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ABSTRACT
Machine Learning (ML) based predictive systems are increas-
ingly used to support decisions with a critical impact on
individuals’ lives such as college admission, job hiring, child
custody, criminal risk assessment, etc. As a result, fairness
emerged as an important requirement to guarantee that ML
predictive systems do not discriminate against specific indi-
viduals or entire sub-populations, in particular, minorities.
Given the inherent subjectivity of viewing the concept of
fairness, several notions of fairness have been introduced in
the literature. This paper is a survey of fairness notions
that, unlike other surveys in the literature, addresses the
question of “which notion of fairness is most suited to a given
real-world scenario and why?”. Our attempt to answer this
question consists in (1) identifying the set of fairness-related
characteristics of the real-world scenario at hand, (2) analyz-
ing the behavior of each fairness notion, and then (3) fitting
these two elements to recommend the most suitable fairness
notion in every specific setup. The results are summarized
in a decision diagram that can be used by practitioners and
policy makers to navigate the relatively large catalogue of
ML fairness notions.

1. INTRODUCTION
ML-based decision-making (MLDM)1 is beneficial as it allows
to take into consideration orders of magnitude more factors
than humans do and hence outputting decisions that are more
informed and less subjective. However, in its quest to maxi-
mize efficiency, ML algorithms can systemize discrimination
against a specific group of population, typically, minorities.
As an example, consider the automated candidates selec-
tion system of St. George Hospital Medical School [32; 36].
The aim of the system was to help screening for the most
promising candidates for medical studies. The automated
system was built using records of manual screenings from
previous years. During those manual screening years, ap-
plications with grammatical mistakes and misspellings were
rejected by human evaluators as they indicate a poor level
of english. As non-native english speakers are more likely to
send applications with grammatical and misspelling mistakes
than native english speakers do, the automated screening

1We focus on automated decision-making system supported
by ML algorithms. In the rest of the paper we refer to such
systems as MLDM.

system built on that historical data ended up correlating race,
birthplace, and address with a lower likelihood of acceptance.
Later, while the overall english level of non-native speakers
improved, the race and ethnicity bias persisted in the system
to the extent that an excellent candidate may be rejected
simply for her birthplace or address.

In the context of automated decision-making, a consensual
definition of fairness can be formulated as: “absence of any
prejudice or favoritism towards an individual or a group based
on their intrinsic or acquired traits” [34]. Mathematically,
however, there is no consensual definition of fairness. Very of-
ten, research papers focus on a specific real-world scenario of
automated decision system and propose a fairness definition
tailored to that scenario and its specificities. Consequently,
several fairness notions have been introduced in the literature.
These notions are the subject of several survey papers [2; 6;
19; 34; 35; 41; 44].

The very reason of having different flavors of fairness notions
is how suitable each one of them is for specific real-world
scenarios. But none of the existing surveys addressed this
aspect. Discussion about the suitability (and sometimes
the applicability) of the fairness notions is very limited and
scattered through several papers [3; 10; 29; 35; 43]. In this
survey paper we show that each ML-based automated deci-
sion system can be different based on a set of criteria such
as: whether the ground-truth exists, difference in base-rates
between sub-groups, the cost of misclassification, the exis-
tence of a government regulation that needs to be enforced,
etc. We then revisit exhaustively the list of fairness notions
and discuss the suitability and applicability of each one of
them based on the list of criteria.

The results of this survey are finally summarized in a decision
diagram that hopefully can help researchers, practitioners,
and policy makers to identify the subtleties of the ML-based
automated decision system at hand and to choose the most
appropriate fairness notion to use, or at least rule out notions
that can lead to wrong fairness/discrimination result.

2. REAL-WORLD SCENARIOS WITH CRIT-
ICAL FAIRNESS REQUIREMENTS

As the paper is focusing on the applicability of fairness
notions, we provide here a list of notable real-world MLDMs
where fairness is critical. In each of these scenarios, failure
to address the fairness requirement will lead to unacceptably
biased decisions against individuals and/or sub-populations.
These scenarios will be used to provide concrete examples of
situations where certain fairness notions are more suitable



than others.

