of
groups and we are interested in the fairness across the groups. To keep our notations simpler, we
will set up the fairness metrics assuming that we are predicting two classes, Y ∈ {0, 1} and the
attribute A has two groups a and b. This is done for simplifying notation and can be generalized
to multiclass predictions and multiclass protected attribute. We discuss the two measures of
fairness considered in our paper here.
• Statistical Parity. The concept of statistical parity is an old one. It has existed since the

1970s (Darlington, 1971). However, it was popularized in AI literature later (Chouldechova,
2017). A classifier f predicts Y , given X, satisfies statistical parity if:

Pr(f (X) = 1 | A = a) = Pr(f (X) = 1 | A = b), (2.2)
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with Ŷ = f (X) as the predicted outcome. This is commonly used for evaluating fairness.
A classifier is considered fair if the prediction probability remains identical for all groups
of A. This can be thought of as Ŷ ⊥ A, i.e., the prediction is independent of the protected
attribute. An alternative term used for statistical parity is demographic parity.

• Equalized Odds. Equalized odds is a newer idea (Dwork et al., 2012; Hardt et al., 2016).
In Equalized Odds, we take a step further than the statistical parity and interested in seeing
if Ŷ ⊥ A given the true outcome. We try to look at if the true positive rate (TPR) and false
positive rate (FPR) are equal across all groups of A. This can be written as:

Pr(f (X) = 1 | Y = y, A = a) = Pr(f (X) = 1 | Y = y, A = b), (2.3)

where the feature vector, X includes the protected attribute A ∈ {a, b}, and here, y ∈ {0, 1}.

3 Experimental Setup
To look systematically at fairness, we performed a multi-factor designed simulation study. The
simulation experimental design systematically evaluates how different sources of bias, bias levels,
access levels, and fairness interventions interact to affect accuracy, statistical parity and equalized
odds.

The following are the input for the experiment.
• Sources of Bias (3 levels): It denotes the types of data-generating bias, including linear bias,

nonlinear bias, and label noise.
• Bias level (3 levels): We have low, medium, and high biases, representing increasing magni-

tudes of bias levels. This is nested within the Source of Bias.
• Access (2 levels): It represents full or no access to the protected attribute during model

training.
• Intervention (2 levels): We utilized no intervention, and postprocessing based on equalized

odds.
The combination of these factors results in a 3(3)×2×2 = 36 design, yielding 36 distinct ex-

perimental configurations. Each configuration represents a specific situation under which models
are trained, interventions are applied, and metrics are computed. This structure allows a quan-
titative decomposition of performance and fairness outcomes into main effects and interactions
across bias sources, bias levels, access levels, and intervention strategies.

3.1 Evaluation Metrics

To evaluate the effect of the factors, we considered the metrics, overall accuracy, absolute statis-
tical parity difference (SPD), and absolute equalized odds difference (EOD). Metrics are defined
so that smaller values of SPD and EOD indicate higher fairness, while higher accuracy measures
better predictive performance.
• Accuracy. Accuracy is exactly what the name indicates. How often are the predictions

correct. In other words out of the total number of predictions made, what percent of them
are correct.
For predictions Ŷi and true labels Yi ,

Accuracy = 1

n

n∑︂
i=1

1{Ŷi = Yi}.
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• Statistical Parity Difference (SPD). We discussed Statistical Parity in 2.2. The absolute
difference between the positive prediction rates, or the TPR, between the two groups of
interest is defined as the statistical parity difference:

SPD = ⃓⃓
𝔼[Ŷ | A = a] − 𝔼[Ŷ | A = b] ⃓⃓

.

A value of zero corresponds to perfect parity, while larger values indicate stronger group-level
imbalance in predicted outcomes.

• Equalized Odds Difference (EOD). The absolute difference between the equalized odds
(discussed in the subsection 2.2) is defined as the Equalized Odd Difference. It measures
group-level disparities in TPR and FPR and, thus, accounts for SPD, along with FPR:

EOD = max
(︂⃓⃓

TPR1 − TPR0

⃓⃓
,

⃓⃓
FPR1 − FPR0

⃓⃓)︂
,

where

TPRg =
∑︁

i 1{Yi = 1, Ŷi = 1, Ai = g}∑︁
i 1{Yi = 1, Ai = g} , FPRg =

∑︁
i 1{Yi = 0, Ŷi = 1, Ai = g}∑︁

i 1{Yi = 0, Ai = g} .

