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Machine Learning Fairness in Finance: An
Application to Credit Scoring

Majda Lalla Kasmi

Abstract

Machine learning has already established itself in the world of finance and is more and more
used in risk analytics and credit scoring. As automated credit scoring is further developing
itself through the use of more data and more advanced machine learning models, fairness in
this application is still lagging behind. Research on inducing fairness has been done and
multiple methods have been proposed, however not specifically tailored to this context. In this
paper we apply preprocessing and postprocessing methods for inducing fairness in an effort to
compare their effectiveness in a credit scoring application.

The results suggest that Preferential Sampling perform best in the pre-processing for fairness
category, while Calibrated Equal Odds performs best in the post-processing category. Overall,
it is concluded that both pre-processing and post-processing methods can be used effectively
for addressing discrimination in the automated credit-scoring application.

1. Introduction

The aim of this research is to identify effective methods for bias mitigation and fairness
induction in the machine learning application for credit scoring in the financial services
industry. Machine learning has already made it possible to automate the credit scoring process
through the use of classification models. Individuals are either classified as creditworthy or not
creditworthy. Dastile et al. (2020) elaborate on the current models used industry wide, while
also shedding a light on opportunities for the future. From the literature it is evident that
machine learning and its application is quickly evolving (Lessmann et al., 2015). The
application of credit scoring is no different, resulting in benefits such as time efficiency. While
the field is rapidly evolving, there is limited expertise in machine learning fairness. Biases are
easily introduced to a model because it is often trained on datasets, containing data from
previous clients and past decisions, resulting in models that discriminate against marginal
groups/ minorities. (Prabhakar & Weber, 2020) With automated decision making applied in
situations that can majorly impact the lives of those the decisions are made about, such as loan
approvals, it is critical that decisions are made fairly. The study of machine learning fairness
itself is, relatively new, with little research on the application in industry specific situations
(Mehrabi et al., 2019). This while, regulators increasingly emphasize the importance of fairness
and propose and impose legislation, requiring financial institutions to not only impose fairness
but also prove the fairness of their practices (Aggarwal, 2021).

In light of the more and more demanding regulatory requirements for financial institutions and
the gap in the literature, the following research questions were formulated:
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Research Question 1: Do sensitive attributes like gender and age influence decision making
in the application of credit scoring and how can this be measured? This question will be
answered by identifying fairness metrics and applying them to an industry standard machine
learning method for credit scoring, specifically a logistic regression model.

Research Question 2: What fairness inducing method(s) cause(s) sensitive attributes such
as age and gender to be of the smallest influence on the decision making? This question will be
answered by applying several methods for fairness, both preprocessing and postprocessing, to
our industry standard model and comparing them based on model performance and fairness.

The results showed that in credit scoring, group attribution does influence the probability of
being assigned a positive classification and thus deemed “creditworthy”. Our findings suggest
that the use behavioral data, reduces the presence of discrimination, while this cannot be said
definitively. The results also suggest that Preferential Sampling perform best in the pre-
processing for fairness category, while Calibrated Equal Odds performs best in the post-
processing category. Overall, it is concluded that both pre-processing and post-processing
methods can be used effectively for addressing discrimination in the automated credit-scoring
application.

The structure of the paper is as follows. In section 2 an inclusive theoretical background on the
topic is provided. Section 3 then covers the different methods and metrics used for the purpose
of answering the research questions. Section 4 describes the experimental set up in several
steps, including pre-processing, model building, and testing. In section 5 the results are
presented in detail. After which a discussion of the results in relation to the research questions
will be presented in section 6.

2. Related Work

Machine learning in the application of credit-scoring is not uncommon practice, with research
on effectiveness of several machine learning methods already taking place in 2003 (Baesens et
al.). Credit scoring is a supervised learning problem, often a binary classification problem,
aiming at identifying good borrowers and bad borrowers (Dastile et al., 2020). Other terms used
are credit approval versus credit rejection and creditworthiness versus non-creditworthiness.
Though automated credit-scoring is a well-studied field, fairness in this application is less
studied. Indeed, research in fairness methods have included credit-scoring data but have not
looked into specific requirements for industry implementation and practicality (Kamiran &
Calders, 2011) (Calmon et al., 2017).

2.1 Fairness

Generally speaking, fairness in society is discussed in terms of non-discrimination and equality.
Britannica (2020) describes discrimination as “the intended or accomplished differential
treatment of persons or social groups for reasons of certain generalized traits. (...) For the most
part, discrimination results in some form of harm or disadvantage to the targeted persons or
groups.” Equality can be defined as “an ideal of uniformity in treatment or status by those in a
position to affect others” (Britannica, 2020). Oneto et al. (2020) describe Machine learning
fairness as the study of methods to guarantee no unfavorable treatment of individuals by
models, based on sensitive characteristics, such as gender, age, sexual or political orientation.
Though there is currently no consensus on what fairness in machine learning means, several
definitions have been set out as well as measures of fairness that can be used for the evaluation
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of machine learning models. (Jones et al., 2017) (Speicher et al. (2018). Before looking at such
measures, we will explore the current understanding of how unfairness in machine occurs.

Data that is used for training algorithms can contain many different types of biases, influencing
the decision making. Mehrabi et al. (2019) created an overview of potential biases in data,
including historical bias. Historical bias occurs when existing societal biases as well as socio-
technical issues are included in the data generation process, regardless of accurate sampling or
adequate feature selection. Furthermore, the use of unbalanced datasets for training algorithms
can result in the presence of biases against underrepresent groups when employing the
algorithm, the latter are usually dealt with through the use of reweighing or resampling
methods. Dealing with the first however, can be more challenging, yet important. When the
bias is not adequately handled, the resulting model, trained on the generated data, will likely be
discriminatory in its classification. Though there are many more different biases that could
potentially lead to unfair models, the focus of this research will be on the reduction of historical
and societal bias in the decision-making process of machine learning models, and therefore this
section will herein be limited

Dealing with biases is a difficult task, not in the least because there is no one definition of
fairness. In their paper Mehrabi et al. (2019) discuss 10 different definitions of fairness.
Amongst them are Fairness through (un)awareness, treatment equality, test fairness and
counterfactual fairness. They state that all fairness definitions fall in one of three groups, being
individual fairness, group fairness and subgroup fairness. The first two groups respectively
mean, classifiers give similar predictions to similar individuals and different groups are treated
equally. Subgroup fairness aims at using the most suitable properties of both individual and
group fairness concepts to create an optimal definition. Both individual and group fairness are
relatively well researched types of fairness, though current available methods for fairness
mainly deal with group fairness. Methods dealing with subgroup fairness are much rarer. This
can be explained by the trade-off existing when it comes to fairness. When ensuring group
fairness is present, it comes at the cost of individual fairness. Even when choosing a group
fairness definition, there is a trade-off to be made between different measures of group fairness
or fairness and accuracy(Valdivia et al. 2021). In their paper, Kleinberg et al. (2016) prove and
explain this phenomenon. Two guarantees an algorithm should ideally have for it to be
considered fair are described. Subsequently it is proven that these guarantees or definitions of
fairness are incompatible. Though this proof is far out of the scope of this research, we will
discuss the two guarantees that represent different forms of group fairness. Firstly, Kleinberg
et al. (2016) explains that a model should be “well-calibrated”, meaning that if a model
identifies a sample set to have a certain probability z to have positive classification, then
approximately a z fraction of said group should have a positive classification. This then should
also hold for subgroups in a sample. If e.g., men are found to have a certain probability z to
obtain positive classification, this should mean that z percent of men have this classification.
Secondly, there should be, what they call a “balance for the positive class”. People belonging
to different groups should have on average the same probability for positive classification. The
reason for this is that if one group (e.g., men) consistently receives higher probability estimates,
another group (e.g., women) will consequently receive lower probability estimates. The same
holds for the “balance of the negative class”. In practice what this means is that there should be
both statistical parity and there should be equal rates of false positives and false negatives
between groups. Fairness will be further elaborated on in the next part.
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2.1.2 Defining and measuring fairness