Job hiring : MLDMs in hiring are increasingly used by
employers to automatically screen candidates for job open-
ings.Typically, the input data used by the MLDM include:
affiliation, education level, job experience, IQ score, age,
gender, address, etc. The MLDM outputs a decision and/or
a score indicating how promising the application is for the
job opening. A biased MLDM leads to rejecting a candidate
because of a trait that she cannot control (gender, race, sex-
ual orientation, etc.). This can be damaging for the employer
as excellent candidates might be missed.

Granting loans: Since decades, statistical and MLDM sys-
tems are used to assess loan applications and determine
which of them are approved and with which repayment plan
and annual percentage rate (APR). The assessment proceeds
by predicting the risk that the applicant will default on her
repayment plan. Loan Granting MLDMs currently in use
include: FICO, Equifax, Lenddo, Experian, TransUnion, etc.
The common input data used for loan granting include: credit
history, purpose of the loan, loan amount requested, employ-
ment status, income, marital status, gender, age, address,
housing status and credit score. An unfair loan granting
MLDM will either deny a deserving applicant a requested
loan, or give her an exorbitant APR, which on the long run
will create a vicious cycle as the candidate will be very likely
to default on her payments.

College admission : Given the large number of admission
applications, several colleges are now resorting to MLDMs
to reduce processing time and cut costs2. Typically, the
candidates’ features used include: the institutions previ-
ously attended, SAT scores, extra-curricular activities, GPAs,
test scores, interview score, etc. The predicted outcome
can be a simple decision (admit/reject) or a score indicat-
ing the candidate’s potential performance in the requested
field of study [18]. Unfair college admission MLDMs may
discriminate against a certain ethnic group (e.g. African-
American [38]) which could lead, in the long term, to eco-
nomic inequalities and corrupting the role of higher education
in society as a whole.

Criminal risk assessment : There is an increasing adop-
tion of MLDMs that predict risk scores based on historical
data with the objective to guide human judges in their de-
cisions. The most common use case is to predict whether
a defendant will re-offend (or recidivate). Predicting risk
and recidivism requires input information such as: number
of arrests, type of crime, address, employment status, mar-
ital status, income, age, housing status, etc. Unfair risk
assessment MLDMs, as revealed by the highly publicized
2016 proPublica article [1], may result in biased treatment
of individuals based solely on their race. In extreme cases,
it may lead to wrongful imprisonments for innocent people,
contributing to the cycle of violation and crime.

Child maltreatment prediction : The objective of the MLDM
in child maltreatment prediction is to estimate the likelihood
of substantiated maltreatment (neglect, physical abuse, sex-
ual abuse, or emotional maltreatment) among children. The
system generates risk scores, which would then trigger a
targeted early intervention in order to prevent children mal-
treatment. The features considered in this type of MLDM

2While the final acceptance decision is taken by humans,
MLDMs are typically used as a first filter to “clean-up” the
list from clear rejection cases.

include both contemporaneous and historical information
for children and caregivers. An unfair MLDM may use a
proxy variable to predict decisions based on the community
rather than which child get harmed. For example, a major
cause of unfairness in AFST is the rate of referral calls; the
community calls the child abuse hotline to report non-white
families at a much higher rate than it does to report white
families [17].

Health care: Since decades, ML algorithms are able to
process anonymized electronic health records and flag poten-
tial emergencies, to which clinicians are invited to respond
promptly. Examples of features that might be used in dis-
ease (chronic conditions) prediction include vital signs, blood
test, socio-demographics, education, health insurance, home
ownership, age, race, address. The outcome of the MLDM
is typically an estimated likelihood of getting a disease. A
biased disease prediction MLDM can misclassify individu-
als in certain sub-populations in a disproportionally higher
rate than the dominant population. For instance, diabetic
patients have known differences in associated complications
across ethnicities [40].

