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Abstract

Evaluating the fairness in the performance
of machine learning methods

Ming Yuan

Chair of the Supervisory Committee:
Professor Ankur Teredesai
Department of Computer Science and Systems

Machine learning plays an increasingly important role in our lives, tackling both prevalent
and specialized but high-risk problems. Motivated by legislation, responsibility to ensure
transparency and accountability of machine learning methods and needs to maintain public’s
trust on the algorithms used in our lives, researchers have paid much attention to the fairness
issue in machine learning. There are many methods developed to measure, reduce and even
eliminate the fairness issue for both general and specific settings or algorithms. In this
project, we focus on fairness in classification machine learning problems in healthcare which
is one critical field of the application of machine learning. We found a general way to detect
the fairness issue in the performance of machine learning methods and found the general
solutions to address the issue in all the dimensions of data, method and metrics. We also
introduced fairness threshold to help reduce the fairness issue without retraining the model

and performance boundary to help analyze the effect of the methods we tried.
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Chapter 1

INTRODUCTION

Machine Learning has been deeply involved in our life in many ways in the last ten years.
There are widespread algorithms [1] which are parts of everyone’s everyday life. For instance,
recommendation systems, which could suggest items to people by predicting their preference
for that item, play an important role in many e-commerce sites such as Amazon, Netflix, or
the like, and social media platforms [2]. There are also higher-stakes specialized algorithms
[1] which are less prevalent but demand higher accuracy, like the ones used for criminal

justice[3] and financial decision [4].

1.1 DMotivations

Considering the high level of impact, fairness in machine learning becomes a critical issue.
Fairness is motivated in many fields by national and international legislation. The Uni-
versal Declaration of Human Rights [5], which is a milestone document in the history of
human rights, outlined equality and freedom from discrimination as basic human rights [6].
The Declaration, although is not binding, has been elaborated and ratified in subsequent
international treaties, national constitutions, and other laws [7, 8, 9].

Furthermore, the concern about the fairness issue is also about ensuring transparency
and accountability of the machine learning methods being used [10]. We should be able
to explain the performance of the algorithm and guarantee what would happen when the
algorithm are involved in making decisions in our real lives. To find the ways to detect
and address the fairness issue could also help maintain public trust and protect the social
contract [11] because the technology plays such an important role in everyone’s life that it

will influence their interests a lot.



1.2 Objectives

Fairness is critical in many places, but healthcare is important. This is because the algorithms
used in the field of health care can be both widespread and specialized. Health issue is one of
the most important issues in everyone’s daily life, and it could be involved in decisions with
life-or-death consequences which makes the accuracy of the methods being used critical. For
instance, the FutureMatch, a framework proposed by Dickerson and Sandholm[12], is used to
help make decision in kidney exchanges, which is to determine which patients receive which
kidneys.

In this thesis, our focus is to identity in healthcare the protected features such as age,
gender, race and measure and address the fairness issue in the performance of Machine
Learning algorithms over the healthcare datasets which is used for classification problem.

To be more specific, we have studied the following problems:

e [dentify fairness in performance of machine learning methods;

e Determine if protected features and sampling affect the performance and fairness of

machine learning methods;

e Find the fairness threshold, the performance corresponding to which is comparatively

fair and also comparable.



Chapter 2

RELATED WORK

There has been plenty of evidence showing that when machine learning algorithms learn
from data, intentional or unintentional discrimination can happen [13]. In particular, the
researchers showed concerns for and discussed about the fairness issue in machine learning
systems, including the fields of natural language processing [14], image classification [15],
etc, and the problems of target advertising [16], judicial sentencing [17], etc. And all these
discussion have proven that the machine learning methods could inherit bias from data and
create disparate treatment across categories [18]. Regarding to the fairness issue showed
in these findings, researchers are paying more and more attention to fairness in machine
learning. For instance, many companies, like Google [19] and Amazon [20], have announced

the AI ethics board emphasizing the importance of fairness in Al.

2.1 Fairness in Healthcare

The fairness issue in healthcare has began to draw the researchers’ and public’s attention
[21] as well. The awareness and study of unfairness in this field depend not only on the
development of detecting and addressing methods, but also on discovery in medicine. Herman
et al. [22] have found the difference in the level of HbAlc, which is a widely used index to
predict onset of diabetes, across different race, which means the performances of the machine
learning model for predicting the diabetes using HbAlc as an index [23, 24] may also be

different across race categories.



2.2 Detect and Measure the fairness issue in Machine Learning

Researchers have developed many methods to detect and measure the fairness issue based on
different definition of fairness in ML. Zliobaite has listed [25] several statistical methods and
comparison functions to detect or measure the fairness issue in ML based on the prediction
or classification results, like Normalized Difference [26] which is normalized mean difference
for binary classification used to quantify the difference between groups of people. Tramer
et al. [27] has introduced unwarranted associations (UA) framework to detect the fairness
issue in data-driven applications by investigating associations between application outcomes
and sensitive user attributes. There are also some detection methods developed for specific

problems or algorithms, like the detection methods for ranking algorithm [28, 29].

2.3 Address the Fairness issue in Machine Learning

The solutions to address the fairness issue are mainly developed for specific algorithms or

specific settings, and they have been designed under the following three strategies [30]:

e Pre-processing: preprocessing the datasets to eliminate sources of the fairness issue
in data. Feldman et al. [31] proposed a method to remove unfairness in dataset by

changing the attributes to repaired version.

e In-processing: sanitizing algorithms or adjusting machine learning process, such as
adding the regularizer to the model. Calders et al. [32] developed constrained linear
regression models imposing constraints into the process of minimizing squared error
to control the fairness issue. Karmiran et al. [33] designed a regularization approach
for prediction algorithm with probabilistic discriminative models to remove prejudice

which is one source of the fairness issue.

e Post-processing: adjusting trained model or performance to make it more fair. Karmi-
ran et al. [34] proposed the construction of a decision tree classifier without the fairness

issue, which made adjustment on both training process and trained model.



Chapter 3
DESIGN OF THE EXPERIMENT

3.1 Definition

3.1.1  Fairness in Machine Learning

In the context of machine learning fairness can be defined as: Each category of the protected
features should have similar performance.

For instance, the algorithms used to assess a criminal defendant?s probability of becoming
a recidivist who refer to the re-offending criminal have been increasingly used across the
nation, probation, judges and parole officers [17]. However, the study [17] has shown that
these algorithms may perform differently across different race. Far more black defendants
were incorrectly predicted to be at a higher risk of recidivism than white defendants by
Northpointe’s tool, called COMPAS (which is short for Correctional Offender Management

Profiling for Alternative Sanctions [35]).

Table 3.1: Example: Performance of Northpointe’s assessment tool across different races

White African American

Labeled Higher Risk, But Didn’t Re-Offend 23.5% 44.9%
Labeled Labeled Lower Risk, Yet Did Re-Offend 47.7% 28.0%

We could see the performance of "White’ category and ’African American’ category are
significantly different, and this is what we called ”unfairness”.
Fairness in machine learning could be studied in three different dimensions corresponding

to the three strategies to address the fairness issue:

e Fairness in dataset: Studies in dataset are mainly about the attributes of dataset, which



could be the source of the fairness issue. For instance, when one or several categories
are under-represented, when the dataset is outdated or incomplete [36], or when the
dataset inherits unintentional perpetuation and promotion of historical biases [37], the
machine learning methods may learn these disparateness and unfairness and give out
unfair outcomes. To detect this kind of attributes and to make adjustment to reduce

or eliminate the fairness issue from the source are critical.

e Fairness in model/algorithm: Studies in model/algorithm are about the design of
model/algorithm. A poorly designed matching systems [38], the inappropriately chosen
features and assumptions like correlation necessarily implies causation could all give rise
to the fairness issue [37]. Thus, we need to examine the design of the model/algorithm

and could improve the fairness in outcomes by regulating the model/algorithm.

e Fairness in metrics/results: Metrics/Results dimension focus on the fairness issue in
performance of the model/algorithm. We could develop the detection methods like
statistical test of the performance and post-processing solutions to coordinate the per-

formance.

3.1.2 Protected Features

Protected Features are the features whose categories have different performance. We have

two types of protected features:

e Known protected features: The features protected by the law, such as age, gender,

disability, race, etc [Equality Act 2010].

e Unknown protected features: The potential protected features need to be examined.
They could be found based on experience and related knowledge, like race in the
example of predicting onset of diabetes based on HbAlc. They could also be found by
experiments, which means to check all the features one by one to see the performance

of whom is different across categories.



3.2 Dataset

We have chosen three public dataset, which are dealing with the common and prevalent

problem in healthcare and whose target variables are nominal.

Table 3.2: Information of the Datasets

Name Description Size (nRows Target Variable Protected
x nFeatures) Feature(s)

Length of Stay Predict hospital length 46630 x 212 Binary (shorter stay or age, gen-
(LOS) [39] of stay longer stay) der, race
Thyroid Disease Predict the state of 3772 x 29 Multi-class (negative, age, gen-
Dataset [40] thyroxine-binding pro- increased binding pro- der

teins, which is relative tein, decreased binding

to thyroid disease protein)
Pima Indians Predict the onset of di- 768 x 9 Binary (onset or not) age
Diabetes Dataset abetes based on diag-
(PIMA) [41] nostic measures (medi-

cal predictor variables)

3.3 The Methodology

A standard machine learning process should include the steps of collecting and preprocessing
data, selecting features, training the models and getting the metrics. This project has focused
on a general way to detect and address the fairness issue in metrics step and introduced
optimal threshold to help analyze the effect of proposed solutions.

To be more specific, we measured the fairness by comparing the performance of each
category and comparing the optimal threshold chosen based on the performance of each
category, and found the fairness threshold, which allows us to have more fair outcomes
without much drop in performance. And performance in this project includes AUC score,
precision, recall and f1 score.

The optimal threshold was found based on Youden’s index [42], which is

J = sensitivity + speci ficity — 1.



Youden’s index has been used as the measure of diagnostic effectiveness. It could also be
used for selecting the optimal cut-point on ROC-curve [43], which is the optimal threshold
we want.

Besides, we also considered addressing methods implemented on data and features, in-
cluding training without the protected features, training without the important features
related to the protected feature to help reduce the fairness issue and sampling to balance the

size of each category on training dataset.

me N
IIQ\
EER
e O
_ o i e @(v@
==: S / _. t P II II Optimal Threshold
o e |
-‘l/ 4
1 L4 Detect fairness issue
HER I

Fealur\es Models Metrics

feature alinesiss Find the fair threshold
Sample: balance the
size of each category Remove the important
features related to the
protected feature

Figure 3.1: An overview of the contributions

3.3.1 Machine Learning Models

The following three popular and well-studied and well-applied in healthcare domain machine

learning models are the ones involved in this project:

o Logistic Regression [44]:
A binomial classification method used when the outcome variable is binary variable;

A method to predict the probability that the outcome is '1’, which means the item is
classified to the group represented by 1, with given input data.



e Random Forest [45]:
An ensemble learning method for classification and regression problems;

A combination of decision tree and bagging.

e XGBoost (eXtreme Gradient Boosting) [46]:

An implementation of gradient boosted decision trees with high efficient and good

performance for classification and regression problems.
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Chapter 4
EXPERIMENTS AND RESULTS

4.1 Detect the Fairness Issue in Performance

To measure the fairness in performance, we first compared the performance of each category.
As the Figure 4.1 shows, we also computed the variance of the performance of all the cat-
egories, which are 'male’ and ’female’ in this example, to quantify the difference. The less
the variance is, the less the difference is, which means the performance is more fair. In this
example, the model trained without the protected feature, gender, has more fair performance

than the one trained with all the features.

Features entire dataset Male Female var

with 'gender' 0.6831 0.6908 0.6724 0.0001693
AUC score

without 'gender' 0.6837 0.6887 0.6769 0.0000696
Precision with 'gender' 0.7156 0.7225 0.7046 0.0001602
without 'gender’ 0.7274 0.7306 0.723 0.0000289
Recall with 'gender' 0.755 0.7582 0.7506 0.0000289
without 'gender’ 0.7563 0.7590 0.7526 0.0000205
F1 score with 'gender' 0.6625 0.6682 0.6549 0.0000884
without 'gender' 0.6641 0.6683 0.6585 0.0000480

Figure 4.1: Performance of random forest models trained with and without the protected
feature (gender) on LOS dataset

What’s more, we also found the optimal threshold for entire dataset and the ones for
all the categories. And used the variance of the optimal thresholds as another criteria to

measure the fairness.