Both SPD and EOD are reported in absolute value to ensure comparability on a common
scale [0, ∞), where 0 denotes perfect fairness. While SPD and EOD are related in that they
both aim to quantify group-level disparities in outcomes, they fundamentally capture different
aspects of fairness. Therefore, satisfying one criterion does not imply the other. For example, a
classifier may equalize acceptance rates across different groups, resulting in low SPD but still
failing to equalize false positive or false negative rates, which may result in higher EOD.

3.2 Data Generation Processes

We consider a binary protected attribute A ∈ {0, 1} to maintain conceptual clarity and compu-
tational simplicity throughout the experiments. Let the sample size be denoted by n ∈ ℕ and
the feature dimension by d ∈ ℕ. All experiments are conducted under this general framework
unless otherwise specified.

Data are generated by the methods given below. Once the structure is set, we took ten
random samples as replications. This allowed us to also study variability within a data generation
structure. The details of the data generation relating to these three types of bias are given in
the Supplementary Material. We would like to clarify that the bias we are adding is related to
fairness as we are assuming that there is a protected attribute A in the study design.

3.2.1 Types of Bias

The types of bias we utilized in our setting are discussed here.
• Linear Bias We introduce a mean shift in the first feature. We also have a direct effect

coefficient γ ∈ ℝ quantifying the impact of the protected attribute A on the outcome Y .
Formally, let m = (1, 0, . . . , 0)⊤ ∈ ℝ

d , and define the observed feature vector as so that
Xi | (Ai = a) ∼ 𝒩 (μa, Id). A latent score is then specified as Z⋆

i = m⊤Xi + γAi + εi , from
which the binary response is obtained as Yi = 1{Z⋆

i > 0}. This process induces bias through
γ and the decision boundary vary systematically across the groups defined by the protected
attribute, resulting in a direct structural form of unfairness.
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• Nonlinear Bias This is similar to the process of linear bias, except instead of inducing the
bias γ linearly, we use non-linear functions like sine functions and log functions to induce
the bias.

• Noisy Outcome Process This data-generating process introduces label noise depending
on the classes in the observed responses. Although the process of data generation is same as
the linear bias process, the responses are corrupted with unequal probabilities for different
groups of A which results in asymmetric mislabeling. Using the notation in the linear bias,
we define qa, qb ∈ [0, 1] the probabilities of corrupting the response for individuals with
A = a and A = b, respectively. We first generated features and outcomes using linear bias
mechanism. The observed outcomes are then altered with probability qa conditional on the
class of the protected attribute, Pr

(︁
Y obs

i ≠ Y new
i

⃓⃓
Ai = a

)︁ = qa.
When qa ≠ qb, one subgroup experiences a higher level of output corruption than the other,
which leads to a systematic disparity in label reliability. This process imitates real-world
situations where class-dependent mislabeling may occur, such as biased historical records or
diagnostic data across different groups of A.

3.2.2 Bias Levels

Every bias family is evaluated with three levels of magnitude, such as, low, medium, and high
which corresponds to a systematic increase of degrees of dependence between A and the data-
generation processes. For each data generation process, only one bias-controlling parameter is
varied systematically to make different processes comparable.

In the linear bias process, the direct effect coefficient γ controls the bias levels. The param-
eter takes values γ ∈ {0.2, 0.6, 1.0} which represents low, medium, and high bias, respectively.

In the nonlinear bias process, the scaling parameter ascale controls the levels of bias. The
parameter varies over {0.5, 1.0, 1.5}.

In the noisy outcome process, the linear bias process is employed to generate clean data
first. The bias level is then defined by a three parameters (γ, qa, qb), where γ is the parameter
from linear bias process and (qa, qb) denote the label corruption probabilities. The configura-
tions for low, medium, and high bias are (0.2, 0.05, 0.10), (0.6, 0.05, 0.20), and (1.0, 0.05, 0.35),
respectively.

3.2.3 Access Levels

This factor concerns with the levels of access of A to the model during training and testing. We
have two different levels, such as, full access or no access to protected attribute, A. In different
scenarios, A may or may not be available to the learning algorithm.

Under full access, the protected attribute is available during all stages, which allows the
models to utilize protected attribute explicitly. When we have no-access, A is entirely withdrawn
from the dataset, and models are blind to any direct information about A.

3.2.4 Intervention Levels

This experimental factor specifies the fairness interventions that are used to make the predictions
fair. Let the training set be (Xtr, Atr, Ytr) and define corresponding validation and test sets. We
consider two intervention types.
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• No intervention. The model is trained directly on (Xtr, Ytr) without using A:

f̂none = arg min
f ∈ℱ

ℒ(Ytr, f (Xtr)).