In this part, we will further elaborate on fairness in a binary classification context. We will
measure discrimination based on binary group attribution. One either belongs to the privileged
(unprotected) group or the unprivileged (protected/ deprived) group.

Group fairness

Choulderou (2017) also discusses fairness and provides four definitions: calibration, predictive
parity, error rate balance and statistical parity. This in the application of risk assessment for
post-conviction supervision in the United States. These formulas can be generalized, effectively
resulting in a further split of the definitions mentioned above. Considering a dataset (X, Y),
calibration is described as follows:

P(¥=11S=s5,A=0)=P(Y=11S=5A4=1)

Where S = S(X) translates to the probability score of being classified in a binary classification
1 (privileged class). A € {0, 1} indicating the sensitive attribute with groups 0 and 1 an
individual can belong to. Y €{0, 1} denote the classification labels. Where 1 equates a positive
classification. Calibration means that the classification outcome should be independent of the
sensitive attribute R conditional on the probability of positive classification. In other words,
S(x) is considered to be well calibrated when it represents the same score irrespective of an
individual’s group membership in A. This is in line with the definition provided by Corbett-
Davies et al. (2018)

Predictive Parity is satisfied if individuals, irrespective of their group ascription, have equal
positive predictive value (PPV) of classifier Y = 1 given threshold t and can be denoted as:

PY =1|S>tA=0 =P =1|S >t A=0)
Values of S above the threshold will be qualified as Y(1). While PPV is denoted as:

True Positive

True Positive + False Positve

Simply put we speak of predictive parity when protected and unprotected groups have equal
probability of belonging to Y(1) the positive class at a threshold t for S. Though it is similar to
calibration it is not actually the same. At different thresholds, predictive parity can be failed to
uphold. Calibration is different in that it considers all values of S. (Verma et Rubin, 2018)

Error Rate Balance simply means that false negative and false positive rates are equal in both
the protected and unprotected group where S <t and S >t describe the prediction decision
at a threshold t:

PS>ty =0A=0)=PS >t|Y =04=1)
PS<t|lY=1,4A=0 =P <t|Y=14=1)

Statistical Parity is satisfied if individuals in both protected and unprotected groups have the
same probability of being positively classified. Choulderou (2017)
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P(S>t|A=0)=PES>t|Ad=1)
Individual fairness

In addition to the above-mentioned fairness measures all pertain to group fairness, individual
fairness can also be defined. One such definitions is causal discrimination. If two individuals
from different groups have the same classification when all other attributes X are the same
(Verma & Rubin, 2018).

In the same paper they also introduce “fairness through awareness” and argue that similar
individuals should have similar classification predictions, they call this is fairness through
awareness. It is measured employing a distance metric and formally results in the assumption
that the distance between the distribution of outputs for individuals ought to be at most the
distance between the individuals.

2.2 Tools and methods for inducing fairness

2.2.1 Pre-processing methods

Pre-processing for fairness machine learning is the processing of data before using it in a
machine learning model so as to minimize the influence of bias and sensitive attributes. After
the processing of the data, the machine learning model can then be trained on the adjusted data.
(Oneto et Chiappa. 2020). (Kamiran et Calders, 2011) discussed several methods for this
purpose, describing it as discrimination-aware classifiers. They concluded that though
effective, bias reducing methods come at the cost of accuracy. Calmon et al. (2017) proposed a
different model, building an optimization framework with the purpose of probabilistically
transforming data. They also found that, while effective, it does come at the cost of accuracy.

2.2.2 In-processing methods

In-processing methods impose fairness constraints in the learning process of a model in order
to enforce model fairness. Hardt et al.(2016) propose a so-called Equality of Opportunity
method that can be applied in supervised learning, they state that they designed a “fairness
measure that accomplishes two important desiderata. First, it remedies the main conceptual
shortcomings of demographic parity as a fairness notion. Second, it is fully aligned with the
central goal of supervised machine learning, that is, to build higher accuracy classifiers” (Hardt
et al. (2016). Kusner et al. (2017) propose a method named “Counterfactual Fairness”.
According to them “It allows us to propose algorithms that, rather than simply ignoring
protected attributes, are able to take into account the different social biases that may arise
towards individuals based on ethically sensitive attributes and compensate for these biases
effectively”. Chiappa( 2018) builds on this by introducing a path -specific element meaning,
fairness occurs if the decision made, would have been the same in a counterfactual world (for
sensitive attribute) along the unfair pathways(Chiappa, 2018).

2.2.3 Post-processing methods

Post-processing aims at the same results as the previous methods but does so after running the
model. In the literature when looking at post-processing models, we first notice that this
domain has been researched the least and the literature tends to suggest models for improving
group fairness. Lohia et al. (2019) introduced a model for improving both individual and
group fairness. They found their model to be effective, while only having a limited impact on
accuracy. Other models include those introduced by Hard et al. (2016), Pleiss et al (2017) and
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Kamishima et al., 2012. These methods will be further elaborated on in section 3.

2.3 Machine learning based decision making in credit scoring

Credit scoring (CS) started being widely used after the arrival of credit cards in the 1960s. With
credit card applications rising rapidly, automation of the process was needed to meet the
demand. After witnessing the success rates of credit scoring with credit cards (a decrease of
50% in defaults), banks started using credit scoring for other products such as personal loans
(Thomas et al., 2002). Since then, there have been many developments in the process of CS and
many methods have been researched (Trivedi,(2020), aiming at predicting the credit worthiness
of individuals and organizations. The ultimate purpose of CS is to reduce the number of loans
resulting in default, and therefore manage the risk of credit providers.