Features entire dataset Male Female var
with 'gender' 0.25 0.244 0.239 3.03333E-05
without 'gender’ 0.279 0.279 0.279 0

Figure 4.2: Optimal thresholds of random forest models trained with and without the pro-
tected feature (gender) on LOS dataset
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4.2 Threshold for Fairness and Performance Boundary

To find the threshold for fairness, we set the optimal threshold for entire dataset, optimal
thresholds for each category, and the average, median, maximum and minimum value of the
thresholds of all the categories as the candidates. And then, we computed the difference of
performance corresponding to each threshold, including precision, recall and f1 score, across

each category, and chose the one with minimum difference as the fairness threshold.

|  entiredataset Male Female Average Median Maximum Minimum var |
| 0.2208  0.003844 0.2343 0.004178 0.2228 0.003667 0.2286  0.003244 0.2286 0003244 02343 0.004178 0.2228 0.003667 5.31E-05|

Figure 4.3: Thresholds from the experiment choosing gender as the protected feature and
trained with all the features on LOS dataset before sampling, where the fairness thresholds
are marked as blue

To help analyze effect on performance of choosing different threshold, we plotted perfor-
mance boundary, including precision boundary, recall boundary and f1 score boundary, for

each fairness threshold candidate.

precision - threshold

N 0390
Entire Dataset

0385
Male
0380

Female
0375
§ 0370
&

0365

Figure 4.4: Precision boundary of the experiment in Figure 4.3, where the boundaries of
fairness thresholds are marked by orange rectangular
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The performance boundary shows that best performance does not mean fair. For instance,
the threshold based on male which is also the maximum threshold in Figure 4.4 has the
highest precision, but the it also has maximum difference, which means the performance
corresponding to this threshold is the least fair one. Furthermore, model with fair outcomes
can have comparable performance. For instance, the fairness threshold in Figure 4.4 performs
even a bit better than the performance corresponding to optimal threshold for entire dataset,

which we normally care about.

4.3 Effect of Removal of Protected Features

To make the performance of the protected feature’s each category similar to each other,
removing the protected features so that they could not influence the performance directly is
one apparent choice. Figure 4.5 is the performance of methods training with and without
protected features on LOS dataset, where the increase in performance are marked as red and

the decrease in variance of the performance of all the categories are marked as blue.

Figure 4.5: Performance of methods trained with and without protected features on LOS
dataset

The results show that:

e The variance of the performance is more likely to decrease 10% - 30%, sometimes over
60%, which means removal of protected features could help the performance become

more fair;
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e Although it seems that the performance is more likely to increase, it mostly increases
under 5%, which could be interpreted as the performance does not show significant

change.

4.3.1 Effect of Removal of Important Features Related to Protected Features

A further idea is whether we need to remove the features, especially the ones with high
importance scores, related to protected features to eliminate the indirect influence of the

protected features on the outcomes.

) e e =

62778

00020 osore 00035 09949 62500

37551 09974 00040 09338] 325000

26832 08815 00122 09526 18366 00004167

20013

oare2 __ oowr __oeas|  zoest

22266

00004 oser2 o087 09588 08410

20220 0gess 001w os4s| 14183 0.

26080

ogas  oome 093]  1asia

oass|- 2
osasz  oowee  094s| 18208 0.0008287]

21817

Figure 4.6: Performance of methods trained with and without the important features related
to the protected features on Thyroid dataset, where the increase in performance are marked
as red

Figure 4.6 is the performance of methods trained with and without the important features
related to the protected features on Thyroid dataset. The important features refer to the
top 10 features sorted by their important scores, which is calculated by how much the
performance measure would improve on each attribute split and weighted by the number of
observations the node is responsible for while training with Gradient Boosting method [47].

And it shows that:
e The variance of the performance does not decrease;
e The performance is more likely to decrease.

, which means removal of related important features is not helpful for both performance and

the fairness in performance. It is not necessary to remove these related features.
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4.4 Effect of Sampling

Taking the distribution of the protected feature ’age’ and the one of the protected feature
'race’ in LOS dataset as examples, there could be several categories under-represented, which

may introduce the fairness issue to the performance after training on them.

Age Distribution Race Distribution

m—longer stay
shorter stay

= longer stay
2000 shorter stay
20000

15000

number

10000

5000

T1xx ri
57.35% 15%
ae race

15.72%

. Race Categories
Age Categories 8
Black
/African
American
(9.13%)

Hispanic

white JLatino
9%)

(70.86%)

. Asian Other
= (L5%) | (15.72%)

(11.5%)

41-70
(31.15%)

71-xx
(57.35%)

Figure 4.7: Distribution of 'age’ and 'race’ in LOS dataset

To reduce the influence of underrepresentation of the several categories, we tried to sample
on training dataset to balance the size of each category. And as Figure 4.8 and Figure 4.9

shows, the results turn out to be more fair:

Table 4.1: Effect of Sampling

Size of Dataset

small

big

Performance: AUC score,
precision, recall, f1 score

The performance of logistic regression
and random forest may improve slightly
(under 10%, mostly around 1%) after
sampling , which may also happen when
the size of the category is small

Although the performance
is more likely to decrease
a bit, it mostly decreases
under 5%, which means
the performance does not
show significant change

Variance: variance of the
performance of all the cat-
egories

the variance of the performance is more likely to decreasel0% -
30%, sometimes over 50%, especially the performance of logistic

regression

Accuracy Boundary

the differences in performance across categories reduce
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Performance Boundaries of the experiments choosing gender as the protected
feature and trained with all the features on LOS dataset before (left) and after (right)
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Table 4.2: AUC scores and variance of AUC scores of all the categories of the experiments
choosing race as the protected feature (RF is short for Random Forest and LR for Logistic

Regression)
| AUC score ‘ Variance of AUC scores
‘ XGBoost RF LR ‘ xgboost  RF LR
with 'race’, before sampling ‘ 0.7066 0.6951 0.6557 ‘ 0.000279  0.000215 0.000169
without 'race’, before sampling ‘ 0.7069 0.6949 0.6552 ‘ 0.000286 0.000214 0.000170
with ’race’, after sampling ‘ 0.6944 0.6887 0.6436 ‘ 0.000441 0.000318 0.000331
without 'race’, after sampling ‘ 0.6918 0.6869 0.6431 ‘ 0.000391  0.000305 0.000299

By comparing the AUC scores and the variance of AUC scores of the three methods, we

could see the rank of the three methods based on AUC score is:

Logisticregression < RandomForest < XGBoost

, and the rank based on the variance in AUC score is:

Logisticregression < RandomForest < X G Boost(Race)

This could lead us to the conclusion that an accurate model does not necessarily imply fair

outcomes.
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Chapter 5
CONCLUSION

Identifying unfairness is challenging but doable. In this work, we proposed a general
way to detect the fairness issue in performance of machine learning methods. We could first
compare the performance across each category and use the variance of the performance as
a criteria to measure the fairness. Second, we could compare the optimal thresholds chosen
based on each category, the variance of which could also be used to help detect the fairness
issue.

We also found several ways to address the fairness issue. First, we could train the model
without the protected feature, which will help reduce the fairness issue but will not cause a
significant drop in performance. The second method focuses on the data dimension, which
is critical in a machine learning process, because the characteristics like underrepresentation
could be inherited or even exemplified in machine learning process. When the size of dataset
is small, or the one or several category is under-represented, we could sample the training
dataset first to balance the size of each category. Plus, sampling will help a lot in reducing
the fairness issue especially when we are using logistic regression. Finally, when we have
detected the fairness issue and preferred to address it without training the model again,
we could find the fairness threshold, which could make the performance more fair but also
comparable.

Furthermore, the comparison among AUC scores of different models and the one among
variance of AUC scores of different models lead us to the conclusion that an accurate model
does not necessarily imply fairness. The model with higher accuracy may have less fair

outcomes.
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Appendix A
RESULTS ON LOS DATASET

A.1 Introduction

The results on each dataset contain two performance sheets and one threshold sheets.

One performance sheet is for the performance of 10-fold cross validation on train dataset
and the other one is for the performance on test dataset. The performance sheet contains the
performance (which includes AUC score, precision, recall and f1 score) of entire dataset and
each category obtained from each experiment with each machine learning method. It also
contains the information about the variance of the performance of all the categories and how
much the performance and the variance would change after implementing different different
addressing solutions, include sampling, removal of protected features and removal of impor-
tant features related to the protected feature (which is only contained in the performance
sheet of 10-ford cross validation on train dataset of thyroid dataset). The increase in perfor-
mance has been marked as red and the decrease in variance has been marked as blue. The
short line, ’-’, represents that the corresponding performance is the baseline, and the slash,
'/7, represents that there is no significant different between the corresponding performance
and the baseline.

The threshold sheet contains the candidate thresholds of fairness threshold and corre-
sponding performance difference of each experiment. The chosen fairness threshold is marked

as blue.
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Figure A.1: Performance of 10-fold cross validation while choosing ’age’ as the protected

feature (LOS dataset
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Figure A.2: Performance of 10-fold cross validation while choosing ’gender’ as the protected
LOS dataset

feature




A.2.8 Performance

while choosing 'race’ as the protected feature
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Figure A.3: Performance of 10-fold cross validation while choosing 'race’ as the protected

