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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.



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

Chapter 2: Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 Fairness in Healthcare . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.2 Detect and Measure the fairness issue in Machine Learning . . . . . . . . . . 4

2.3 Address the Fairness issue in Machine Learning . . . . . . . . . . . . . . . . 4

Chapter 3: Design of the Experiment . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.1 Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.2 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3.3 The Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Chapter 4: Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4.1 Detect the Fairness Issue in Performance . . . . . . . . . . . . . . . . . . . . 10

4.2 Threshold for Fairness and Performance Boundary . . . . . . . . . . . . . . . 11

4.3 Effect of Removal of Protected Features . . . . . . . . . . . . . . . . . . . . . 12

4.4 Effect of Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

4.5 Fairness in Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

Chapter 5: Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

i



Appendix A: Results on LOS dataset . . . . . . . . . . . . . . . . . . . . . . . . . . 22

A.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

A.2 Performance sheet for 10-fold cross validation on train dataset . . . . . . . . 23

A.3 Performance sheet for test dataset . . . . . . . . . . . . . . . . . . . . . . . . 26

A.4 Threshold sheet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

Appendix B: Results on Thyroid dataset . . . . . . . . . . . . . . . . . . . . . . . . 30

B.1 Performance sheet for 10-fold cross validation on train dataset . . . . . . . . 30

B.2 Performance sheet for test dataset . . . . . . . . . . . . . . . . . . . . . . . . 32

B.3 Threshold sheet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

Appendix C: Results on PIMA dataset . . . . . . . . . . . . . . . . . . . . . . . . . 35

C.1 Performance sheet for 10-fold cross validation on train dataset . . . . . . . . 35

C.2 Performance sheet for test dataset . . . . . . . . . . . . . . . . . . . . . . . . 36

C.3 Threshold sheet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

ii



LIST OF FIGURES

Figure Number Page

3.1 An overview of the contributions . . . . . . . . . . . . . . . . . . . . . . . . 8

4.1 Performance of random forest models trained with and without the protected
feature (gender) on LOS dataset . . . . . . . . . . . . . . . . . . . . . . . . . 10

4.2 Optimal thresholds of random forest models trained with and without the
protected feature (gender) on LOS dataset . . . . . . . . . . . . . . . . . . . 10

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 fair-
ness thresholds are marked as blue . . . . . . . . . . . . . . . . . . . . . . . 11

4.4 Precision boundary of the experiment in Figure 4.3, where the boundaries of
fairness thresholds are marked by orange rectangular . . . . . . . . . . . . . 11

4.5 Performance of methods trained with and without protected features on LOS
dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

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 . . . . . . . . . . . . . . . . . . . . . . . . . 13

4.7 Distribution of ’age’ and ’race’ in LOS dataset . . . . . . . . . . . . . . . . . 14

4.8 Performance of methods training on LOS dataset before and after sampling
, 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 . . . . . 15

4.9 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) sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

A.1 Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

A.2 Performance of 10-fold cross validation while choosing ’gender’ as the pro-
tected feature (LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

A.3 Performance of 10-fold cross validation while choosing ’race’ as the protected
feature (LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

iii



A.4 Performance on test dataset while choosing ’age’ as the protected feature (LOS
dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

A.5 Performance on test dataset while choosing ’gender’ as the protected feature
(LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

A.6 Performance on test dataset while choosing ’race’ as the protected feature
(LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

A.7 Threshold sheet (LOS dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . 29

B.1 Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (Thyroid dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

B.2 Performance of 10-fold cross validation while choosing ’gender’ as the pro-
tected feature (Thyroid dataset) . . . . . . . . . . . . . . . . . . . . . . . . . 31

B.3 Performance on test dataset while choosing ’age’ as the protected feature
(Thyroid dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

B.4 Performance on test dataset while choosing ’gender’ as the protected feature
(Thyroid dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

B.5 Threshold sheet (Thyroid dataset) . . . . . . . . . . . . . . . . . . . . . . . . 34

C.1 Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (PIMA dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

C.2 Performance on test dataset while choosing ’age’ as the protected feature(PIMA
dataset) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

C.3 Threshold sheet (PIMA dataset) . . . . . . . . . . . . . . . . . . . . . . . . . 37

iv



LIST OF TABLES

Table Number Page

3.1 Example: Performance of Northpointe’s assessment tool across different races 5

3.2 Information of the Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4.1 Effect of Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

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) . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

v



ACKNOWLEDGMENTS

I am grateful for all the help UWT and KenSci has provided.