The study by Baesens et al. (2003) is regarded in the literature as the most highly valued
benchmarking classification study and is therefore most used in the application of credit
scoring. These are logistic regression (LOG), linear and quadratic discriminant analysis, linear
programming, support vector machines (SVM), neural networks (NN), Naive Bayes (NB) and
k nearest neighbor (KNN) classifiers. It was found that the more complex methods such as
SVM and NN classifiers perform well when measured in regards of PCC(Probability of correct
classification) and AUC (Area under the ROC Curve), they do not perform significantly better
than the more straightforward models, like linear discriminant analysis (LDA) and LOG. These
models are thus competitive with one another. Years later the study was revisited by Lessman
et al. (2015) where they compared 41 different algorithms that can be split into three groups:
individual classifiers, homogenous ensemble classifiers and heterogenous classifiers. The first
group uses a single classifier to develop a classification model, the latter two combine the
prediction of multiple models to come to a final prediction. The difference between them lies
in the fact that homogenous ensemble classifiers use multiple base models, whereas the
heterogenous ones use different classification models. Lessman et al. (2015) conclude that
some models, especially heterogenous ensemble classifiers perform better than the logistic
regression classifier. The latter is used more industry wide. They also found that ANN
classifiers function better than ELM ones and RF achieves better results than RotFor. Dynamic
selective ensembles do worse than most other classifiers. Furthermore, Destile et al. (2020)
found that good benchmarking models in the application of CS are Logistic regression and
decision trees, as the LOG performs equally as well as traditional machine learning models,
while DT have high explainability. It is important to note that a better performance was
observed for deep learning models, compared to their statistical, and traditional machine
learning counterparts.

Bequé et Lessmann (2017) revisited the ELM model and examined its potential by focusing on
three criteria: ease of use, computational complexity, and predictive performance. Their
findings show that ELM performs competitively with regard to other benchmark models.
Though, some limitations of the model remain; random weight initialization used in ELM
causes variation and the use of other sampling methods in the application of the model are not
yet well researched.

2.3.1 Fairness in credit scoring

Much like there is no one definition of fairness in machine learning, there is no one method or
rule to classify an individual’s creditworthiness and predict their likelihood of repayment. As a
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result, different companies will use a different set of attributes and requirements for
classification. Aside from the use of the more traditional data such as income, number of
dependents and disposable income, companies might also use behavioral data for decision
making. Especially banks who have such information readily available, through their
customers’ past spending habits, might make use of this. Though one might think that this
would lead to less biased decision making, this is not necessarily true. Hurley et Adebayo
(2016) illustrate this with the following example. Kevin Johnson, who is black, is an exemplary
credit customer. He has never missed a payment and practices responsible spending. Yet, his
credit limit was reduced with more than 65%. American Express had classified him a risk
because he had recently spent money at shops where other customers with poor repayment
history had used their cards. Though some call this behavioral scoring, a better suited name is
"creditworthiness by association." “Rather than being judged on their individual merits and
actions, consumers may find that access to credit depends on a lender's opaque predictions
about a consumer's friends, neighbors, and people with similar interests, income levels, and
backgrounds” (Hurley et Adebayo, 2016). More traditional behavioral scoring entails, besides
the traditional credit scoring attributes, like the ones mentioned earlier, repayment, and ordering
history (Thomas & Crook, 2000). The extent to which the ordering history or payment behavior
is used can thus clarify whether a person’s spending habits are used for classification directly
or if there’s classification by association , which leads to a further instatement of bias. Hurley
et Adebayo (2016) compare the situation of Kevin Johnson to the ‘redlining” practice. In
redlining, individuals are classified based on their postcodes instead of their ability to repay a
loan, resulting in racial discrimination, as excluded postcodes were usually those of areas where
relatively more ethnic minorities lived. Consumer’s risk being punished for participating in
activities that are in association with ethnic, racial, or socioeconomic groups.

3. Methods

In this section we will describe the methods used for this research, the reasoning/ motivation
for the choice of methods and the metrics employed. We will first introduce the baseline model,
that we will use as a current standard to which we will compare the other models. Then we will
elaborate on the methods and models chosen for inducing fairness as well as which exact
measures will be used for quantifying fairness.

3.1 Fairness methods: Automated Credit Scoring and Payment Default Prediction

For the purpose of this research, we will look at automated credit scoring as well as payment
default prediction through the use of supervised learning classification methods. The baseline
model will be a logistic regression. The logistic regression model will allow us to compare
methods addressing societal bias in machine learning to simply ignoring it, in order to come to
conclusion about the effectiveness of such bias reduction methods.

3.1.1 preprocessing methods

several preprocessing methods will be used. The first of them is called suppression. In
suppression the sensitive attributes are simply removed from the dataset. It is generally
understood that this is not the most effective method for bias reduction as it does not deal with
correlated attributes and effects of belonging to a group whether protected or not, can influence
the other attributes in less obvious ways. Being a woman for example might influence career
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paths available and will thus influence job and income (Kusner et al, 2017). Nonetheless it
serves as a good second baseline model as we address the bias directly visible. This not only
for the pre-processing methods but also the post-processing methods.

Secondly, we will use a method called massaging that was introduced by Kamiran et Calders
(2011). In essence what this method does is, it relabels some observations to remove
discrimination in the dataset. Observations with A = 0 (the sensitive attribute) also referred to
observations in the deprived community, will be changed from a negative to a positive
classification (promoted), while observations with A =1 will be changed from a positive to a
negative classification (demoted). The observations that are changed are not chosen at random.
A ranker orders observations based on their positive class probability, where higher scores
mean a higher chance of belonging to a positive class. Observations from A = 0 will be ordered
in descending order while the others will be ordered in ascending order. those with the highest
probability in the promotion group( being those with a protected attribute) will be promoted
and those with the lowest probability in the demotion group will be demoted. The number of
observations that need to be changed is determined by the formula:

disc(D) X |Dg| X |Dq]|

M =
|D|

Where D, denotes the observations in D (dataset) with A =0 ( protected attribute) and A =1
(unprotected attribute), respectively. Discrimination (disc(D)) is defined by Kamiran et Calders
(2011) as follows:

{X € D|X(A) = 1,X(Class)

l{X € D|X(A) = 1}

3 {X € D|X(S) = 0,X(Class) = +}]
l{X € D|X(A) = 0}

i

discy—o(D)

Where discrimination with respect to the deprived community (those with a protected attribute)
is measured. The formula represents the difference of the probability of being in the positive
class between those belonging to the deprived community and those who do not.

It is important to note that massaging is only applied to the training data. After the class labels
are changed, the model can be fitted to the adjusted training dataset.

Our third preprocessing model is preferential sampling, also introduced by Kamiran et Calders
(2011) It is a sampling approach that duplicates and removes samples based on their ranking
and builds on the discrimination formula presented above. In this method it is assumed that
objects close to the decision boundary of a model are more likely to be discriminated against
or favored, depending on whether they belong to the deprived community or not. In figure 1
we see this visualized. First observations are split into four groups:

DP: ={X€D|X(A) = 0AX(Class) = +}
DN: ={XeD]/XA) =01X(Class) = =}
FP: ={X€D|X(A) =1AX(Class) = +}
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FN: ={XED|X(A) =1AX(Class) = —}

DN and DP represent those in the deprived community with a negative and positive
classification, respectively. FN and FP represent those in the favored community with negative
and positive classification, respectively.