feature

LOS dataset



A.5.1

Performance sheet for test dataset

Performance while choosing ‘age’ as the

protected feature

Fealures enire daiasel e £z . o Variance
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second number:argei<4 o 10447,34550 2479,12020, 3486,11513, 3982,11017,
nird numper: sum ater samping(train) L 44887 14989 14989 14993 ST
Tange - sample | no'age’ - sample | no'age’ - sample | _no‘age’ sample |_no ‘age’ - sample _na'age’ -
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winage' |- - 05871 |- - 05309 - - 07064 - 06433 - 0001081
afier before sampling without'age' |- -00033 06848 00103 06838 - 00011 07056 - 00014 05424|- -00468 0001031
auc | mermaizaton removeall |- -00055 058833 00041 05837 - -00061 07021 - -00042 05406 00285 0001112
(Randam win ‘age’ -00233 - 06711 00061 - 06867  -00262 - 06879 -00270 - a6259| 01625 - 0001257
Forest afier sampling wihout'age' | -00237 00037  06686| -00015 -00057 0BE28  -00283 06856 00271 -00014  0B25| 01355 -00691 000117
removeall | -00180 -00012  06703| -00007 00085 06832 05855 0001 06271) 01748 00394 0001307
wihage' |- - 07358 07596 07488 05956 0002222
afer before sampiing winoutage’ |- oguzs  orars|- 00128 07997 - 00016 075 - -00023 0s34)- 02586 0002796
precision | "oTmalzaton removeal |- -00019 07344 00143 08014 - -00123 07396 - 00085 07015 01440 0002542
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win'age' |- - 07578 |- - 05108 - - 07642 - - 07309 - 0001611
afier before sampling without'age' |- -00001 07577 |- 08108 - ’ 07642 - -00004  07306|- 00071 0001622
Hecay | MOrMalZaton removeall |- 0po04 07581 00023 0B127 - -00008 07636 - 0001 073zt |- 00243 000185
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Forest afier sampling winout'age' | -00044 -00005 07544 -00091 7 08034 -00033 / 07612 -00029 00012 07285 01308 00232 000141
removeall | -00057 -00013  07538| -00127 00012 08024 00043 -00012 07603 -00053 -00016  07282) 01607 00048 0001385
wihage' |- - 06675 |- - 07461 - - 06757 - - 08|~ - 0003421
afer before sampiing winoutage’ |- -00016 06664 |- -00055 0742 - 00006 06753 - 00018 06288|- -00535 0003238
fi scarg | Mermalizaton removeal |- 00028 06694 00016 07473 - 00009 06763 - 00055 06341 -00432 0003273
(Random with 'age’ -00184 - 06552 -00315 - 07226 -00166 - 06645 00162 - 05138 02233 - 0002657
Forest afar sampling winoutage' | -00176 00008  06547| -00240 00022 07242  -00170 -00011 06638 -00158 00016 06188 -01361 00528 0002787
removeall | -00226 .00014  06543| 00337 00007 07221 00191 00017 0634 -00235 00 5152 1858 00023 0002665
winage' |- - 0651 - 06515 - - 06641 - - 06152 - 0000536
afier bekora sampling witout'age' |- -00015 a5 -00101 05449 - -00003 06633 - 00002 06183 -0.0660 0000501
auc | Mermaizaton removeal |- -00031 0543 |- -00163 05409 - -00023 08626 - -00006  05188|- -01057 000048
(Logiste win ‘age’ -00286 - 06317 -00232 - 06364 -00315 - 06432 -00318 - a5985| 00310 - 0000553
Fegression) afier sampling winout'age' [ -00287  -00016  06307| -00274 -00145 05272  -00238 05441 -00313 07 05399 00070 -0.1004 0000487
removeall | -00288 00022  06303| -00251 00182 06248 -00288 06435 -00310 00002 o@| 00119 -0.1223 0000485
wihage’ |- - 07086 |- - 07495 - - 07156 - - 057855)- - 0001335
ater betore sampling winoutage' |- -00016  07055|- -00035 07469 - -00007 07151 - -00037 0574 00010 0001336
precigion | "OTmalizaton removeal |- -00014 07056 |- -00147 07385 - 00013 07165 - -00022  0575|- -02208 000104
(Random wih 'age’ -00116 - 05984 -00036 - 07468 -00033 - 07085 00201 - 05623 03220 - 0001764
Foresy afer sampling winoutage' | -00130  -00030  06963| -00064 -00063 07421  -00117 -00025 07067 -00191 -00027  06611| 02344 -00654 0001648
removeall | 00218 00117 06ao2| 00088 00138 0732  .00227 00117 07002 00256 00078 06577] 03365 02123 0o0013s|
winage' |- - 05275 |- - 07614 - - 05499 - - 05503 - 0011153
afier bekora sampling witout'age' |- -00027 06258 |- -00380 07325 - a 06546 - -00044 05478 -0.2295 0008588
Fecay | MOTMaIZaON removeal |- -00008 08271 -00514 07223 - 00149 06596 - -00055 05473 -02951 0007861
(Randam win ‘age’ -00184 - 06153| -00281 - 074 -00146)- 06404 -00242 - 0s37| 00761 - 0010304
Forest afier sampling wihout'age' | -00205 00037 0613| -00522 -00618 05343 -00087 00133 06483 -00277 00080  05327| -0.1912 -03258 0006346
removeall | -00053 00138 06238| -00206 00441 07074 00024 00275 0658 00033 00158 05455| 01242 03318 0006885
wihage’ |- - 08512|- - 07549 - - 06713 - - 05738 - 0008215
ater betore sampling winoutage' |- 00023 08497 -00209 07391 - 00054 06749 - -00040  05715|- -0.1296 0007151
fi scarg | Mermlizaton removeal |- -00008 06507 -00334 07297 - 00116 06791 - -00054 05707 |- -0.1968 0006589
(Random wih 'age’ -00170 - 05401 00154 - 07433 -00i28 - 08627 -00221 - 05611 00147 - 0008336
Foresy afer sampling winoutage' | -00180  -00033 0638 -00348 -00402 07134 -00087 0669 -00257 -00077  05568| -008B30 -02186 0006514
removeall | 00072 o0o0o2  0646| 00155 00335 07184 .00072 06742 00011 00160 05701| 01215 -03046 0005757
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Figure A.4: Performance on test dataset while choosing ’age’ as the protected feature (LOS

dataset)



A.3.2  Performance while choosing ‘gender’ as the protected feature

gendar
Faaures entre damset mala female Variance
EG0IMe group: esidamsat 2309,7017, 1308,4028, 1001,2988,
frstnumber:arget>=4 | pelore sampling(rain) leatures 9233,28071, 5229,16113, 4004, 11958, varlance ofhe two
second number:@rgat<4 relaed 0 9916,30082, 4800,15098, 5016, 14883, gendergroups
third number:sum aner samping(vain) gender 39398 19959 19939
Changa - sample | no'sex’ - sample | no sex’ - sampe | no'sex' sample | no ‘sex’ -

wih ‘gender |- 07056~ - 07142 - - 05834 - - 0000216

ater before samping wihoutgender |- 00005 o70s|- 00010 Q7148 - : 05334 |- 00684 0000231

e | normatzaton removeai |- -00010 07048 -00003 0714 - -00017 ogszz|- 00985 0000238
(XGBoost wih ‘gender -00103 - 05983 00126 - 07052 00069 - 06885| -03629 - 0000138

aer sampling without'gender’ -00083 00016 06984 -00118 00017 07064  -00058 00012 06834| -03747 00486 0000145

remove al -00094 | 06983] 00120 00003 07054 00055 00003 06884| 03318 00486 0000145

wih gender |- 07244]- - 07365 - - 07084 |- - 0000355

ater beoresamping | wmourgender |- 00038 o07216|- -00087 07301 - ao0zr o710a|- -05035 0000196

pracision | normalzaton removeall |- _-ooo1s|  o7asl- -00073 07311 - | oooss| orizs). -05805 0000166
(MGBoosy with ‘gender’ 00007 - 07248 -00103 - 07288 00162 - o719a| -08a74 - 405605

afier sampling wihoutgender' | 00013 -00026  0723| 00052 00035 07263 00118 -00017  07187| -0B526 .02864 2BIE-05

remove al 00010 -00012  0724| -00107 00077 07233 00164 00065 07246| -089952 09802 B.00E-07

wih ‘gender |- - 07613~ - 07674 - - 07531 |- - 0000102

ater before samping wihoutgender |- -00014  07s02|- -00031 0785 - 00011 07539 -03973 | 6.16E:05

facal | normatzaton removeal |- -00005 07608 -00026 07654 - | 00oz4| o7ssal- -04608 551605
(XGBoost with ‘gender’ . 07514] 00042 - 07642 00060 - 07576| -0.7887 - 2.18E-05

aner sampling wihout'gender’ 00007 -0.0008 07607| -00022 -00012 0.7633 00042 -00007 07571 -06883 -01183 182E-05

remove al 00001 00005 0761| 00042 00026 07622 00080 00024 07594| 09292 0A211_390E-06

wih gender |- - 06936~ - 070639 - - 05899 0000145

ater before samping winautgender’ |- -00017  06984]- -00041 0704 - 00016 0691 -04152  BA45E05

1t score | normatzaton removeall |- -00010 06983|- -00035 07044 - 0o0zz 08314 -04152 BASE0S
(MGBoosy with ‘gender’ -00013 - 06987| -00089 - 07006 00081 - os96z| -083z8 - 970E-06

afier sampling wihout'gender' | 00016 -00020  06973| 00067 -00019 06993 00054 -00022  0B347| -0B746 00928 106E-05

remove al -00023 00020  06973] 00102 -00049 06972 00087 00017  06974] -10000 10000 [

wih gender |- - 06831~ - 056308 - - 05724 |- - 0000169

afer before sampiing wihoutgender’ |- 00009 06837|- -00030 06887 - 00067  06769|- -05889 BI6E-05

auc | Mormatzaton removeall |- -00038  06805|- -00032 06886 - -00042 06696 00662 0000181
(Random wih ‘gender’ -00107 - 05758| 00145 - 06808 -00052 - 06683 -05818 - T08E-05

Farast) afer sampling wihout'gender' | -00078 00037 06783 -00106 00003 06814 00041 00078 06741 -06178 06243 266605

remove al -00041 00028 06777] 00102 00012 0B816 00043 00054  06725| 07706 04153 4.14E05

wih gender’ |- - 07156~ - 07225 - - 07046 - 000016

afer before sampiing winoutgender' |- 00165 07274|- 00112 07306 - 00261 ore3|- 08186 28I9E-05

Pracisign | eTMalzatan removeall |- 00074  07103]- -00208 07075 - 00153 07154 -08052 312605
(Random with ‘gender' 00024 - 07173| -00083 - 07158 00230 - o7z08| -08220 - 125605

Forest) afer sampling wihout'gender' | -00087 00053 07211 00130 00074 07211 00008 00022 07224| -05723 -09360 BOOE-O7

remove al 00028 -00070  07123| 00112 -00006 07154 00105 -00179 07079| -00994 12480 281E-05

wih gender’ |- - 0755 - 07582 - - 07506 - - 2BIE-05

afer before sampiing wihoutgender’ |- 00017 07563|- 0go11 0759 - 00027 07526|- 02907 205605

facay | MOrmazaton removeall |- -00008  07544]- -00024 07564 - 00017 07519 -06505 101605
(Random wih ‘gender’ -00004 - 07547 00017 - 07569 00013 - 07516| -05156 - 140605

Forasg afer sampling wihoutgender' | -00017 00004 0755| -00020 00008 07575 -00013 / 07516| -01512 02428 174E05

remove al -00001 00005 07543] 00009 00003 07571 00017 00013 07506] 10891 05071 2.11E05

wih gender’ |- - 056625~ - 06662 - 06549 |- - 884E05

afer before sampiing winoutgender' |- 00024 06641|- 00001 06683 - 00055  086585|- 04570 4B0E-05

1 score | Mermaizaton removeall |- 00005 06622|- -00039 05656 - 00043 0B5TT|- -06471 312605
(Random with ‘gender' -00045 - 06585 -00070 - 06635 00011 - 06542| 05113 - 432605

Forest) afer sampling wihout'gender' | -00063 00005  06539| -00058 00014 0BG44 -00071 -00006 0BS538| 01708 03008 562E-05

remove al -00035 00005 06599) 00008 00024 06651 00075 00021  06528) 14231 07500 756E05

wih ‘gender |- - 06500~ - 06553 - - 0544 - B38E-05

afer before sampiing wihoutgender’ |- -00003  06504]- 00002 06552 - 00005 06443|- 00690 594E-05

auc | Mormatzaton removeal |- -00018  06484]- -00031 06533 - 00003 06442|- -03511 414605
(Logstc wih ‘gender’ -00094 - 05445 00119 - 06475 00057 - 05403 05940 - 259E-05
Regression) aner sampling wihout'gender’ -00081 / 06445| -00118 / 06475 -00058 00003 06405 05875 -00541 245605

remove al -00097 00022 06431) 00116 00028 06457 00071 00011 06396] 05507 02815 18SE05

wih gender |- - 07064~ - 07106 - 07008 - 4B0E-05

afer before sampiing winoutgender' |- -00011, 07056~ -00018, 07093 - i 07o08|- -02478 361E-05

Pracisign | MeTMalZan removeall |- 00030 07085|- 00014, 07116 - 00057 07048|- -05187 231E05
(Random with ‘gender’ -00079 - 07008| -00077 - 07051 -00081 - 06851| 00417 - 500E-05

Foresy) afer sampling wihout'gender' | 00041 00027 07027| -00044 00015 07062 -00033 00043 0BS81| -00914 -03440 328E-05

remove al -00066 00043 00009 07057 00047 00082 07015| -06190 08240 BHOE-06

wih ‘gender |- - - 06563 - - 05361 |- - 0000204

afer before sampiing wihoutgender’ |- -0.0009 00098| 06627 - 00154 06263|- 22475 0000663

facay | MOrmalzaton removeal |- 00033 00148 0666 - -00110 06291 233730000681
(Random with ‘gender” -00245 - - 06379 -00197 - 06236| -0.4990 - 0000102

Faresy aner sampling wihout'gender’ -00173 0.0065 00191 06501 -00152  -00108 06168] -0.1632 44247 0000554

remove al -00208 00 00212 06514 00182 00106 0617| 01305 47886 0000592

wih gender |- - - 06751 - - 06571 - 0000162

ater beoresamping | wmourgender |- -0.0007 00067 06796 - 00122 0g491|- 18710 0000465

1t score | Mermaizaton removeall |- 00038 00111 05826 - -00081  08518|- 19278 0000474
(Random with ‘gender’ -00201 - a6s4| -00227 - 06598 -00167 - 06461 -04210 - 938E-05

Foresy) afer sampling wihoutgender' | 00141 00054 06575| 00149 00147 06695 -00128  -00082  0B408| -0.1146 33902 0000412

remove al -00170 00067 06584 00179 00161 06704 00160 00073 05414 04134 34828 0000421

Figure A.5:
(LOS dataset)