Facial analysis: Automated facial analysis systems are
used to identify perpetrators from security video footages,
to detect melanoma (skin cancer) from face images [16],
to detect emotions [12], and to even determine individual’s
characteristics such as IQ, propensity towards terrorist crime,
etc. based on their face images [42]. A flawed MLDM
may lead to biased outcomes such as wrongfully accusing
individuals from specific ethnic groups (e.g. asians, dark skin
populations) for crimes (based on security video footages)
at a much higher rate than the rest of the population. For
instance, African-Americans have been reported to be more
likely to be stopped and investigated by law enforcement due
to a flawed face recognition system [22].

Others: Other MLDMs with fairness concerns include: insur-
ance policy prediction [39], income prediction [34], teachers
evaluation and promotion [7], online recommendation [25]
and university ranking [33; 36].

3. FAIRNESS NOTION SELECTION CRI-
TERIA

In order to systemize the procedure for selecting the most
suitable fairness notion for a specific MLDM system, we
identify a set of criteria that can be used as as roadmap.
For each criterion, we check whether it holds in the problem
at hand or not. Telling whether a criterion is satisfied or
not does not typically require an expertise in the problem
domain. We note here that in some cases, these criteria can,
not only indicate if a fairness notion is suitable, but whether
it is “acceptable” to use in the first place. We tried to be
exhaustive when listing the decision criteria based on the
existing literature. However, there are no guarantees about
the completeness of this list.

Ground truth availability : A ground truth value is the true
and correct observed outcome corresponding to given sample
in the data. It should be distinguished from an inferred
subjective outcome in historical data which is decided by
a human. An example of a scenario where ground truth
is available is when predicting whether an individual has a
disease. The ground truth value is observed by submitting



the individual to a blood test3 for example. An example of
a scenario where ground truth is not available is predicting
whether a job applicant is hired. The outcome in the training
data is inferred by a human decision maker which is often a
subjective decision, no matter how hard she is trying to be
objective.

Base rate is the same across groups: The base rate is
the proportion of positive outcome in a population (Based
on Table 2, BR = TP+FN

TP+FP+TN+FN
). This rate can be the

same or differs across sub-populations. For example, the base
rates for diabetes disease occurrence for men and women is
typically the same. But, for another disease such as prostate
cancer, the base rates are different between men and women4.

(Un)reliable outcome : In scenarios where ground truth is
not available, the outcome (label) in the data is typically
inferred by humans. The outcome in the training data in
that case can or cannot be reliable as it can encode human
bias. The reliability of the outcome depends on the data
collection procedure and how rigorous the data has been
checked. Scenarios such as job hiring and college admis-
sion may be more prone to the unreliable outcome problem
than recommender system for example. A “one-size-fit-all”
MLDM model in disease prediction that does not take into
consideration the ethnic group of the individual may result
in unreliable outcome as well.

Presence of explaining variables: An explaining vari-
able5 is correlated with the sensitive attribute (e.g. race) in
a legitimate way. Any discrimination that can be explained
using that variable is considered legitimate and is acceptable.
For instance, if all the discrepancy between male and female
job hiring rate is explained by their education levels, the
discrimination can be deemed legitimate and acceptable.

Emphasis on precision vs recall : Precision (the comple-
ment of target population error [13]) is defined as the fraction
of positive instances among the predicted positive instances
( TP
TP+FP

). In other words, if the system predicts an instance

as positive, how precise that prediction is. Recall (the com-
plement of model error [13]) is defined as the fraction of
the total number of positive instances that are correctly pre-
dicted positive ( TP

TP+FN
). In other words, how many of the

positive instances the system is able to identify. There is
always a tradeoff between precision and recall (increasing one
will lead, very often, to decreasing the other). Depending
on the scenario at hand, the fairness of the MLDM may be
more sensitive to one on the expense of the other. For ex-
ample, granting loans to the maximum number of deserving
applicants contribute more to fairness than making sure that
an applicant who has been granted a loan really deserves it.
When firing employees, however, the opposite is true: fairness
is more sensitive to wrongly firing an employee, rather than,
firing the maximum number of under-performing employees.