• Postprocessing based on Equalized Odds. Given fitted scores p̂i = f (Xi), thresholds
are found to satisfy approximate equality of false positive and false negative rates between
groups:

Pr(Ŷ = 1 | A = 0, Y = y) ≈ Pr(Ŷ = 1 | A = 1, Y = y), y ∈ {0, 1}.
All hyper-parameters were fixed across all experimental runs to ensure that differences that
are observed are only due to the factors. Since model choice is not a primary variable of
interest, these algorithms serve as representative learning functions for fairness evaluation.

4 Results
The following presents the aggregated results, highlighting the main effects of individual factors.
We looked at the first-order interactions on model performance and fairness measures as well.
But the results did not provide as much insight as the main effects. We will focus on the main
effects here. Figures 2–4 give us the plots of the main effects. The interesting piece here is that
the accuracy and the fairness metrics of SPD and EOD are diametrically opposite.

Figure 2: Main effects on accuracy. The points indicate the mean values, and the bars represent
±1 standard deviation. PP-EOD denotes the postprocessing equalized odds intervention.
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Figure 3: Main effects on SPD. The points indicate the mean values, and the bars represent ±1
standard deviation. PP-EOD denotes the postprocessing equalized odds intervention.

As the level of bias increases from low to high, accuracy rises along with SPD and EOD,
indicating that the models become more unfair. It is not surprising, since higher bias allows the
classes to be more separated, making the classification easier and boosting accuracy, even as
fairness reduces. This emphasizes that why accuracy alone can be misleading as a model may
perform well by exploiting biased pattens already present in the data. A similar trade-off appears
when fairness interventions are applied. Moving from no intervention to the post-processing EOD
leads to accuracy drops sharply, while SPD and EOD decrease as intended. When the model
has no access to the protected attribute, accuracy goes up, but SPD and EOD also increases,
suggesting that ignoring protected attributed does not eliminate bias and may even worsen it by
allowing proxy variables to take over. Finally, while linear versus nonlinear does not drastically
change accuracy, the nonlinear setting tends to produce more extreme SPD values. Overall,
improving fairness typically comes at the cost of accuracy.

In Table 1, we provide the mean and standard deviation of accuracy across the groups.
In general, we see that average accuracy is higher in the situations where no intervention was
done compared to the intervention of post-processed EOD. This is in line with past literature
that if measures are taken to preserve fairness, accuracy suffers. The interesting finding is that
the standard deviation of the accuracy does not change much across the conditions and across
interventions or not. We see that access to the protected attribute does alter accuracy. When
no intervention is made and there is a protected attribute but the model does not have access
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Figure 4: Main effects on EOD. The points indicate the mean values, and the bars represent ±1
standard deviation. PP-EOD denotes the postprocessing equalized odds intervention.

to the attribute, it reduces accuracy slightly in general. However, the pattern reverses when
post-processing EOD intervention is used. Here, the accuracy tends to increase from full access
to no access. Our conjecture is that might be an overkill as post processing EOD is already
taking the protected attribute into consideration.

In Tables 2 and 3, we look at the mean and standard deviation of the Statistical Parity
Difference and Equalized Odds Difference. However, the interesting thing to note is that in
the EOD (where 0 is perfectly fair, in the sense of equalized odds across groups), we can have
numbers as high as 0.59 when bias is high, and the protected variable is in the data set, but
no intervention is made. For SPD in that case, we have 0.46, which indicates an unfair model.
However, accuracy was 0.83 showing a higher than average “high performing model”.

This observation that accuracy and Fairness behave in opposite manner is particularly
relevant in high-stake environments such as healthcare, criminal justice, financial domains etc.,
where violation of fair outcome under shifts may have severe social consequences and accuracy
of the model does matter. Various sources of bias can affect social groups disproportionately.
This raises some more questions than there are answers, and begs the validity of use of accuracy
as the only metric of choice, as is done in most ML/AI models. There is some work on this topic
in the computer science arena, (Dutta et al., 2020) and related papers.
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Table 1: Accuracy mean and standard deviation by groups.

No intervention Postprocess EOD
Family Bias Access Mean Std. Mean Std.
linear high full 0.829 0.012 0.723 0.033

none 0.808 0.018 0.808 0.018
med full 0.808 0.012 0.705 0.037

none 0.795 0.015 0.795 0.015
low full 0.780 0.015 0.647 0.110

none 0.780 0.015 0.780 0.015
nonlinear high full 0.854 0.017 0.719 0.066

none 0.853 0.017 0.853 0.017
med full 0.813 0.027 0.608 0.135

none 0.813 0.026 0.813 0.026
low full 0.780 0.029 0.624 0.081

none 0.780 0.030 0.780 0.030
noisy outcome high full 0.800 0.023 0.669 0.129

none 0.795 0.017 0.795 0.017
med full 0.801 0.012 0.667 0.081

none 0.794 0.014 0.794 0.014
low full 0.778 0.014 0.615 0.096

none 0.778 0.014 0.778 0.014

Table 2: Statistical parity difference mean and standard deviation by groups.