Performance on test dataset while choosing ’gender’ as the protected feature



A.3.8  Performance while choosing ‘race’

as the protected feature

28

Feaures antredatset T TR o e Variance
SZeoihegroup ‘Betdansat WUt 2308, 7018 1638,4971 193,659 57,203 30,110 350,1075, T
frstnumbar.targat==4 | nefore samping(rain) features 9234,28070, 6551,19882, 771,2636, 230,811, 121,438, thefve
‘second number: target< 4 reland D 23544, 76481, 4956,15043, an25, 16474, 418,1581, 4a21,16678,
nird numbar:sum 2her sanping(raind race 99995 1999 19999 19999 19999 el
Thange - Sampie__no race Sample o raca 3 Sample___no race - Sampe o race 3 Sample___no race - Sampe Sampie__no race -
Wih Taca” - - 07051 - 0739 - - 07198 - 08572 - - 0000573
anor beresamping | wmoutrace' |- -00003 -00004 07048 -00011|  0r3sz - 7207 -00002| 086571 - -00002 0000973
AC | normatzaton remova ai 00008 00001 0705 -00060/ 07346 - 07193 00070 08618 - -01527 0000824
IXatoasy wih race -00211 - -00180 - 06917 00150 - or27s 00303 - a6sa -00128 - 0488 00350 01741 - 0000804
afer samping wmoutrace' | -00276  -00069 -00282 00098 06849 00187 -00048 07244 -00196 07066 00035 00052 06548 00374 0305201589 0000676
removeal | 00308 00096 -00315 00128 06828 00215 00125 07185 00200 07043 00260 00065 06445 00388 -00214 00040 0000807
“Wih Taca” - 07073 - 07708 - 07683 - 07305 - - 0001517
anor verasamping | wmoutrace' |- 07089 -001a1| 0759 - 07781 / 07305 - 00095 05869 -01063 0001356
eracsion | normalzaton remova ai 07083 -00304| 07474 - / 07683 / 07305 - 00073 05858 -03119 0001044
IXatoasy wih race 00034 - 07103 -00243 - a7521 00057 - 07727 00497 - asss2 0025z - osssz| 01538 - a001223
afer samping wnoutraca’ 00061 07152 00366 00266 07321 00321 08031 -00%02 00039 07011 -00003 00170 06863| 05320 06983 0002077
remova ai 00073 07139 00120 00182 07383 00112 crresl -ooia|oposs| a7ors] oooesl -ooiasoserelaisss] onical asorzan
“Wih Taca” - 07548 - 07887 - 07923 - 07854 - 07283 - - 0000751
anor verasamping | wmoutrace' |- 07556 -00044| 07852 - 07962 / a7ssa - 00043 07325 -00801 | 0000681
fecall | normatzaton remova ai a7ss -00089 07817 - / 07923 / a78ss - 00040 07ars) -01503 0000638
IXatoasy wih race [ 00013 - 07558 -0:0060 - 0784 00043 - 07362 00465 - arass 00119 - o737s| 01818 - 000507
afer samping wmoutraca' [/ 0000 00020 07571 00101 00089 0777 00035 00095 08038 00174 00304 07717 -00019 00088 07311| 00337 01766 0000711
remova ai 00026 o757 00031 00060 07793 f 00049 07923 00174 00304 07717 [ -00079_07ata| 0575 014z 0000538
“Wih Taca” - 05906 - 07254 - 07278 - 07138 - 06721 - 0000575
anor verasamping | wmoutrace' |- assz -00073 o720 - ao10z o07asz / ar1as - 0002706739 00151 0000583
1t score | normalzaton remova ai 05912 -00127| 07162 - / 07278 / a71as - 0003006741 -01878 | 0000457
IXatoasy wih race 06921 -00023 - 07237 00166 - 07389 -00027 - ariis asss| -agsar - 000052
afer samping wnoutraca’ 0087 06981 00035 00086 07175 00136 00072 07452 00031 00004 07116 -00077 | 06787| 063ss 01622 0000505
remova ai 05983 -00064 07191 00071 00234 07226 00031 00004 0716 00085 00080 06799 03475 04145 0000305
winsase’ - oz - G Seer - Gi7e T Gooaaro]
ator vekresamping | wmoutrace' |- 00001 Q0007 08825 -00173 0762 - aoar 08721 -00168 06166 - a00sa 07081 03186 000107
aue | mormaizaton remova al -00003 00013 06811 00013 0589 - a00ss 06713 00185 05388 - ‘00004 0701 -03146 0000556
(Randam wih race -00200 - -00195 - 0s687  -00397 - 06608 00483 - 06338  -00043 - 06245 00088 - o0s9s1| 00156 - 4000798
Foresy afer samping wmoutrace' | -00241  -00043 -00258 00057 06649 00209 00020 06621 -00342 00241 06491 -00302 -0042¢4 0598 -00156 -00014 06941| 01565 0591 0001238
romoveal | -00222  -00025 -00217 00036 06663 00383 00021 06622 00349 00222 06479 00279 -00056 0621 00111 _-000z7 _ 0693z] 02565 -01251 0000699
winsaee” - St - s o - Saori o Go0%730)
ator beresamping | wmoutrace' |- -00057 -00088 07222 -00055 07566 - -00028 083z / 08371 - -00064 06725 00443 0005008
eracision | TOTmalZatON remova al 00003 agost 0722 -00038 07579 - 00029 0sarz / 0gar1 - 00295 05968 -01628 0004013
(Randam wih race -00062 - -00014 - 07254  -00825 - 0598 1 . 08336 -00864 - o7648 00324 - osss7| 03233 - 03244
Foresy afer samping wmoutrace' | -00045  -000%0 -00026 -00070 07208 -00444 00358 0723 / 00029 083tz -00864 I a7648 00256 -00129  06897| -04024 00773 0002993
removeal | -00038  ooozs 00034 00047 07288 00648 00153 07087 00020 0831200864 I 7848 00040 _o07015| 02876 01310 000281
Wih Taca" B 07565 - 07805 - 07885 - 07945 - 07an B 0000687
ator beresamping | wmoutrace' |- -00008 00008 07558 07805 - 00048 07846 / 07845 - -00010 07304 -00221 0000672
el | TOrmalzaton remova al 00008 00003 07867 00015 07817 - 00043 07846 / 07945 - 00043 07347 -01367 0000593
(Randam wih race -00024 - -00022 - 07568  -00120 - 07711 1 . 07885  -00057 - a78 00029 - o73sz| -0.1638 - 4000575
Foresy afer samping wmoutrace' | -0002¢  -00008 -00024 00009 07541 -00076 07746 1 00049 07846  -0007 / 079 00019 -00019  07ata| 01433 00017 0000576
removeal | -00030 00001 -00022 00003 0755 00120 07723 1 00049 07846 00057 I 079 00020 4 o73s2| 00824 00630 0000538
Wih Taca" B 05667 B 07006 - 07025 - 07121 - 054 B 0000911
ator beresamping | wmoutrace' |- -00018 00016 05656 00026 07024 - 00125 06937 / o712 - -00041 06374 00205 0000828
1t scora | MOmalzatOn remova al 00051 ag0st 06701 00085 07066 - 00125 05937 / o721 - 00067 05443 -01339 0000789
(Randam wih race -00120 - -00118 - 0688 -00210 - as8s9 1 07025  -00038 - 07084 00106 - o0s3sz| 01050 - 01008
Foresy afer samping wmoutrace' | -0013¢  -00082 -00140  -00038 06563 -00127 06935 1 00125 06937 00038 / 07084 00154 -00088 06276 02015 01036 0001116
removeal | -00171__-00002 -00172__-00003 06886 _-00231 06903 1 00125 06937 00038 / a708a 00191 00018 o632| oze6s 00387 0000867
invses - ooor - G- Coona : FEIFIE Fr ——T
ator beresamping | wmoutrace' |- -00008 06371 ass3d - 05981 00013 07138 - -00011 05638 00240 0001774
aue | mormaizaton remova ai -00022 05365 08517 - 05993 -00252| 0695 - 00002 06647 -02790 0001249
(Logistc wih race -00154 - -00151 - 05274 - 0578 00048 - 05953 -0.0654 - 06064 00087 - osssa| -04se7 - 000865
Regresson) | afersamping wmoutrace | -00157 -00008 -00187 00035 06252 00078 00003 06585 -00060 -00023 05945 -00674 -00009 06658 00119 -00043  0656| -04992 00252 0000838
removeal | 00189 00027 -00182 00043 06243 -0001z 0657100058 00002 05958 00637 00235 06507 00135 00047 _ 06557| 0435 01923 00007
“Wih Taca” - 05956 - 07241 - 05948 - 07579 - 06945~ - 0000771
ator verasamping | wmoutrace' |- 05958 -0007z| orisz - 07041 -00033 07554 - 00035 ase7| -02140 0000606
eracision | TOTmaIZatON remova ai 00010 05974 -00084| 07183 - 07018 -00127| 07483 - 00038 07015 -04245 0000443
(Random wih race - 06974 00043 - o213 00zds - 07113 00110 - arass 0008 07002 04258 - 00442
Foresy afer samping wnoutraca’ 00016 06987 0009 a7263 00229 7 07202 000s2 00120 07586 -00098 00143 06902 01823 06187 0000716
removeal |/ 00004 05972 07303 0012300021 07104 0002 00047 _ 07461 00107 00083 _ 06s4| 01152 01180 0000495
“Wih Taca” - 0633 - 06854 - 06731 - 07397 - 05056 - - 0002547
ator beresamping | wmoutrace' |- -00020 05356 -00867 | 06397 - 00343 08 -00816 06941 - 00310, 06244 -07265 0000726
P remova ai 00005 05385 -00702 08373 - 00287 06538 - -00864 06758 - 032206251 -08566 0000379
(Randam wih race -00693 - -00610 - 05944 00547 - 06479 00343 - 065 04198 - 04292 00606 - osess| 20758 - ag0a1er
Foresy afer samping wmoutrace | 00887 -00228 -00884 00252 05794 00441 00562 06115 -00474 -00474 06192 01712 0340+ 05753 01121 -00255  05544| 00055 09112 0000722
removeal | 00825 00244 00957 -aupts  05TST -amas 008z astis 0087 -ams3 08isé -aiise 0290  assri tita -ameer  0sss| visss 05950 amossat
“Wih Taca” - 06543 - 07008 - 06829 - - 07476 - 06277 |- - 0002093
ator beresamping | wmoutrace' |- -00015 05563 -00502 06656 - -0017a 0671 -00433 07152 - 00268 0s4as| -06535 0000725
1t scora | OmaIZaTON remova ai 00005 05587 -00531| 066365 - 00144 06731 -00638 06999 - 0028405455 -08022 0000414
(Randam wih race -00570 - -00485 - 06213 -00405 - 0724 00146 - 06729 -0.4010 - 04478 00575 - os916| 30829 - 008565
Foresy afer samping wmoutrace | 00745 -00201 -00734 00222 06081 -00344 00442 06427 -00308 -00336 06503 -0.1444 00665 06119 01040 -00238  05775| 01823 08999 0000857
removeal | 00777 00216 -00779 00233 06074 00312 00439 05428 00401 00398 06461 -0.1502 03263 05948 01047 00232 _ 05779| 1.1628 08955 0000895