First I would like to express my deepest appreciation to Prof. Ankur Teredasai, who is

my committee chair and advisor. He has helped and guided me a lot to find the direction

through the journey, and always been encouraging and supporting me. Furthermore, I would

also like to say thank you to my advisor, Vikas Kumar, without whose help and contributions

this work would not have been completed.

I would also express my gratitude to my parents and friends, who have continuously

supported me with their love and helped me by their best. They are the reason why I

become the person who I am today.

vi



1

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 Motivations

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.
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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:

• Identify fairness in performance of machine learning methods;

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

machine learning methods;

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

fair and also comparable.
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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 AI.

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 HbA1c, 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 HbA1c as an index [23, 24] may also be

different across race categories.
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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]:

• 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.

• 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.

• 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.
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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:

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

• 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.

• 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:

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

disability, race, etc [Equality Act 2010].

• 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 HbA1c. 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.
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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
x nFeatures)

Target Variable Protected
Feature(s)

Length of Stay
(LOS) [39]

Predict hospital length
of stay

46630 x 212 Binary (shorter stay or
longer stay)

age, gen-
der, race

Thyroid Disease
Dataset [40]

Predict the state of
thyroxine-binding pro-
teins, which is relative
to thyroid disease

3772 x 29 Multi-class (negative,
increased binding pro-
tein, decreased binding
protein)

age, gen-
der

Pima Indians
Diabetes Dataset
(PIMA) [41]

Predict the onset of di-
abetes based on diag-
nostic measures (medi-
cal predictor variables)

768 x 9 Binary (onset or not) age

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 + specificity − 1.
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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.

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:

• 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.
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• Random Forest [45]:

An ensemble learning method for classification and regression problems;

A combination of decision tree and bagging.

• 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.

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.

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.

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.

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:

• 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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• 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.

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:

• The variance of the performance does not decrease;

• 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.

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 decrease10% -
30%, sometimes over 50%, especially the performance of logistic
regression

Accuracy Boundary the differences in performance across categories reduce
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Figure 4.8: Performance of methods training on LOS dataset before and after sampling ,
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 4.9: 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)
sampling
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4.5 Fairness in Methods

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 < XGBoost(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,

’/’, 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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A.2 Performance sheet for 10-fold cross validation on train dataset

A.2.1 Performance while choosing ’age’ as the protected feature

Figure A.1: Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (LOS dataset)
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A.2.2 Performance while choosing ’gender’ as the protected feature

Figure A.2: Performance of 10-fold cross validation while choosing ’gender’ as the protected
feature (LOS dataset)
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A.2.3 Performance while choosing ’race’ as the protected feature

Figure A.3: Performance of 10-fold cross validation while choosing ’race’ as the protected
feature (LOS dataset)
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A.3 Performance sheet for test dataset

A.3.1 Performance while choosing ’age’ as the protected feature

Figure A.4: Performance on test dataset while choosing ’age’ as the protected feature (LOS
dataset)
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A.3.2 Performance while choosing ’gender’ as the protected feature

Figure A.5: Performance on test dataset while choosing ’gender’ as the protected feature
(LOS dataset)
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A.3.3 Performance while choosing ’race’ as the protected feature

Figure A.6: Performance on test dataset while choosing ’race’ as the protected feature (LOS
dataset)
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A.4 Threshold sheet

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

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

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

B.2.1 Performance while choosing ’age’ as the protected feature

Figure B.3: Performance on test dataset while choosing ’age’ as the protected feature (Thy-
roid dataset)
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B.2.2 Performance while choosing ’gender’ as the protected feature

Figure B.4: Performance on test dataset while choosing ’gender’ as the protected feature
(Thyroid dataset)
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B.3 Threshold sheet

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

Figure C.1: Performance of 10-fold cross validation while choosing ’age’ as the protected
feature (PIMA dataset)
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C.2 Performance sheet for test dataset

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

Figure C.2: Performance on test dataset while choosing ’age’ as the protected feature(PIMA
dataset)
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C.3 Threshold sheet

Figure C.3: Threshold sheet (PIMA dataset)