Figure 1
Visualisation of the organization of observations in accordance with the Preferential Sampling method.
b represents the protected group and w the unprotected group.
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Kamiran et Calders (2011)

First the observations are ranked, using the same ranker as in the the massaging method.
However, DP and FP are ranked in ascending order, while DN and FN are sorted in descending
order.

Preferential sampling uses the original training set and iteratively duplicates for the groups DP
and FN and removes observations for DN and FP groups. It does so adhering to the following
two rules.

1. Decreasing a group size happens through the removal of an observations, closest to the
decision boundary, meaning those with the highest ranking.

2. Increasing a group size is done by duplicating the observations closest to the boundary.
(those with the lowest scores in the ranking list).

Duplications and removals are done till all groups are of equal size. The desired size of each
group is the total amount of observations divided by four. When the group sizes are more
“beneficial” for the sensitive attribute, then no adjustments are made, this because the model
aims at only addressing situations in which fairness for observations A = 0 are reduced.

3.1.2 post processing methods

In their paper Hard et al. (2016) propose a post-processing model called equalized odds. In
essence their method strives at creating a predictor that satisfies equalized odds. This is satisfied
when Y (predictions) and protected attribute A independent conditional on Y (true labels.

In the binary application we use this looks as follows:

P{Y =1|A=0Y =y} =P{Y =1|A=1Y =y}, ye{01}
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There should be equal true positive rates for both A =0and A = 1 as well as equal false positive
rates. Therefore, it can be said that in equal odds both equal bias and equal accuracy are
enforced. The model also considers equal opportunity, in which non-discrimination is only
required in the privileged group. The formula for this is written below. This is a more relaxed
measure than equal odds and can be useful in some situations, where equal odds is difficult to
achieve.

P(Y =1|A=0Y=1=PV=1]A=1Y =1}

Based on these definitions Hard et al. (2016) formulate a derived predictor ¥. The predictor is
applied after the model is ran and is oblivious in that it only considers,Y, Y and A.

Calibrated equalized odds is a method proposed by Pleiss et al (2017). While trying to obtain
equal odds as in the abovementioned method, calibration is taken into consideration. Besides
error types not disproportionately affecting protected groups, in their paper, they also take into
account the proportion of individuals receiving positive and negative classifications,
irrespective of the subgroup they belong to. This is the calibration. It was concluded that
satisfying both calibration and equal odds fully is not possible. It is therefore necessary to
choose a cost constraint i.e., while satisfying equal odds, it is possible to either satisfy equal
false negative, false positive, true positive or true negative rates, but never all at once.
Additionally, it is assumed that different subgroups (in our A) have different base probabilities
(1) to belong to a group. This looks as follows:

ul = P(x,y) ~A=1D[y = 1] # P(x,y) ~G2[y = 1] = p2

Then given a cost constraint, calibrated classifiers h; and h, can be determined ( the base
probabilities are determined based on a validation set, not the training set). The classifiers are
decided on while satisfying Agh, = A;h,. One classifier belongs to the protected group
A, and the other to the privileged group A;. The classifiers are then applied in the same manner
as in the equalized odds method, taking into account only 4,Y and Y.

The last method that will be used in this research is called Reject Option Classification. This
method was introduced by Kamishima et al., 2012. This method is rather straightforward. The
method considers the classification probabilities, where probabilities closer to 1 have a higher
degree of certainty. Based on this principle, it defines a critical region between (0,5 and a certain
threshold t) where observations for which max[P(Y = 1| X),1 - P(Y =1 |X)] <t where
(0.5 <t < 1) isthe critical region. Observations that fall in that region and are labeled reject.
If an instance from the protected group is labeled reject, then it receives a positive classification,
whereas those in the other group are negatively classified.

3.2 Model and method measures
3.2.1 Model performance

the model performances will be measured through accuracy, precision, recall and specificity.
We will also look at balanced accuracy as inducing fairness often involves relabeling values in
one way or another, possibly leading to imbalances. In our application we ideally would like to
have a low false positive rate as false positives lead to losses for loan providers. Keeping the
false negative low benefits loan providers as more profitable loans are then offered. As such
the recall value is especially important.
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3.2.2

Fairness measures

Fairness will be measured along different definitions. Namely, statistical parity difference,
disparate impact, average odds difference and equal opportunity difference. Below these
measures will be further elaborated on. We will not look into individual fairness measures as
we address fairness associated with belonging to different groups, e.g., gender. These fairness
metrics were retrieved from the AIF360 python library (Bellami et al. 2018).

4.

Statistical parity difference measures the difference in probability for the protected
group to be classified positively and the probability for the unprotected group to be
classified positively:

PY=1A=0)—P(F =1A=1)

A score of 0 is ideal, while negative scores mean that discrimination against the
protected group occurs. Positive values indicate positive discrimination.

Disparate impact is the ratio of positive classifications between the protected and
unprotected group, where 1 is ideal and values below 1 indicate discrimination against
the protected class. Values above 1 indicate positive discriminations :

P(Y =1]4=0)
P(Y=1A=1)

Average odds difference is the average difference in false positive and true positive
rates in privileged and unprivileged groups. When the value for this measure is 0 it
means that both groups are treated fairly. FPR is the false positive rate and TPR is the
true positive rate . A negative value indicates discrimination against the protected
group:

FPRy_g — FPRy_1) + (TPRy_g — TPR,4_1)
2
Equal opportunity difference measures the difference in true positive rates between
protected and unprotected groups, where 0 values are ideal and negative values indicate
discrimination against the protected group:

TPR,_o — TPR,_;

Experimental Setup

In this part the experiment procedures, underlying steps and tools used will be described. First,
we elaborate on the chosen datasets, after which we discuss the data pre-processing and
parameter tuning for training the baseline model. Then this section will expand on the chosen
fairness methods and how they were applied.
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4.1 Model data

For this research two datasets were used, both retrieved from the UCI Machine Learning
Repository. The first dataset is used for credit approval decision making, the second is used for
default payment prediction, still both datasets speak to the financial credibility of individuals.
The fact that both datasets make use of classification in a lending/borrowing context and both
contain binary classification, while also containing sensitive attributes, make it suitable datasets
for this research. Additionally, considering the scarcity of datasets in these applications, it is
extra valuable that both datasets have a traceable source, assuring legitimacy.

4.1.1 Datasets

The first dataset used for this research is the German Credit Data. It was made available by
Hamburg University and was compiled in 1994 for the use of binary classification, more
exactly, the classification for having either good or bad credit risk. There are 1000 instances
present and 20 attributes, most of which are relevant for determining the credit risk of an
individual, such as credit amount requested, purpose of the loan requested and current bank
balance. Furthermore, there are three attributes present on the basis of which discrimination
could happen, these are referred to as sensitive attributes and they are, age, gender and “foreign
worker”. The latter describes whether the individual is an immigrant worker. Unfortunately,
this attribute cannot be included in this research as only 3,84% of the instances concern a
foreign worker.