Figure A.6: Performance on test dataset while choosing 'race’” as the protected feature

dataset

LOS



Threshold sheet

0.000666

Features. ontire datasel White lack/ATicanAmenca_Hispanic/Laling Average Maximum Minimum Var
‘with race” 02475 0009233 02731 0010849  0.2686 0011187 02009  0.007271 0.2435  0.00842 02365 0.007133 02731 001043 02099 0.007271 0.000607
after before sampling | without race’ | 02287 0008707 0.2684 0010838  0.2262 009711 0.2033  0.008098 02251 0.008027 02262 0.009711 02684 0010938 0.1949 0.
nomalizatio removeall | 011 ooiono 02604 000645 02088  0oorie 01955 0 ooesor 0215 o002 02066 0006 02604 001059 0178 ooosste 0.001237
n With race’ | 02663 0. 0255 000471 02225 000739 02106 0.0066% 02569 0005716 02455 000701 03401 000244 02104 _ 0.00654 0.002111
(XGBoost) after ampling without race’ | 02383 0008111 02333 000832  0.2542  0.007407 0211 0.008581 0.2464  0.008227 0239 0. 8 0295 0002144 0211 0008591 0.000828
remove all 0.2486 0006667 0.2436 0.005131 02356 0005631 _ 0.2318 0006353 0.2425 _0.005208 02356 0.005691 02894 0004984 0212 0008087 0.000665
atter with race" 0277 0008664 0274  0.00888 0264 0.0093%6 0244 008907 2762 0.008729 0274 0.00888 0307 0010178 0244 0008907 0.000478
BasedonRace | 4% | before sampling | without race’ | 028 oo 0z OO 0273  O0GKG 06 001088 ozs ooote 0288 00094 06 001008 025 ooomses 0.000658
first: threshold o remove all 0259 0008138 026 0.008007 0.263 _ 0.007678 0262 0007858 0. 0.00788 0262  0.007858 0286 0.010511 __0.241 0007484 0.000206
second: - WihTace | 025 001022 0255 00022 025 00078 020 0.000487 0257 000076 02% 0010022 025 oowes 0223 0006171 0.000357
difference Forest) after ampling ‘without race’ 0275 0010338 0265 0.009867 0276 0.010158 0255  0.003436 0.2632 0009304 0265 0.009867 0276 0010158 0246 0008118 0.000153
removeall | o2 oooerot 0254 0007si3 0266 00000u 023 ooor 0208 o003 023 oaimoe 026 oomus o023 oooree 0.000243
after with h‘\cﬂ‘ . 0.4649  0.005662 0.4649 0. 04575 0004809  0.4082  0.000849 0.4563 0.4575 04575 0004809 0.4082  0.000849 0.002302
nomalizatio before sampling | without race’ 0.4838  0.001036 0.4806  0.001671 04797 0001902  0.4279  0.002927 04735 0.002122. 0.4797 05193 0003249 04279 0.002927 0.000907
n remove all 0.4897 0002353 0.4831 0002442 04928 0002056  0.4402  0.002918 0.4998  0.002907_ 0.4928 0.5476 0000464 0.4402  0.002918 0.001504
(Logistic ‘with m‘cs‘ . 0.4968 0. 0.4968 00068  0.4285 0006504  0.4965 0.00676 05112 0.007584. 0.4968 0.5842 0.006627 0.4285 0.006504 0.002854
Rogmssiony| 2Merampling | without race’ | ostt2 oooism 08 ocoodte oam ooowdrt e 0ooes 040 oot 0402 s ooee7 oan oomani| 0001462
removeall | osus o 059 ooe 042 o o _oorein 0525 oo o5 0615 _oonsest o1 0002394
Features entire dataset Male Female Average Median Maximum Minimum var
With gender | 02208 000644 023 0004178 02225 00MG7 0228 000G 0228 0024 023 0004178 02228 00067 SITEDS
after before sampling |without gender| 02203 0004078 02205 0004156  0.2203 02204 0004089 02204 0004089 02205 0004156 02203 0004078 1.33E-08
nomalizatio removeall | oz 0z8  oovi2 o022 oooies Qo 0z oooie oziot oo 1.07E-03
n with gender |~ 0.2%2 o 02271 000004 0213 0054 02130 000M  0.2271 0004 02004 00037 26BE04
(XGBoost) | afterampling [without gender| ozes oomse 0zie2 ooz 0203  OO@SM 02202  0OMIET 02202 000G 02403 0002544 02182 0004522 1.09E-04
romoveall | ozsts ooms o2 oomize 027 oo 02967 oomi2 02067 0006122 02387 00078 02847 0.00a%7 1.30E-05
after Wihgender | 025 00622 0264 0004767 0209 0076 02415 000 0215  O004E) 0264 0004757 023 000756 J03EDS
Based on Gender nomalizatio before sampling [without gender| o278 o0o0ss11  0.279  0.008511 0279 0.006511 0279 0008511  0.279  0.008511 0279 0006511 0278 0006511 0.00E+00
first: threshold o move all 0. 0057 025  0.005267 0264 0 0257 0005033 0. 0005933 0.264 _0.007044 0.25 0005267 5.20E-05
second: @ withgender | 02012 00067 0240 00B8S 020 00007 0215 000622 025 000622 0.4 000619 024 0007078 2.28E06
difference Forest) after sampling  [without gender| o.2s8 00043 0.267 0.003711 0.251 0.007933 0259 0004 0. 0.004 0.267 0003711 0251 0007933 6.43E-05
remove all 02608 0.008578 0.2618 0.006478 026 0006489 0.2609 0006578 0.2609 0.006578 0.2618 0.006478 0.26 0006489 8.13E-07
after ‘with ‘gender’ 0.4873  0.002756 0.4937 0.002611 04673 000275  0.4905 0002722 0.4905 0002722 0.4937 0002611 0.4673 0002756 1.37E-05
normalizatio before sampling |without ‘gender| o.4ge1 0006944 0.4857 O 04833 0007478  0.4895 0.0068  0.4895 00068 0.4%33 0007478 0.4857 0.006778 1.45E-05
" all | 045 00010 0483 00613 04805 00NN 0492 00085 0492 0006555 04%3 000813 04086 0009111 1.5E-05
(Logitic Wit Gender | 0.as7 002880 002 00011 0.4855  0OXRI1 0493 000fid4 0.8 0001146  OSR 0001111 0.4855 0002211 9.54E-05
ion) afterampling  without gender| o.4964 00077 0501 O 0498  0.007 0.4995 007078 4995 0.007078  0.501 0. 0498 0.007889 5.45E-06
all 0.5002 0009167 _0.4871 _0.007011 05063 0010178 0.4967 _ 0.008211 0.4967 0008211 _0.5063 0.010178  0.4871 0.007011 9.62E-05
Foatures | ontire daiasel x40 70 Tioxx Average Wodian WMaximum Winimum var
with ‘age" 0.2571 0003944 0.2578  0.003811 0.2483 0.2571 0. 0.2544  0.004144 0.2578  0.003911 02483 0003906 2.051E-05
after before sampling | without 'age' 02447 0003761 02166 0. 02447 0003761  0.2644  0.004072 0.2419  0.003784 0.2644  0.004072 02166 0004656 3.867E-04
nomalizatio removeall | o265 ooocers 027 oo 02319 oo00ez2  026%  0o0sss 0243 0004280 02834 0004156 02177 __0.004204 B.162E-04
n withage' | o 0205 o 0228 000 0285 00059 0255 0. 028% 00069 02305 0.0044g4 4.760E-04
(XGBoost) after ampling without 'age* 0.2367  0.005167 0.2459  0.005317 0237 0004872 02362 000536 02367  0.005183 0.2459  0.005317 02382 0005306 2.158E-05
remove all 0.2532 000435 _ 0.247 _0.004356 0276 0004856 0.2527 0004422 0.2586 0.004094 0.276 _0.004856 0.247 0004356 1.646E-04
after with ‘age’ 0283 0005956 0.243 0.005733 0283 0.005056 2808 0.005467 0.2689 0. 0.283  0.005956 024 0005733 3.865E-04
Based on Age nomalizatio before sampling | without 'age’ 0269 0004472  0.264  0.004589 0.265  0.004567 0311 0.002567 028 0.004072 0311 0.002567 0264 0.004589 5.109E-04
first: threshold o remove all 0285 0. 0.285  0.004389 0.291 0.004111 0279 0004717  0.285  0.004389 0291 0.004111 0279 0004717 2.400E-05
second: (e ‘with ‘age" 0251 0008611  0.261 0.006511 0252 0289 2673 0.005761 0283 0.004633 0252 0006483 3.149E-04
difference Forest) after ampling without 'age' 0242 0004783 0209 0.004911 0234 0004711 0265 0004128  0.236 0.00485. 0.265  0.004128 0200 0004911 5.337E-04
removeall | oaer o 0244 000505 026 o 05 oostes 0255 ooosis 025 oo0tes 024 0006606 2167E-04
atter with h?e‘ . 04812 0.005717 0. 0004806 04764  0.005361 0525 0008711 0.4858  0.006144 0525 0.008711 0455  0.004806_8.449E-04
nomalizatio before sampling | without ‘age’ 04863 0007211 04717 0006106 04869 0007261 05338  0.010761 0.4975  0.007683 05338 0.010761 04717 0.006106_7.297E-04
n remove all 0.4894 007 0.006911 04894 0007656 0.5235 0010334 0.4939  0.008122 0.5235  0.010394 04687  0.006911_5.155E-04
(Logistic with'age' | o7 oomes 047 006 04l oooeist 0SS 00D 04ss 00 oS om0  T838E03 |
Regression) after ampling without 'age’ 04879 0008156 04499 0006333  0.4825 000765 05364 0009994 0.4896  0.008583 0.5364  0.009994 04499  0.006333_1.273E-03
remove all | osses o omon ooo7Er  odst o 0667 oomosus 0455 0o0reos 0467 0000544 st oaorens T03BEDA |

Figure A.7: Threshold sheet (LOS dataset
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Appendix B
RESULTS ON THYROID DATASET

B.1 Performance sheet for 10-fold cross validation on train dataset

B.1.1 Performance while choosing ‘age’ as the protected feature

A IR

ERREEEaRERIEE

EERREERRRERRN

[EERETRG[

Figure B.1: Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (Thyroid dataset)
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B.1.2  Performance while choosing ’gender’ as the protected feature
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Figure B.2: Performance of 10-fold cross validation while choosing ’gender’ as the protected
feature (Thyroid dataset