No intervention Postprocess EOD
Family Bias Access Mean Std. Mean Std.
linear high full 0.462 0.022 0.045 0.042

none 0.285 0.285 0.028 0.028
med full 0.434 0.027 0.043 0.037

none 0.302 0.302 0.036 0.036
low full 0.353 0.036 0.039 0.049

none 0.327 0.327 0.030 0.030
nonlinear high full 0.623 0.133 0.036 0.117

none 0.603 0.603 0.038 0.038
med full 0.451 0.057 0.047 0.089

none 0.423 0.423 0.036 0.036
low full 0.231 0.032 0.042 0.047

none 0.216 0.216 0.037 0.037
noisy outcome high full 0.350 0.000 0.088 0.000

none 0.323 0.323 0.048 0.048
med full 0.398 0.000 0.053 0.000

none 0.309 0.309 0.035 0.035
low full 0.349 0.000 0.043 0.001

none 0.334 0.334 0.037 0.037
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Table 3: Equalized odds difference mean and standard deviation by groups.

No intervention Postprocess EOD
Family Bias Access Mean Std. Mean Std.
linear high full 0.592 0.107 0.030 0.057

none 0.185 0.085 0.185 0.085
med full 0.483 0.114 0.042 0.054

none 0.236 0.082 0.236 0.082
low full 0.334 0.095 0.028 0.036

none 0.289 0.079 0.289 0.079
nonlinear high full 0.457 0.106 0.062 0.073

none 0.390 0.093 0.390 0.093
med full 0.273 0.061 0.030 0.043

none 0.239 0.052 0.239 0.052
low full 0.157 0.042 0.032 0.040

none 0.140 0.044 0.140 0.044
noisy outcome high full 0.291 0.215 0.000 0.000

none 0.171 0.077 0.171 0.077
med full 0.407 0.141 0.000 0.000

none 0.221 0.083 0.221 0.083
low full 0.303 0.084 0.000 0.001

none 0.280 0.073 0.280 0.073

5 Conclusion
To some extent, our results are not earth shattering and has been conjectured by others in the
past, that focus on accuracy might be achieved at the cost of fairness. However, to the best of
our knowledge, this is the first systematic study of the various factors that have a role in these
models. Our simulation design looked at protected groups and how the interventions do help
to establish fairness. The one glaring issue we still have to talk about is that, the models are
trained and tested using accuracy as the only metric for optimization. The intervention of post-
processing EOD is done post-hoc. How we bake in fairness in the algorithm itself by potentially
looking at another optimization criteria is an open area of research.

The limitations of this study is that we are relying on existing software and methods for the
simulation and on our data generation scheme. Further, fairness is a very fluid term and different
definitions of fairness exist. It has been shown in the past that these metrics of fairness are often
at odds with each other. For this study, we focused on the definition of equitable treatment across
groups as our definition of fairness and measured it using two metrics that are known in the
literature, statistical parity difference and equalized odds difference. Hence, other definitions of
fairness may not provide the same results as ours. As a matter of fact, the impossibility results
(Chouldechova, 2017; Kleinberg et al., 2017) clearly talks about the different measures of fairness
could be at odds with each other and cannot be satisfied at the same time. Hence, our results are
only applicable to the fairness metrics we used. However, from a statistical perspective equality
across groups, made the most sense to us for measuring fairness.

While we present results from the 3 crossed and one nested factor in this paper, we would
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like to point out that we did try other factors and other simulations, but the results were similar.
Another limitation of this study is esoteric, if we do not have access to the protected group,
how can we use it and look at fairness. We only looked at very specific types of bias and specific
types of protected groups but the overall results are clear. Higher accuracy is often at the cost
of fairness as measured by our chosen metrics. There is much work to be done in this area and
we hope that statisticians and data scientists look at this as an open area of research. However,
the fact that statisticians are looking at trustworthiness and taking fairness into account in
algorithms is a welcome sign. We are currently working on developing hybrid methods that can
optimize both fairness and accuracy simultaneously. But there is much work to be done in this
arena and somehow hasn’t been discussed in the statistics literature. There are open questions
about how to bake in fairness into the optimization algorithms. We hope our work serves as a
call for more research in this area.

Supplementary Material
The supplementary materials include Data generation process described in 3.2 as well as the full
Python code. The Python implementation is also available at Https://github.com/borhan-stat/
fairness-simulation-paper.
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