The second dataset used is the Default of Credit Card Clients Dataset, also from the UCI
Machine Learning Repository. Though the dataset contains similar attributes to the first one
(gender, education, marital status, and age, its majority consists of attributes, describing
payment behavior. These attributes are the presence of late payments, amount of bill statements
and amounts paid in different months. Furthermore, it contains 30.000 instances and 24
attributes. Binary classification results in credible or not credible clients.

4.2 Pre-processing
The data pre-processing before applying the models and methods was fairly straight-forward.
The attributes in table 1 were initially present for each dataset.

Table 1
Attributes per dataset before pre-processing the data.

German Credit Data Default of Credit Clients Data (Taiwan)
Status existing checking account Amount of given credit

Duration in months Gender

Credit history Education

Purpose (of requested credit) Marital status

Credit amount Age

Savings account/ bond The repayment status in September, 2005
Present employment since The repayment status in August, 2005
Installment rate in percentage of The repayment status in July, 2005

disposable income
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Personal status and sex The repayment status in June, 2005
Other debtors/ guarantors The repayment status in May, 2005
Present residence since The repayment status in April, 2005
Property Amount of bill statement in September, 2005
Age in years Amount of bill statement in August, 2005
Other installment plans Amount of bill statement in July, 2005
Housing Amount of bill statement in June, 2005
Number of existing credits at this bank Amount of bill statement in May, 2005
Job Amount of bill statement in April, 2005
Number of people being liable to Amount paid in September, 2005

provide maintenance for

Telephone Amount paid in April, 2005

Foreign worker Amount paid in September, 2005

Amount paid in August, 2005
Amount paid in April, 2005

Classification attribute

0 = no credit approval 1 = credit 0 = no payment default 1 = payment default
approval

First, in the German Credit Data, all categorical variables (which are most) were changed from
object to integer in order to allow for easier application of the models. Secondly, ‘personal
status and sex’ were separated in order to isolate the sensitive attribute of sex. Lastly, the objects
“foreign worker’ and ‘personal status’ were removed. This, because the first was only present
in 3,84% of the instances and the latter contained unequal information for men and women.
For men it was registered whether they were 1) married/ widowed, 2) divorced/ separated or 3)
single, while for women the only options were 1) single or 2) married/widowed/separated. After
checking for missing values and outliers, the data was separated in a train (60%),
validation(20%) and test set(20%) for models where needed, in other cases the dataset was
simply splitina train (80%) and test set (20%) . Lastly, because there was an imbalanced class
distribution of approximately 30% vs 70%, Synthetic Minority Over-sampling (SMOTE) was
applied. SMOTE creates synthetic observations of the minority class, instead of simply
duplicating them. This technique was chosen over other options because undersampling the
dataset by at random removing observations form the majority class would make the small
dataset even smaller, while using oversampling by randomly duplicating observations could
more easily lead to overfitting of the models, worsening the performance.

For the Credit Card Clients Data Set fairly little preprocessing was needed. The positive and
negative classes were switched, resulting in 0 = payment default (not credible) and 1 = no
payment default (credible) in order to create uniformity in the datasets, but also because we are
interested in identifying good clients for lending credit to. The label name was changed to
“creditworthiness’, representing the new classifications. Lastly, smote was also applied here as
there was approximately 20% vs 80% imbalanced class distribution. All pre-processing was
done in Python, using the libraries Scikit-learn, NumPy, Math and Pandas.
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4.3 model building

All our models use all attributes present in the dataset after pre-processing, unless stated
differently, as they are all deemed important for credit scoring. SMOTE was also applied before
all fairness models as we wanted to maintain as much consistency as possible. The
preprocessing fairness methods were all exclusively applied to the training set. The
postprocessing methods were applied to the predictions made

We first built our baseline model, which was a logistic regression in scikit-learn, using different
penalties, solvers and max iterations to come to an optimal model. This was done for both
datasets. After building our model we applied our first fairness model. This was the suppression
model. The only difference between the baseline model and the suppression model, was that
the sensitive attributes (sex and age ) were removed.

For the other two preprocessing fairness models, the code was built from scratch, following the
explanations as provided in the methods section. This was done using the Scikit-learn, Math,
Pandas and NumPy libraries the same rankers were used for both models ( a knn- classifier with
15 nearest neighbors). The massaging model was built by first calculating the discrimination
present in the datasets. Then the size of the protected group was counted, after which the size,
M, for observations that needed to be massaged was calculated. The ranker was used to
calculate probabilities for positive classification to all observations. Before massaging was
applied on the unprivileged group, the dataset was organized in descending order of probability
for positive classification (provided by the ranker). For the privileged group the opposite was
done.

The Preferential sampling method was applied similarly to the massaging method. First the
ranker assigned probabilities for positive classification to the observations. The dataset was
then sorted for each group DN, DP, FN and FP as the method prescribes. Then group sizes for
these groups were identified. Considering the desired group sizes, observations were identified
either for duplication, deletion. Those for duplication were labeled 1, while those for deletion
were labeled 2. Observations that did not require action were labeled 0. After the resampling
was done, the logistic model was fitted on the new training data.

All fairness post-processing methods were built using the AIF360library, created by Bellami et
al. (2018). This library provides metrics and methods for imposing fairness. The methods it has
available are built based on methods proposed in the literature, including the postprocessing
models chosen for this research. The library requires the use for special datasets in which
sensitive attributes are identified, as well as the labels. The datasets were therefore transformed
into the so called ‘BinaryLabelDataset’.

4.4 Metrics

We also used the AIF360 library for obtaining our fairness metrics. The preprocessing data,
which was not yet in the proper format, were transformed to ‘StandardDatasets’, which the
library also support. The full code for the postprocessing and metric calculations can be found
on https://github.com/majdaksm/Thesis-Machine-Learning-Fairness All other code pertaining
to this research can be found there too.
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4 Results

In this section we will discuss the traditional performance of the fairness induction models
against the baseline model and each other. We also will have a look at the level of fairness of
each model, considering the two different datasets. We do so by assigning all models a score,
where 0 is neutral. For each performance measure, the difference in performance between the
baseline model and the fairness model will be calculated. All individual scores will be added,
yielding a final score. Positive scores mean that the fairness model performed better. Negative
scores mean they performed worse.

4.2 Model performance

In table 2 the performance scores for the different models on the German Credit Data can be
seen. The results are separated for the two different sensitive attributes ‘age’ and ‘sex’.
Averages are also provided. The individual performance measure scores per sensitive attribute
can be found in Appendix B. From the table we can read that performance is affected slightly
by the induction of fairness models. Massaging has the biggest negative effect on performance,
while Suppression and Preferential Sampling, seem to slightly improve the performance. All
post-processing models slightly affect performance. In table 1 of Appendix B we can see that
accuracy is not affected too much, while sometimes even improving. When solely looking at
accuracy, Massaging negatively influences performance most. Especially when addressing age.

Table 2

Performance scores per model for the German Credit Dataset, separated on fairness induction for the two
different sensitive attributes in the dataset ‘Sex’ and ‘age. The protected groups are respectively female
and old age group.