B.2 Performance sheet for test dataset

B.2.1 Performance while choosing ‘age’ as the

protected feature

age

Features entre dataset . o - Variance
slzeolhe group: 942,25, 299,14, 465,10, 1 78.1.1
frstnumbar: negatve \estdaisat 972 316 476 180
second number: Increased binding I a—— 1779.84.5 524552 520.18.2 335,102 SO
protin potora samplng(ran)f - e leatire 1868 581 941 347 Ll
. ‘age’ agegroups
ihird number: decrease binding pratain PTRET] I rTRTN] ToREEE
forth number:sum afer sampling(rrain) e o Sos o
Crange - Sample |_no age’ - Sampe |_no'age’ - Sample __noage’ - Sample __no'age’ - sample __noage’ -
wihage” |- - 0398 - 09934 - - 09989 - - 09953 - 122605
aner beoresamping | wmoutage' |- -00006  08874|- 00025 0891 - -00001 09988 - l ogsss|- 09180 234E05
G normalzaton removeal |- -00006  08974|- 00022 089tz - / 09989 - 00001 09398 08443 225605
(XGBoost with ‘age’ - 0g97s| 00003 - 09931 / - 09989 -00001 - og9s| oosz0 - 132605
atersamping | wmoutage’ -00002  08876| 00013 -00008 08923 / -00001 09388 -00001 / ossss| -0zez1  oz7er 158E-05
remove al -00003  08975| 00005 -00014 08917/ i 09989 / i 09938| 01333 04773 195605
winage' |- - 08725 - 09532 - - 09848 - - 09778 - 00002771
nor beloresamping | wihoutage' |- -00044 03682 00086 05463 - 00052 09788 - i 09773 02320 00003414
precision normalzaton removeal |- -00033  09693)- 00038 09496 - 00052 09798 - l 09773 00339 00002865
(XaBoost with ‘age’ 00082 - 0s63s| 00200 - 08341 -00075 - 09775/ - os77a| 12820 - 00006351
atersamping | winoutage' | 00029 00019 09654| 00078 0poss 09395 00019 00004 09779 00001 00001  09778| 04332 02296 00004893
remova al 00013 00046 0968 00071 00094 08429 00024 00048 09822 / 9778] 0s258  -02666 00004658
wihage” |- - 09722 - 0943 - - 09853 - - 09883 - 000065
aner beoresamping | wmoutage' |- -00127  08598)- 00268 08177 - -00085 09768 - [ 09888 12334 00014517
ecal normalzaton removeal |- -00084  0964]- 00134 05304 - 00085 09768 - / 09888 04594 00009551
(XGBoost with ‘age’ - 09691 - 09399 - 09811/ - ogsea| ooo7s - 00006938
atersamping | wmoutage’ -00031 08661 00034 03367 -00021 0878 -00057 -00057 09833 -05431 -00440 00006633
remove al 00011 o0s7e2| oo0es  -00034 03367 00043 09853 [ i ogseal 01108 02241 00008493
I winage' |- - 0s7z|- - 09457 - - 0985 - - 09834 - 00004333
nor beloresamping | wihoutage' |- -00084 03628 00187 0828 - 00070 09781 - i 09834 08931 0000935
11 score normalzaton removeal |- -00054 09658 00095 09367 - 00070 09781 - l 09834 03252 00006545
(XaBoost with ‘age’ -00058 - 03664 -00083 - 03368 -00060 - 08781/ - 09834 03388 - 00006613
atersamping | winoutage' | 00025 -00010  09654| 00038 opooz 08371 00003 00007 09784 00028 00028 09806| -03591 -00939 00005992
remova al 00032 00026 08683| 000 00014 08382 00056 00046 0836 [ / 09834| 00435 oo3s7 00006836
wihage” |- - 09952 - 09922 - - 09961 - - 09955 - 4A0E-06
- beloresamping | wmout'age' |- 00013 0896s|- 00010 08912 - 00013 09974 - 00043 ogess|- 34773 197605
e - removeal |- -00014  09938|- 00038 09883 - 00001 0986 - ' 9955 3818 1B4E-05
(RandomPoresd with ‘age’ 00002 - 0s9s| -00055 - 09867 00009 - 0997 00041 - 09936 95455 - 464E-05
atersamping | wmourage' | -00015 / 0995 -00035 00008 08876 00005 00001 09968 -00002 / o9sss| o0sess  -0ass2 392605
remove al 00015 00003 08953| 00012 00028 05895  -00003  -00013 09957 00043 00002 09998| 04511 -D4246 267E-05
winage' |- - 0964+ - 09458 - - 09773 - - 09778 - 00003356
nor bebresamping | winoutage' |- -00015  03626- 00161 08307 - 00021 09794 - i oa773 |- 12881 00007679
pa—— - removeal |- 00o4s  0gear|- 00087 09541 - 00026 09748 - i 09773 |- -05003 00001675
e TEoremt with ‘age’ -0.0086 - 0ss47| 00200 - 0827 -00144 - 03832 / - 9778 10428 - 00006856
atersamping | winoutage' | -00009 00073 08617 00053 09362 -00072 00094 09723 -00001 -00001 09778 03334  -02534 00005119
remove al 00118 00027 09573] -00305 0925 00083 00087 08716 / o9773| a3ssza o218 00008363
wihage” |- - 09722 09525 0973 09883 00003534
- beloresamping | wmout'age' |- -00052 08671 00232 08304 - 00043 0g83Z - i ogses|- 18451 00010408
o - removeal |- -00021  0s702|- i 09525 - 00043 09748 - ' 09888 -0.0490 00003361
(RandomPoresd with ‘age’ 00095 - o0ss3| 00232 - 09304 -00043 - 09748 / - gses|  1538s - 00009324
atersamping | wmourage' | -000s4 -00011 08613 0008 00068 08367 00128 00043 09706 00057 -00057  09833| -04422 -03773 00005806
remove al 00160 -00086  09547| -00498 00272 09051 [ i 09748 / i og9sea| 45946 1609 00020148
winage' |- - 09676 - 09481 - - 09703 - - 09834 - 00002982
nor bebresamping | winoutage' |- -00028  03648|- 00200 05301 - 00103 09808 - i 09834 20234 00009046
— - removeal |- 00016 08691 00027 09517 - 00046 09748 - i 09834 -0.1036 00002682
e TEoremt with ‘age’ -00082 - ossar| 00217 - 08285  -00028 - 039676 / - ose34| 1831 - 00007368
atersamping | winoutage' | -00033 00030 09616 0002 oposo 09353 00098 00038 09713 00028 00028 09806| -03885  -03035 0000555
remove al 00138 -00031 _ 09557| -00406 00166 08131  -00016 00058 09732 / 983s] 43803 08110 0001443
wihage” |- - 09967 - - 09901 - - 09979 - - 09957 - 50E-05
aner beoresamping | wmoutage' |- -00015 08953 00025 08877 - 00011 09968 - 09988 05231 396E-05
G normalzaton removeal |- 00013 08854]- 00021 0888 - 00010 09968 - 00001 09998 04577 379E-05
(Loglatc Regression) with ‘age’ 00008 - 0g9s9| 0001z - 09889 -00006 - 09973 -00002 - og9ss| o0z154 - 316E05
atersamping | wmourage' | -00004  -00010  0ssas|s 00012 08877 -00004 -00003 09964  -00002 00001  09996| -00556 01835 374E05
remove al 00004 -00009  0995| -00004 00013 08876 -00003  -00007 09966 00002 00001 09996| 00185 02215 386E-05
winage' |- - 0967 - 09511 - - 0976 - - 09778 - 00002234
nor beloresamping | wihoutage' |- ooo0a) 08688 |- 00022 0843 - 00005 09765 - 00084 09861 08616 00003712
precision normalzaton removeal |- -00004 09675 00022 0949 - 00005 09765 - 00001 09778 0871 00002652
(RandomForesd with ‘age’ 00005 - 0s6as| 0001z - 085 000z - 08782 -00001 - os77a| 01714 - 00002617
atersamping | winoutage' | -00013  -00009 08675/ 00011 0949/ 00017 09785  -00084 o9778| 02856 00134 00002652
remova al 00002 00011 08673 -00005 00016 08485 [ -00017 09765/ / 09778| 00336 00474 00002741
wihage” |- - 0.9589- - 09209 - - 09727 - - 09883 - 00012616
aner beoresamping | wmoutage' |- -00075 08517 00138 08082 - -00065 09664 - l 09888 03733 00017325
ecal normaisaton removeal |- -00087 08506 00138 05082 - 00065 09664 - 00057 09833 02299 00015516
(RandomPorest with ‘age’ 00032 - 09558| 00088 - 09146 / - 09727 -00057 - ogs3a| oossz - 00013703
atersamping | wmourage' | -00012  -00054 08506/ -00070 08082 / -00065 09664  -00057 09833 01084 01323 00015516
remove al 00011 -00065 _ 05495| 00034  -00104 05051/ -00065 09664 / i o9s3a| opsea  ozavs 00016958
winage' |- - 09622 - 08311 - - 09742 - - 09834 - 00007776
nor bebresamping | winoutage' |- -00044 0858 00091 05226 - -00033 09704 00037 0987 04411 00011206
11 score normalzaton removeal |- -00054  09s7- 00091 09226 - 00033 09704 - 00028 09805 02344 00009599
(RandomForesd with ‘age’ 00018 - 03604  -00045 - 08268 00007 - 08745 -00028 - ossos| 01224 - 00008728
atersamping | winoutage' | -00010  -00035 0357/ 00045 09226 / 00046 09704 -00065 09806 01434 00998 00009599
remova al 00007 -00043  09563| -00023 00068 08205 / -00046 09704/ / o9806| 00788 0ass4 00010355

Figure B.3: Performance on test dataset

roid dataset)
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while choosing ’age’ as the protected feature (Thy-



B.2.2  Performance while choosing

‘gender’ as the protected feature

gender
Feaures @entre daset male famale Varlance
size althe group: 942,255 281,1,0 661,24,5
frstnumber: negatve estdaaset withvihout a72 282 530
secand number: increased binding featires 1779,83.6 565.7.2 1214,76,4 varlance ofthe wo
proein betore samping(rainl  rgjamd i 1868 574 1284 gender groups
hird number:decrease binding protein gender
forth number:sum afier sampling(rrain) 1723::‘5 5555‘;5': 54295:.2
Change - sample no ‘sex’ - sample no ‘sex’ - sample no ‘sex’ - sample no ‘sex’ -
win gender |- - 0998 - 1]- - 05966 - 5.90E-06
ator before samping | winourgender |- -00002 08978 |- . 1. -00001 08965 00508 6.20E-06
AU normalzaton removeal |- -00006 03974 I 1]- -00008 03958 04746 BTOE-08
(XGEoosy win ‘gender’ -00004 - 08376 | - 1 -00007- 08958| 04068 - 8.30E-06
afersamping | winoutigender' | -00004 00002 0sara|r . 1 -00008 00002  08957| 04839 01084 920E-06
remove al -00002 00004 0sava|r . 100004 00005  08954| 01954 02530 104E-05
with gender |- - 08725 - - 1 - 08614 - 0000747
ater betore samping | winout'gender” |- -00005 ogrz|- i 1] 00007 08607 |- 00350 0000773
Fraciion normatzatan romoveal |- -00033 08693 - : 1. -00046 0957 |- 02390 0000925
(XaBoost with ‘gender -00051 - 08675| -00071)- 08929 -00052 - 05564 01042 - 0000669
atarsamping | winoutgender' | -00032 00014 08688 | 1 00045/ 08564| 02331 04247 0000953
ramove al -00053 00034 08642|r 100077 00071  08496| 03758 09031 0001273
win gender |- - 0s722|- - 1]- - 05509 |- - 0000766
ator before samping | winourgender |- -00010 o871z . 1. -00016 08534 00755 0000823
fecal normalzaton removeal |- -0.0084 0954 I 1]- 00121 03493 05801 0001286
(XGEoosy win ‘gender’ -00010 - o0s712| -00035 - 08965 | - 0s608| -01732 - 0000633
afersamping | winoutgender' | 00010 aooia  os7a2|r 00035 1 oooi 08603| 00702 02085 0000766
remove al 00054 00010 0s7o2|r 00035 100082 00030 0958] 02133 03954 0000883
with gender |- - 0872 - 1 - 05505 |- - 0000773
ater betore samping | winourgender |- -00008  aa7iz|- i 1] 00011 039594 00576 0000824
1 scora normatzatan romoveal |- -00064 08658 - : 1. -00080 08518 048520001157
(XaBoost with ‘gender -00028 - 05693  -00053 - 08947 -00021 - 09585| 01592 - 0000655
atarsamping | winoutgender' | -00007 00012 087os| 1 00008/ 08585| 00458 03155 0000862
ramove al 00013 00023 08671 i 00015 00050  08537| 00735 06366 0001072
win gender |- - 05952 |- - 1. - 05929 - 249605
== before samping | winout'gender |- 00016 08968 -00001 038999 - 00023 08952 05622 108E-05
e o removeal |- -00014 09938 |- ' 1- -00020 09903 055856  4.13E-05
{Randam Forest win ‘gender’ -00018 - 08933| -00001 - 08998 -00027 - 08902| 08996 - 473E-05
afersamping | wihoutigender' | -00033  ooooz  099as| 00001 00001 09998 -00047 00003 09905 30082 437E-05
remove al -00005 ¢ 08933 00001 100006 00001 08903| 01308
with gender |- - 0564 - 08329 - - 08514 |-
alyr bekore samping | winout'gender” |- 00009 09631 ‘ 09929 - 00013 08502 00591 0000913
Fracizion normabaton romoveal |- 00049 08687 g 08929 - 00069 0958 |- -02934 0000609
(RandomFarest with ‘gender -00027 - 09614/ - 08929 -00037 - 08473 04740 - 0001013
atarsamping | winoutgender' | 00001 00018 0ssaz|r g 08928 00008 00033 0951 00371 01314 000088
ramove al -00002 00074 09685| 4 08928 00004 00102  08576| 00236 03833 0000524
win ‘gender' |- - 0s722|- - 09965 - - 05623 |- - 0000582
== before samping | winout'gender |- 00042 08681 ¢ 038965 - 00060  08565)- 03688 0000797
— o removeal |- 00021 os7oz|- ' 09965 - -00030 09534 01772 0000686
{Randam Forest win ‘gender’ -00021 - 0sroz|t - 08965  -00030 - 08594 01772 - 0000686
afersamping | winoutigender' | -00021 00042  09661| -00035 00036 089929 -00015 -00045 08551 -01020 00442 0000716
remove al 00042 00042 0s7a3l 4 08965 00050 00060 08652| 02887 02887 0000488
with gender |- - 08676 - - 08347 - - 08563 - - 0000738
alyr bekore samping | winout'gender” |- -00021 03656 |- ‘ 09947 - 00031 03533 |- 0.1589 0000855
i scora normabaton romoveal |- 00016 08691 - g 08347 - 00020 08s82|- -0.1000 0000664
(RandomFarest with ‘gender -00024 - 09653 |/ - 08947 -00033 - 08531 04701 - 0000863
atarsamping | winoutgender' | -00010  -00007 08646 -00018 -00018 08928 -00004 -00002  08528| -00G47 00737 00008
ramove al 00023 00082 08713 08947 00033 00087 08614| 01649 03577 0000554
win ‘gender |- - 09967 - - 05984 - - 05958 - - 350606
ator before samping | winourgender |- 00001 08968 -00001 08983 - 00001 08959 -0.1429  300E-06
AU normalzaton removeal |- -00013 03954 I 05984 - -00020 03938 19714 104E-05
(Logistc Regrassion) Wi ‘gender -00004 - 08963| 00008 - 08993 -00016 - 0sasz| 27143 - 130E-05
atersamping | winout'gender | -00005 ¢ 0s9s3| 00009 05992 -00013 00004  08946| 25667 01769 107E-05
remove al -00014 00023 oga4| 00010 08994 00027 00031  08911| 22885 16308 342605
with gender |- - 08678 |- - 08329 - - 08611+ 0000507
ater betore samping | winourgender |- -00017  0sse3- i 05929 - -00021 03591 01270 0000572
Fraciion normabaton romoveal |- -00004 08675 : 08929 - -00005 08606 00304 0000523
(RandomFarest with ‘gender -0.0056 - 09625/ - 08923 -00119)- 05497| 08407 - 0000934
atarsamping | winoutgender' | -00037 00002 08627 | ' 08928 -00081 000 08504| 05815 -00317 0000304
ramove al -00041 00010 08635|" . 08928 00087 000 08513| 06540 00741 0000864
win gender |- - 05589 - - 05894 - - 05464 - 0000924
ator before samping | winourgender |- -000z2 08568 |- -00036 08858 - -00016 08443 -00848 0000836
fecal normalzaton removeal |- -00087 03508 -00036 03858 - -00108 0338z 03313 000123
{Randam Forest win ‘gender’ -00032 - 08558| 00035 - 08928 -00061 - 08406| 04825 - 0001369
afersamping | winoutgender |7 00010 08568| 00037  .00035 08894  -00015 00031  05435| 02530 -02313 0001053
remove al -00021 00075 08486| 00037 00035 08894 00046 00092  08319| 03435 02065 0001652
with gender |- - 08622 - - FEEIEIE - 05504 - - 0000828
ater betore samping | winourgender |- -00019 03504 -00018 039893 - -00016 0483 -00127 0000818
1 scora normabaton romoveal |- -00054 09s7|- -00018 08893 - -00068 08433 - 02444 0001031
(RandomFarest with ‘gender -00042 - 08582| 00018 - 05929 -00069)- 05438| 04573 - 0001207
aher sampling wihout'gender’ -00016 00007 08588 00018 -00018 08911 -00033 00021 08458 02576 -0.1480 0001028
ramove al -00028 00042 08542 00018 00018 08911 00053 00052  09389| 03251 01315 0001366

Figure B.4: Performance on
(Thyroid dataset)

test dataset while

choosing ’gender’
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as the protected feature



B.3 Threshold sheet

Features entire dataset Male Female Average Median Maximum Minimum var
with ‘gender’ 037157 001594 055027 001304 037157 001584 046642 001449 046542 001449 056027 001304 037167 001694 117602
stter before sampling | without 'gender’ 040312 00135 048913 001401 040312 001358 044612 001261 044612 001261 048913 001401 040812 001366 2.47E-03
. removeall 036164 001858 062365 001643 028614 001873 0409 001728 04049 001723 05235 001643
(XGBoost) with ‘gender’ 028089 001594 046666 001234 033673 001449 04017 001401 04017 001401 046666 001234
afterampling | without 'gender' 04458 001353 051640 001138 04458 001353 048114 001304 048114 001304 051649 001138
removeall 020511 001787 055253 001401 020511 001787 _ 042682 001498 042382 001498 056258 001401
with ‘gender’ 04 001186 04 001186 04 001185 04 001186 04 001186 04 001185
Based on Gender after before sampling | without 'gender' 05 001331 05 0.01331 04 001454 045 001454 045 001454 05 001331
i removeall 05 ootz 05 ootz 04 00173 045 001739 045 001739 05 oot Y
ooy | (Random with ‘gender’ 05 001234 06 001288 05 001234 055 001234 055 001234 06 001283 05  001234] 333603
Forest) after sampling | without 'gender' 04 00008 05 001261 04 000008 045 000098 045 o 05  oot261 04 000%8| 333£:03
removeall 05 ootost 06 oot0st 05 ootos1 055 001041 055 001041 06 ootos1 05 00tos1| 333603
with ‘gender’ 048994 001648 040985 001609 02211 00266 036048 001916 036048 001916 049985 001590 02211 0.02066] 0.025012
after before sampling | without 'gender’ 045206 001626 049451 001629 022167 001685 035800 00175 035809 00175 049451 00159 022167 001685 0.021554
i removeall 044473 001798 048271 001888 041476 0. 044874 001916 044874 001916 048271 001868 041476 0. 000116
(Logistic with ‘gender’ 036271 001819 048114 001744 036271 001819 042102 00185 042192 001868 048114 001744 036271 _ 001819] 0.004675
Regression) | afterampling | without 'gender' 034941 00175 044%0 00173 034941 00175 030955 00185 039955 001863 044960 001728 034941 00175| 0.003352
removeall 040043 002474 041974 00278 037616 002125 030795 002452 039795 002462 041974 002378 ) 0000519
Features entire dataset xx-40 21-70 71-xx ‘Average Median Maximum Minimum ar
with ‘age’ 037157 00006 020028 000235 04237 00006 039163 00006 036854 X 039163 0.0006 04237 00006 029029 0.00236| 3.235E:03
stter beforesampling | without 'age’ 03252 000212 017023 000505 034252 000212 039649 00027 030308 000155 03422 000212 039649 00027 017023 0.00505| 9.699E-03
. removeall 036164 000247 018041 00005 028614 0ODS5 036164 000247 027606 00019 028614 000155 036164 7.356E-03
(XGBoost) with ‘age’ 04796 000085 038611 000165 0479 000095 014698 000282 033756 0002 038611 000165
afterampling | without ‘age’ 03675 000177 043114 000107 038759 000177 000773 03067 000247 038759 000177
removeall 042178 0002 o047 o 050264 00006 00524 000913 032585 00027 042178 )
with ‘age’ 04 00013 05 000165 [ 00013 07 0002 0513 000165 05 000165
Based on Age after | before sampling | without 'age’ 03 ooom2 04 000107 05 000095 03 ooom2 04 000107 04 000107
removeall Y] 0002 o5 0002 04 0002 05 0002 o5 0002 o5 )
ooy | (Random with ‘age’ 04 00023 04 00025 05 000235 [ 0002 05 000236 05 00023
Forest) afterampling | without ‘age’ 04 000247 04 000247 04 00047 04 000247 04 000247 04 00047
removeall 03 00015 03 000515 05 000235 07 0002 05 0002% 05 000235
with ‘age’ 048984 000235 0211 000212 049013 000235 000235 040039 000235 04894 000235
after before sampling | without ‘age’ 043416 000515 0411 00085 048554 00034 048091 004 046215 000875 048554 00034
i removeall 044473 000375 040687 00085 04494 000375 04883 000247 044810 000375 04494 000375
(Logistic with ‘age’ 046964 000177 018983 0.0061 04764 0001777 049108 000142 0385 0.00247 04764 000177
Regression) | afterampling |  without ‘age’ 042891 000422 025188 00089 043067 00087 049123 00047 039126 0004 043067 000887
removeall 039994 00022 039094 000422 045183 0O0G17 049147 000247 044775 000317 045183 0.0G17 1976E03

Figure B.5: Threshold sheet (Thyroid dataset)
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Appendix C

RESULTS ON PIMA DATASET

C.1 Performance sheet for 10-fold cross validation on train dataset

C.1.1 Performance while choosing ‘age’ as the protected feature

35

Diabetes_pima Features entire dataset Xx-35 32_9;) B1oxx Variance
102, 52 73, 26, 20,18 9,8
. test dataset ] el . .
size of the group: ar o 154 9 38 17 i
. withAwithout variance of
first number: target = bef Jingtrai P e — 407, 207 294,105 79,72 34,30 the three
second number target = 1 | Defore sampling(irain) s 614 309 151 64 T
third number: sum atter sampling(rain) a8 439,309 182,67 125,125 132,117 o0
pling 748 249 250 249
Change - sample | no‘age’ B sample | no ‘age’ B sample | no'age’ B sample | no ‘age’ B sample | no'age’ B
ater before sampli ‘with ‘age’ - - 083270 - - 083600 - - 077210 - - 085280 0.001809
G normalization PG | without ‘age’ -0.0014  0.83150 -0.0005  0.83560 -0.0058  0.76760 00326 0.82500 - 0.2604
(XGBoost) after sampli ‘with ‘age’ 0.0166 - 081890  -0.0050 - 083180 -0.0819 - 074750  0.1433 - 0.73060| 0.625200
PG | without ‘age’ 200207 00056 081430  -0.0077 _ -0.0031 _ 0.82920 -0.0259 00003 074770 01212 00077 0.72500| 1.244400 0.0214
after N "with ‘age’ B - 0.77890 B -~ 079570 B T 0.72610 B - 081600 B
Precision normalization before sampiing without 'age* | 0.0261 0.75860 | <0.0113  0.78670 | 20.0353  0.70050 | <0.0533  0.77250] |
(XGBoost) JPA— ‘with ‘age’ -0.0403 - 074750 0.0371 - 076620  -0.0416 - 069590  0.1248 - 071420| -0.401200
Ping | without ‘age’ 00236 -0.0091 074070 -0.0194 00068 077140  -0.0094  -0.0029  0.69390  -0.1313  -0.0803  0.67110| 0.293300
N ith "age’ B - 0.78010 B - 080460 B - 071470 B - 078090 B
after With ‘age
Recall normalization before sampiing | \itnout 'age - 00282 076200 - 00127 079440 - 0.0874 068800 - 00579 0.73570) -
(XGBoost) after sampli ‘with ‘age’ -0.0399 - 074900  -0.0252 - 078430 -0.0462 - 068170 0.1158 - 069050| 0.486900
Ping | without 'age’ 00239 -0.0069  0.74380  -0.0096 00032 078680  -0.0304  -0.0214  0.66710  -0.1068  -0.0484  0.65710| 0.834700
- ‘with ‘age’ - - 0.77560 - - 079290 - - 0.71050 - - 077330 -
after before sampli o
1 score normalization PG | without ‘age’ - 00281 075770 - 00087  0.78600 - 0.0859  0.68500 - 00628 0.72510) -
(XGBoost) after sampli ‘with ‘age’ -0.0467 - 073940  0.0386 - 076280  -0.0442 - 067910  0.1182 - 068190 0.204600
PG | without ‘age’ 200317 00077 _ 073370 -0.0202 00102 077010 -0.0399  -0.0315 065770 _ -0.1011 _ -0.0441 _ 0.65180| 0718100
after " “with ‘age’ - -~ 082620 - -~ 084250 - -~ 0.72640 - -~ 078890 -
9 normalization pefore sampling | ivout age - 0.0001 082610 - 00033 083970 - 00094 073320 - 00176 0.80280) -
(Random Forest) . with ‘age’ -0.0230 - 080720  0.0185 - 082600  -0.0872 - 069940  0.1127 - 070000 0.600200
after sampling with age |
without ‘age 00314 -0.0087 _ 0.80020  -0.0324 _ -0.0174 _ 0.81250  -0.0221 00252 0.71700 _ -0.0831 00516 0.73610 -0.127500
- ith "age’ - — 0.75650 - -~ 078020 - -~ 068700 - -~ 076940 -
after sam) With ‘age
Precision =T Defore sampiing | oyt rager - 0.0096 074920 - 00091 077310 - 00246 067010 - 00333 079500 -
(Random Forest) atter " ‘with 'age’ -0.0325 - 07319  0.0155 - 076810  -0.0846 - 062890 0.0343 - 079580 2.080800
SamPINg | without ‘age* -0.0076 00158 0.74350 0.0066 00131 0.77820 0.0236 00906 068590 01114 01123 070640 -0.472900
- ‘with ‘age’ - -~ 0.76020 - -~ 079180 - -~ 0.68080 - -~ 075240 -
after before sampli
E— normalization PG without ‘age’ - 0.0086 075370 - 00091 078460 - 0.0306  0.66000 - 00348 077860 -
(Random Forest) after " with ‘age’ -0.0300 - 073740  0.0129 - 078160  -0.0967 - 061500 0.0032 - 075480 1.529200
SamPIng | without ‘age* -0.0090 00129 074690 -0.0008 00031 0.78400 0.0121 00862 0.66800  0.0918 00632 0.70710| -0.296400
after - “with ‘age’ - -~ 0.75830 - -~ 077400 - -~ 067720 - -~ 074680 -
— normalization pefore sampling | ivout age - 0.0086 074780 - 00019 077250 - 0025 065790 - 00376 0.77490) -
(Random Forest) . with ‘age’ 0.0317 - 073040 00163 - 076140 -0.1012 - 060870  0.0017 - 074550 1.827800
after sampling ge
without ‘age 0.0115 00120 0.73920 0.0010 00156 0.77330 0.0105 00922  0.66480  -0.1023  -0.0669  0.69560| -0.301700
before sampli “with 'age’ B - 0.83050 B T 084750 B - 0.76990 B T 076670 B
AUG rormalization PG | without 'age* - 00045 083420 - 00020 084920 - 00003 077010 - 00037  0.76390) -
et ! " ‘with ‘age’ 0.0122 - 082040  0.0136 - 083600  -0.0221 - 0.75290 0.0181 - 078060 -0.144600
(Logistic Regression) after sampling a.ge 0
without ‘age’ 0.0150 00016 082170  0.0194 00039 083270 00106 00120 0.76190 00073 00142 0.76950| -0.331600
- ‘with ‘age’ - - 0.76890 - - 081510 - - 0.70340 - - 062680 -
after before sampli o
Precision normalization PG | without ‘age’ - 00013 076990 - 00177 080070 - 00073 070850 - 01827 0.74130) -
Random F " ‘with ‘age’ -0.0023 - 076710 0.0110 - 080610 0.0165 - 0.71500 0.1469 - 0.71890| -0.704200
( m Forest) after sampling .
without ‘age -0.0018 00018 0.76850 /___-0.0067 _ 0.80070 0.0092 00000 0.71500 0.0074 00383 0.74680| 0140200
after N "with ‘age’ B - 0.75850 < 081210 B - 069290 B - 058100 B
Recall normalization before sampling | iinout 'age’ - 0.0003 075830 - 00248 079200 - 00095  0.69950 - 01843 0.68810) -
(Random Forest) " ‘with ‘age’ 0.0071 - 076330  -0.0121 - 080230 0.0123 - 070140 0.1680 - 067860| -0.675200
after sampling e
without ‘age 0.0092 00018 0.76530 00067 _ -0.0062  0.79730 0.0027 00000 0.70140 0.0484 00631 072140 0211200
N ith "age’ B - 076120 B - 081050 B - 068470 B - 054370 B
after With ‘age
1 score rormalization before sampiing | \itnout 'age - 00001 076130 - 00212 079330 - 00104 069180 - 02448 0.67680) -
Random F " ‘with ‘age’ 0.0033 - 076370 0.0127 - 080020 0.0185 - 069740 0.2211 - 066390| -0.716900
( m Forest) after sampling =
without ‘age’ 0.0050 00018 0.76510 00032 00055 0.79580 0.0081 00000 0.69740 0.0519 00723 071190 -0.298000