German Dataset

model performance score Average

sensitive attribute Sex Age

Logistic Regression 0 0

Pre-processing models
Suppression 0 0.04 0.02
Massaging -0.13 -0.4 -0.265
Preferential Sampling 0.11 0.06 0.085
Post-processing

Equalized Odds -0.13 0.01 -0.06
Calibrated Equalized Odds -0.02 -0.07 -0.045
Reject Option Classification 0.05 -0.31 -0.13

In table 3 the performance scores for the Default of Credit Clients Data (Taiwan) are presented.
Pre-processing models slightly affect performance, with the exception of suppression which
resulted in a very small improvement. However, this improvement is insignificant. Unlike the
in the application on the German Credit Dataset, post-processing significantly improved
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performance. In particular Reject Option Classification and Calibrated Equalized odds caused
better performance. When solely looking at accuracy (Appendix B, table 2), a different picture
is painted. Equalized Odds negatively affected accuracy, Calibrated Equalized Odds left
accuracy unchanged. Reject Option Classification improved accuracy by 0.04.

Table 3

Performance scores per model for the Default of Credit Clients Data (Taiwan), separated on fairness
induction methods for the two different sensitive attributes ‘sex’ and ‘age in the dataset. The protected
groups are respectively female and old age group. Unlike the German Credit Data, this dataset considers
behavioral scoring.

Default of Credit Card Clients Data

model performance score Average

sensitive attribute Sex Age
Logistic Regression 0 0

Pre-processing models
Suppression -0.02 0.03 0.005
Massaging -0.02 -0.04 -0.03
Preferential Sampling -0.05 -0.03 -0.04

Post-processing models
Equalized Odds 0.03 0.14 0.085
Calibrated Equalized Odds 0.27 0.21 0.24
Reject Option Classification 0.29 0.32 0.305

4.3 Fairness performance

Fairness was measured using Statistical Parity Difference, Disparate Impact, Average Odds
Difference and Equal Opportunity difference. The final fairness scores for the German credit
Dataset can be found below (table 4). We found that Suppression negatively influenced fairness
rather significantly, as did Massaging. Preferential Sampling improves fairness quite
significantly, across the measures, there is an improvement of 36% . When looking at the
individual measures (Appendix B, table 4) , this improvement in fairness can be ascribed to
Statistical Parity Difference. Based on this measure, it can be concluded that positive
discrimination is taking place, where the protected group is being favored in classification. In
the post-processing methods, Calibrated Equal Odds, is the only one improving fairness, this
by 0.33 . This can be explained by the improvement in disparate impact. While the Reject
Option Classification model performs well on the sensitive attribute ‘sex’, it performs worse
than the baseline on the ‘age’ attribute. The Calibrated Equal Odds model does not have this
issue.
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Table 4

Fairness scores per model for the German Credit Dataset, separated on fairness induction for the two
different sensitive attributes in the dataset ‘sex’ and ‘age. The protected groups are respectively female
and old age group.

German Credit Dataset

model Fairness score Average
sensitive attribute Sex Age
Logistic Regression 0 0 0
Pre-processing models
Suppression -0.37 -0.49 -0.43
Massaging -0.81 -3.68 -2.25
Preferential Sampling 0.68 0.03 0.36
Post-processing models
Equalized Odds -0.17 -0.46 -0.315
Calibrated Equalized Odds -0.04 0.7 0.33
Reject Option Classification 0.18 -0.54 -0.18

Table 5 shows the fairness scores on the behavioral dataset. With the exception of the
Suppression, the Pre-processing methods do improve fairness, the improvement by the
Massaging model can be neglected. Calibrated Equal Odds, performs best in the post-
processing methods, again because it positively discriminates in favor of the protected group.
In particular the Disparate Impact has a high score. (Appendix B, table 4)

Table 5

Fairness scores per model for the Default of Credit Card Clients Data (Taiwan), separated on fairness
induction for the two different sensitive attributes in the dataset ‘sex’ and ‘age. The protected groups are
respectively female and old age group.

Default of Credit Card Clients Data

model Fairness score Average
sensitive attribute Sex Age
Logistic Regression 0 0 0
Pre-processing models
Suppression -0.02 0 -0.01
Massaging 0 0.01 0.01
Preferential Sampling 0.01 0.28 0.15
Post-processing models
Equalized Odds -0.09 0.22 0.07
Calibrated Equalized Odds 1.32 1.89 1.61

Reject Option Classification 0.01 0.28 0.15
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Overall, we see the Preferential Sampling and Calibrated Equal Odds improve fairness most
(when allowing for positive discrimination). Additionally, performance of these methods is
similar to the baseline model. The reason for the occurrence of positive discrimination might
be explained when having a closer look at the dataset. Positive discrimination occurs more in
the behavioral dataset. The baseline model yields fairer outcomes for the Default of Credit
Clients Data than the German Credit Dataset. This might have to do with the fact that the first
dataset contains behavioral data but might also be partially explained by the size difference
between the different groups. Figure 2 shows that the group size of the protected group ‘female’
in the sensitive attribute “sex” is larger than the ‘male’ group. Discrimination is more present
for the sensitive attribute ‘age’, where we see that the protected group is significantly smaller.
In figure 2 we see the group sizes for the German Credit Dataset can be seen in figure 3. There
the protected group is consistently smaller.

Figure 2

Group sizes of the sensitive attributes in the Default of Credit Clients Data. 1 represents the protected
group and 0 the unprotected group. Left we see the sensitive attribute ‘sex’ and right ‘age’.
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Figure 3

Group sizes of the sensitive attributes in the German Credit Data. 1 represents the protected group and 0
the unprotected group. Left we see the sensitive attribute ‘sex’ and right ‘age’.
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5 Discussion

In this study fairness inducing models were explored in the applied setting of credit scoring.
Looking both at behavioral data and the more ‘traditional data’. We looked at both pre-
processing and post-processing fairness inducing models. The Massaging and Preferential
Sampling methods by Kamiran et Calders (2011) were used, in addition to the more widely
known suppression technique. For our post-processing models, we used Equalized Odds (Hard
et al., 2016), Calibrated Equalized Odds (Pleiss et al., 2017) and Reject Option Classification
(Kamishima et al., 2012). We compared these methods to a baseline model, looking at both
performance and fairness metrics. This research was conducted to answer the following
research questions.
- Do sensitive attributes like gender and age influence decision making in the
application of credit scoring and how can this be measured?
- What fairness inducing method(s) cause(s) sensitive attributes such as age and
gender to be of the smallest influence on the decision making?

From our results we can conclude that sensitive attributes do influence decision making in credit
scoring. The fairness metrics for our logistic regression (the baseline) show that between
protected and unprotected group there is inequality in decision making (Appendix B, table 3
and 4). We do see that unfairness is less present in the behavioral dataset than in the dataset not
containing this data. This might in part have to do with the fact that, in particular, the protected
group ‘female’ is overrepresented in the dataset. We also acknowledge the measures of equality
between groups and see that measures of fairness do present a tradeoff. Higher fairness values
measured by statistical parity difference and disparate impact ratio, lead to lower fairness
measured by average odds difference and equal opportunity difference. Furthermore, measuring
fairness, particularly in age was challenging as, most measures assume a binary inequality
problem. The sensitive attribute ‘age’ was therefore reduced to two groups, young and old,
while providing more age groups would have offered more nuance. Further research on multi
group fairness is needed to understand the consequences of this better.