Figure C.1: Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (PIMA dataset)



C.2 Performance sheet for test dataset

C.2.1 Performance while choosing ‘age’ as the protected feature

age Variance
Diabetes_pima Features entire dataset e ) .
- e o " S
variance of
first number: target = 0 withvithout 407, 207 294,105 79,72 34,30
before sampling train) the feature the three
second number. target = 1 o 614 399 144 64 age groups
third number: sum after sampling(train) 439, 309 182, 67 125,125 132,117
748 249 250 249
Change - sample| _no ‘age’ sample| _no ‘age’ sample| no ‘age’ sample| o ‘age’ | sample” noage’ -
attor betore sampling | ¥ 269" 08296 - 08222 - 08441 - 08442 - 0.0001606
AUC nomalization without ‘age - 0.0160 08163 - 00152 0.8097 - 00174 08204 - /| 08442 - 0.8655 0.0002996
XGBoost) aftor sampling | ¥ith age’ 0.0212 0812 00041 - 0.8256  -0.0906 - 07676 -0.0308 - 08182| 52049 0.0009965
without'age'| 0,062 -0.0419 0778| 00399 00438 07894 01045 00152 07559 00770 00477  07792| 08362  0.7041 0.0002049
atter before sampling | Yih age’ - 0.7537 - - 0.7908 - - 07501 - - 06019 - - 0.0098638
Precision nomalivation without ‘age’ - -0.0265 07337 - 00101 07828 -0.0956  0.6784 - /06019 - -0.1657 0.0082461
with ‘age’ -0.0283 07324|  -0.0250 - 0771 01304 - 06523 0.2098 - o7282| -0.6344 - 0.0036137
(XGBoost) after sampling -
without'age'| 00569  0.0205  0.7108| 00787 00550 07286  -0.0505 00918 07122 01077  -0.0845  06667| -0.8959 -0.7154 0.0010285
after before sampling with ‘age' - 0.7597| - - 0.798 - - 0.7297 - - 0.6111 - - 0.0089437
Recall nomalization without ‘age' - 0.0285 07403 - 00127 07879 00740 086757 - /. o0st11 - -0.1051 0.0080034
with ‘age’ -0.0255 07403|  -0.0253 - 07778 0111 - 08486 0.1818 - or222| 05304 - 0.0042002
(XGBoost) after sampling ge’
without'age' | 00512 00263 0.7208] 00750 00519 07374 00370 _ 00834 07027 00910 _ -0.0768 _ 0.6667| -0.8603  -0.7024
attor before sampling | 202’ - 0.7506 - - 0.791 - - 07184 - - 06046 -
without ‘age’ ] - 00081 07846 -0.0690  0.6688 - /06046 - 0.0573
i score nomalization with 'age’ 0773 01121 06379 0.1594 0701|  -0.4824
XGBoost) atter sampling ge' | 00256 -0.0228 - : . - X .15 - 5 0.
without 'age' | 0,038 } 00750 00834 07317 00345 00873 06036 00347 01076  0.6266| 06708 -0.3678
. before sampling | Yih age’ 0.6229) - - 08213 - - 08265 - - 08571 -
AUC e without ‘age' - 00333 07955 - 00421 07867 - 00249 0.8059 01061 07662 - 0.0534
with ‘age’ 0.0137 08116 00174 - 0807 00108 - 08176 0.0151 - 08442| 00184
(Random Forest) after sampling )
without'age'|  0.0701 00572 0.7652| 00780 00617 07572 00676 00575 07706  0.1363 01231 07403 -0.3840  -0.3724
o before sampling | Yith age’ - 0.7396) - - 07498 - - 07363 - - 07282 - - 0.0001191
[Fa— el without ‘age' - 0024 07201 - 00161 07619 - 00785 06784 - 01734 06019 - 52.7708 0.0064041
with ‘age’ 0.0120 07485 -0.0037 - 0747 00528 - 07752 0.1494 - 0.837| 16.7926 - 0.0021191
(Random Forest) after sampling 8
without'age'| 0.0379 _ 0.0493  0.7116] 00396  0.0360 07201 _-0.0327 00813 07122 /01300  07282| 04626  -0.9698 6.40E-05
i pefore sampling | " 209' - 0.7468 - - 07576 - - 07207 - o722 - 0.000348
without ‘age' - 0021 07273 - 00133 07677 00740 06757 01538 06111 - 16.7974 0.0061935
Recall nomalization with 'age’ 0.7576 / 07207 00770 07778| 06761 0.0005833
(Random Forest) atter sampling ge' | 0008 0.7532 i = § - $ . . . x
without'age'| 00348 00430  0.7208| 00400 00400 07273 00370  -0.0370  0.7027 /00715 07222| 05155 -0.7110 0.0001686
e before sampling | Yith age’ - - 0739 - - 07528 - - 0.724 - 0.701 - - 0.0006603)
— e without ‘age' - 00235 07216 - o018 0.764 00762 0.6688 01375 06046 - B.7413 00064322
with ‘age’ -0.0003 07388  -0.0041 - 07492 00184 - 07107 00705 - o7s504| -0.2276 0.00051
(Random Forest) after sampling )
without'age'| 00363  0.0860  0.7122| 00389  -0.0350 0723 00420 00241 06936 /00658 0701] 06458 05414 0.0002339
attor before sampling | ¥ith age’ | 08235 - - 08155 - - o832 - orme2 - - 0.0008857
AUC nomalization without ‘age' - 00019 08219 - 00017 0.8169 -0.0035 08353 - /07792 - -0.0767 0.0008178
with ‘age’ 0.0159 08104| -0.0142 - 08039  -0.0351 - 08088 0.0334 - 08052| -0.9928 - 6.40E-08
(Logistic Regression) | after sampling :
without'age' | 0.0158 /08104 00142 /08039 -0.0351 /08088 00334 /___o080s2| 09928 /__6.40E-06
ater before sampling | 202’ ] 0.7555 - - 0.8269 - - 0s475 - - 06019 - 00141481
without ‘age’ - 00130 07457 - 00204 0.81 - /08475 - /o019 - -0.1543 00119652
Precision nomalization with 'age’ 14| -0.0890 07533 0.0477 0.6784 / 06019  -0.5949 0.0057307|
(Random Forest) after sampling 9 : 0.0549 0.7 X - 5 X - X Y Y Y
without 'age' | 0.0549 / 0714| 00890 /07533 00477 /06784 / /06019 05049 /100057307
attor before sampling | Yih age’ - 07532 - - 08182 - - 08486 - 0611 - - 0.0121768
Recall nomalization without ‘age’ - -0.0085 07468 - 00123 0.8081 - /06488 - /. ost11 - -0.1014 00109426
with ‘age’ -0.0430 07208|  -0.0741 - 07576 00418 - osrs7 / - 06111 05573 - 0.0053905
(Random Forest) after sampling -
without 'age' | 0.0430 /. 07208] -0.0741 /07576 00418 /06757 / /. oset11] 05873 /100053905
attor before sampling | Yith age’ ] 07542 - - o211 - - oe4re - 06046 - - 0.0131373
1 score nomalization without ‘age' - 00106 07462 - 00147 0.809 - /08476 - /06046 - -0.1160 00116131
with ‘age’ -0.0509 07158|  -0.0804 - 07551 00327 - 08688 / - 06046| -0.5659 - 0.0057033
(Random Forest) after sampling ge’
without'age' | 0.0508 /__07158] -0.0804 /07551 00327 /06688 / /06048 05659 /100057033
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Figure C.2: Performance on test dataset while choosing 'age’ as the protected feature(PIMA

dataset)



C.3 Threshold sheet

37

Features entire dataset x-35 36-50 51 Median Maximum Minimum var
fer before sampling |_ Wit age’ =0 00085 =0 00085 06198 00085 06653 00197 06314 00085 06653 00197 06198 00085| 3.865E-04
i without 'age’ 06885 00161 07008 00182 06880 00143 06885 00161 06830 00143 o008 oote2 o885 00161 3.704€-05
- with ‘age’ 07617 00195, 05695 00064 o791 00253 08004 00253, 07791 00253 08004 00253 05695
(XGBoost) | afterampling | With'age’
without ‘age 06363 0007 06363 0007 7196 00082 o7681 00sta o716 00082 7681 00sta 06363
Basedon Age SR [ fore samplng | Vit g€ 0645 00235 0674 00235 [ 00195 0588 00138 0874 00235 ose2 00195 0588
fret: threshold without ‘age e 00181 06 00181 0805 oote2 o686 oozte o6 00181 0805 oote2 0686
© (Random [ oo g | With aBe’ 0745 00171 [ 00191 o612 00153 0514 00126 ot 00191 o612 00153 0514
second:emor | porest) ithout 'age’ 089 00266 050 00234 0851 00229 089 00164 0851 00229 089 00164 050
after before sampling |_With age’ 06583 00231 0524 00066 07125 00085 07470 00087 07125 00085 07470 00087 05274
izati without 'age’ o557 00152 05357 00045 o702 00085 07583 00072 o702 00085 07583 00072 o537
(Logistic afterampling | With age’ 06261 00082 0.6064 00049 orr 0018 07154 00085, 07154, 00085 07177 0018 0.6064
Regression] without 'age’ 06261 00082 06054 00049 onm 0018 7154 00085 o7 00085 o717 0018 06054

Figure C.3:

Threshold sheet (PIMA dataset)