Methods combatting unfairness in this application do show their effectiveness. Overall,
Preferential Sampling and Calibrated Equalized Odds have shown to be the most effective.
Though, it can still not definitively be said that one model is best. Different models might have
better use with different datasets. As we saw, performance can be influenced by group sizes
within the sensitive attributes, the sensitive attributes itself and all attributes in the dataset (e.g.,
behavioral data vs non behavioral data). Additionally, the objectives of a financial institution
can influence the decision for fairness models they choose to implement. If risk management
and cost reduction are the highest priority (having low false positive rates), they will likely
value precision more than other performance metrics. Our study suggests that when using
behavioral data, Calibrated Equal Odds is more beneficial in this scenario, while for non-
behavioral data, Preferential Sampling is the better choice. If a loan provider prioritizes
generating more income over risk management, looking at recall performance in addition to
fairness, can be more important. Using Reject Option Classification for non-behavioral data
could then be a good choice. The choice of fairness metric also influences the decision making.
Depending on what definition of non-discrimination we chose to uphold, we rate different
fairness methods differently. Additionally, our fairness inducing models are often limited to
addressing fairness based on one sensitive attribute only, while individuals can belong to
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different protected and unprotected groups simultaneously. The choice of what fairness method
to use, thus also greatly depends on what discrimination is chosen to address. If Discrimination
based on gender is selected, then discrimination based on age or perhaps race cannot be treated
anymore. Further research on the topic, could result in more accessible models that address
multiple forms of discrimination at a time.

6 Conclusion

This research explored fairness inducing models in the applied setting of credit scoring.
Differently from previous studies, this paper looked both behavioral data more ‘traditional
data’. Where models have been introduced in the past, this research compares different
methods, both pre-processing and post-processing, that can more easily be implemented in
practice. The results showed that in credit scoring, group attribution does influence the
probability of being assigned a positive classification and thus deemed “creditworthy”. Our
findings suggest that the use behavioral data, reduces the presence of discrimination, while this
cannot be said definitively.

While we recognize that even within the application of credit-scoring, different scenarios
require different models, we find that the pre-processing method of Preferential Sampling and
the post-processing method of Calibrated Equal Odds overall perform best. In coming to this
conclusion, we also consider the different definitions of fairness and the tradeoffs that exist
between them. We suggest two directions of future research. Firstly, we suggest research on
multi group fairness within one sensitive attribute such as age or race. Secondly, research on
treating discrimination based on multiple sensitive attributes at a time could lead to more
fairness.
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8 Appendices and Supplementary Materials

Appendix A

Description of the German Credit Data

1. Title: German Credit data
2. Source Information

Professor Dr. Hans Hofmann

Institut f"ur Statistik und "Okonometrie
Universit"at Hamburg

FB Wirtschaftswissenschaften
Von-Melle-Park 5

2000 Hamburg 13

3. Number of Instances: 1000

Two datasets are provided. the original dataset, in the form
provided

by Prof. Hofmann, contains categorical/symbolic attributes and
is in the file "german.data".

For algorithms that need numerical attributes, Strathclyde
University

produced the file "german.data-numeric". This file has been
edited

and several indicator variables added to make it suitable for
algorithms which cannot cope with categorical variables.
Several

attributes that are ordered categorical (such as attribute 17)
have

been coded as integer. This was the form used by Statlog.

6. Number of Attributes german: 20 (7 numerical, 13 categorical)
Number of Attributes german.numer: 24 (24 numerical)

7. Attribute description for german

Attribute 1: (qualitative)
Status of existing checking account
All : R 0 DM
Al2 : 0 <= ... < 200 DM
Al3 : ... >= 200 DM /
salary assignments for at least 1 year
Al4 : no checking account

Attribute 2: (numerical)
Duration in month
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Attribute 3: (qualitative)
Credit history
A30 : no credits taken/
all credits paid back duly
A31 : all credits at this bank paid back duly
A32 : existing credits paid back duly till now
A33 : delay in paying off in the past
A34 : critical account/
other credits existing (not at this bank)

Attribute 4: (qualitative)
Purpose
A40 : car (new)
Adl : car (used)
A42 : furniture/equipment
A43 : radio/television
Ad44 : domestic appliances
A45 : repairs
Ad6 : education
A47 : (vacation - does not exist?)
A48 : retraining

A49 : business
A410 : others

Attribute 5: (numerical)
Credit amount

Attibute 6: (qualitative)

Savings account/bonds

Aol : ... < 100 DM

AG2 : 100 <= ... < 500 DM

AG3 : 500 <= ... < 1000 DM

Aoc4d : .. >= 1000 DM

AGS : unknown/ no savings account

Attribute 7: (qualitative)

Present employment since
A71 : unemployed

AT72 ... <1 year

A73 : 1 <= ... < 4 years

A74 : 4 <= ... < 7 years

A75 .. >= 7 years
Attribute 8: (numerical)

Installment rate in percentage of disposable income

Attribute 9: (qualitative)
Personal status and sex
A91 : male : divorced/separated
A92 : female : divorced/separated/married
A93 : male : single
A94 : male : married/widowed

A95 : female : single
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Attribute 10: (qualitative)
Other debtors / guarantors
A101 : none
Al102 : co-applicant
A103 : guarantor

Attribute 11: (numerical)
Present residence since

Attribute 12: (qualitative)

Property

Al21 : real estate

Al22 : if not Al21 : building society savings
agreement/

life insurance
Al23 : if not Al121/Al122 : car or other, not in

attribute 6

Al24 : unknown / no property

Attribute 13: (numerical)
Age in years

Attribute 14: (qualitative)
Other installment plans
Al41 : bank
Al42 : stores
Al43 : none

Attribute 15: (qualitative)
Housing
Al151 : rent
Al52 : own
Al153 : for free

Attribute 16: (numerical)
Number of existing credits at this bank

Attribute 17: (qualitative)
Job
A171 : unemployed/ unskilled - non-resident
Al172 : unskilled - resident
Al73 : skilled employee / official
A174 : management/ self-employed/
hlghly qualified employee/ officer

Attribute 18: (numerical)
Number of people being liable to provide maintenance
for

Attribute 19: (qualitative)
Telephone
Al191 : none
Al192 : yes, registered under the customers name
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Attribute 20: (qualitative)
foreign worker
A201 : yes
A202 : no

8. Cost Matrix

This dataset requires use of a cost matrix (see below)

1 2
1 0 1
2 5 0

(1 = Good, 2 = Bad)

the rows represent the actual classification and the columns
the predicted classification.

It is worse to class a customer as good when they are bad (5),
than it is to class a customer as bad when they are good (1).

Retrieved from: https://archive.ics.uci.edu/ml/datasets/statlog+(german+credit+data) on 06-
04-2021

Description of the Default of Credit Card Clients Data

source:

Name: I-Cheng Yeh

email addresses:

(1) icyeh 'Q' chu.edu.tw (2) 140910 '@' mail.tku.edu.tw
institutions: (1) Department of Information Management, Chung Hua
University, Taiwan. (2) Department of Civil Engineering, Tamkang
University, Taiwan.

other contact information: 886-2-26215656 ext. 3181

Data Set Information:

This research aimed at the case of customersd€™ default payments
in Taiwan and compares the predictive accuracy of probability of
default among six data mining methods. From the perspective of
risk management, the result of predictive accuracy of the
estimated probability of default will be more valuable than the
binary result of classification - credible or not credible
clients. Because the real probability of default is unknown, this
study presented the novel d€xSorting Smoothing Methoda€ll to
estimate the real probability of default. With the real
probability of default as the response variable (Y), and the
predictive probability of default as the independent variable
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(X), the simple linear regression result (Y = A + BX) shows that
the forecasting model produced by artificial neural network has
the highest coefficient of determination; its regression
intercept (A) is close to zero, and regression coefficient (B) to
one. Therefore, among the six data mining techniques, artificial
neural network is the only one that can accurately estimate the
real probability of default.

Attribute Information:
This research employed a binary variable, default payment (Yes =
1, No = 0), as the response variable.

This study reviewed the literature and used the following 23
variables as explanatory variables:

X1: Amount of the given credit (NT dollar): it includes both the
individual consumer credit and his/her family (supplementary)
credit.

X2: Gender (1 = male; 2 = female).

X3: Education (1 = graduate school; 2 = university; 3 = high
school; 4 = others).

X4: Marital status (1 = married; 2 = single; 3 = others).

X5: Age (year).

X6 - X11: History of past payment.

We tracked the past monthly payment records (from April to
September, 2005) as follows:

X6 the repayment status in September, 2005;

X7 the repayment status in August, 2005; . . .;
X1l = the repayment status in April, 2005.
The measurement scale for the repayment status is:
-1 = pay duly;
1 = payment delay for one month;
2 = payment delay for two months; . . .;
8 = payment delay for eight months;
9 = payment delay for nine months and above.
X12-X17: Amount of bill statement (NT dollar).

X12 amount of bill statement in September, 2005;
X13 amount of bill statement in August, 2005; . . .;
X17 = amount of bill statement in April, 2005.

X18-X23: Amount of previous payment (NT dollar).
X18 amount paid in September, 2005;

X19 = amount paid in August, 2005; . . .;

X23 amount paid in April, 2005.

Retrieved from: https://archive.ics.uci.edu/ml/datasets/default+of+credit+card+clients on 06-
04-2021
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Appendix B

Machine Learning Fairness in Credit Scoring

Detailed results from research

Table 1

Detailed performance results of the different fairness models as well as the baseline model on the
German Credit Dataset by sensitive attribute.

German Credit Dataset

balanced
model accuracy  accuracy  precision recall specficity
sensitive attribute Sex Age Sex Age Sex Age Sex Age Sex Age
Logistic Regression 0.75 0.75 0.73 0.73 0.85 0.85 0.77 0.77 0.69 0.69
Pre-processing models
Suppression 0.75 0.75 0.73 0.74 085 0.86 0.77 0.77 0.69 0.71
Massaging 0.73 0.68 0.7 064 0.83 079 0.77 0.73 0.63 0.5
Preferential Sampling 0.78 0.76 0.75 0.74 086 0.86 081 079 0.7 07
Post-processing models
Equalized Odds 0.74 076 0.7 073 082 08 08 0.79 0.6 0.67
Calibrated Equalized Odds 0.78 0.77 0.72 071 0.83 0.82 0.86 0.85 058 0.57
Reject Option Classification 0.71 0.76 0.74 065 09 0.77 067 093 0.82 0.37

Table 2

Detailed performance results of the different fairness models as well as the baseline model on the
German Credit Dataset by sensitive attribute.

Default of Credit Card Clients Data

balanced
model accuracy  accuracy  precision recall specficity
sensitive attribute Sex Age Sex Age Sex Age Sex Age Sex Age
Logistic Regression 069 069 058 058 0.81 081 0.79 0.79 0.36 0.36
Pre-processing models
Suppression 069 0.7 057 058 081 082 0.79 0.78 0.35 0.38
Massaging 0.69 069 057 056 081 081 0.79 0.79 035 0.34
Preferential Sampling 0.69 069 058 058 081 081 0.72 0.79 0.36 0.36
Post-processing models
Equalized Odds 06 071 061 061 084 083 06 079 061 043
Calibrated Equalized Odds 069 069 0.65 063 086 0.85 0.72 0.73 058 0.54
Reject Option Classification 072 0.74 065 065 085 0.85 0.77 081 053 0.5
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Table 3

Detailed fairness results of the different fairness models as well as the baseline model on the German
Credit Dataset by sensitive attribute. The measures are from left to right statistical parity difference,
disparate impact, average odds difference, and equal opportunity difference.

German Dataset

Stat Parity Disparate Average Equal Opp
model diff Impact Odds Diff Diff

sensitive attribute Sex Age Sex Age Sex Age Sex Age

Logistic Regression -0.04 014 094 122 -0.01 006 004 0.21
Pre-processing models

Suppression -0.12 0.03 0.83 1.05 -0.07 -0.05 -0.08 0.11

Massaging -0.23 -0.69 0.68 0.06 -02 -064 -0.13 -0.78

Preferential Sampling 075 017 087 128 -006 -0.04 0.05 0.25
Post-processing models

Equalized Odds -0.07 0.06 09 109 -0.01 -0.04 -0.06 0.06

Calibrated Equalized Odds -0.06 031 092 145 -003 04 006 0.17

Reject Option Classification -0.01 0.04 098 105 0.03 -0.08 0.11 0.08

Table 4

Detailed fairness results of the different fairness models as well as the baseline model on the German
Credit Dataset by sensitive attribute. The measures are from left to right statistical parity difference,
disparate impact, average odds difference, and equal opportunity difference.

Default of Credit Card Clients Data

Stat Parity =~ Disparate Average Equal Opp
model diff Impact Odds Diff Diff
sensitive attribute Sex Age Sex Age Sex Age Sex Age
Logistic Regression 0.02 -0.05 103 0.93 0 -0.03 0.01 -0.06
Pre-processing models
Suppression 0.01 -0.05 1.02 0.93 0 -0.03 0.01 -0.06
Massaging 0.02 -0.05 1.03 094 0 -0.03 0.01 -0.06
Preferential Sampling 002 002 103 103 001 001 0.01 0.01
Post-processing models
Equalized Odds -0.01 0.01 098 101 -001 -0010 001 O
Calibrated Equalized Odds 028 036 158 157 025 045 027 03
Reject Option Classification 001 002 101 103 003 0.01 0.02 0.01