Emphasis on false positive vs false negative: Fairness
can be more sensitive to false positive misclassification (type
I error) rather than false negative misclassification (type II
error), or the opposite. For example, in criminal risk assess-
ment scenario, it is commonly accepted that incarcerating an
innocent person (false positive) is more serious than letting
a guilty person escape (false negative).

3assuming the blood test is flawless.
4While male prostate cancer is the second most common
cancer in men, female prostate cancer is rare [14].
5Referred also as resolving variable.

Cost of misclassification : Depending on the scenario at
hand, the cost of misclassification can be significant (e.g.
incarcerating an individual, firing an employee, rejecting a
college application, etc.) or mild and without consequential
impact (e.g. useless product recommendation, misleading in-
come prediction, offensive online translation, abusive results
in online autocomplete, etc.)

Prediction threshold is fixed or floating : Decisions in
MLDM are typically made based on predicted real-valued
score. In the case of binary outcome, the score is turned
into a binary value such as {0, 1} by thresholding6. In some
scenarios, it is desirable to interpret the real-value score
as probability of being accepted (predicted positive). The
threshold used as a cutoff point where positive decisions are
demarcated from negative decisions can be fixed or floating.
A fixed threshold is set carefully and tends to be valid for
different datasets and use cases. For instance, in recidivism
risk assessment, high risk threshold is typically fixed. A
floating threshold can be selected and fine-tuned arbitrarily
by practitioners to accommodate a changing context. Ac-
ceptance score in loan granting scenarios is an example of a
floating threshold as it can move up or down depending on
the economic context.

Likelihood of intersectionality : Intersectionality theory [11]
focuses on a specific type of bias due to the combination of
sensitive factors. An individual might not be discriminated
based on race only or based on gender only, but she might
be discriminated because of a combination of both. Black
women are particularly prone to this type of discrimination.

Likelihood of masking : Masking is a form of intentional
discrimination that allows decision makers with prejudicial
views to mask their intentions [4]. Masking is typically
achieved by exploiting how fairness notions are defined. For
example, if the fairness notion requires equal number of candi-
dates to be accepted from two ethnic groups, the MLDM can
be designed to carefully select candidates from the first group
(satisfying strict requirements) while selecting randomly from
the second group just to “make the numbers”.

The existence of regulations and standards: In some
domains, laws and regulations might be imposed to avoid
discrimination and bias. For instance, guidelines from the
U.S. Equal Employment Opportunity Commission state that
a difference of the probability of acceptance between two sub-
populations exceeding 20% is illegal [3]. Another example
might be an internal organizational policy imposing diversity
among its employees.

4. FAIRNESS NOTIONS
Let V , A, and X be three random variables representing, re-
spectively, the total set of attributes, the sensitive attributes,
and the remaining attributes describing an individual such
that V = (X,A) and P (V = vi) represents the probability
of drawing an individual with a vector of values vi from the
population. For simplicity, we focus on the case where A is a
binary random variable where A = 0 designates the protected
group, while A = 1 designates the non-protected group. Let
Y and Ŷ be binary random variables representing, respec-
tively, the actual outcome and the predicted outcome where
Y = 1 designates a positive instance, while Y = 0 a negative
one. Typically, the predicted outcome Ŷ is derived from a
score represented by a random variable S where P (S = s) is

6The threshold is defined by the decision makers depending
on the context of interest.



the probability that the score value is equal to s.

All fairness notions presented in this survey (Table 1) address
the following question: “is the outcome/prediction of the
MLDM fair towards individuals?”. So fairness notion is
defined as a mathematical condition that must involve either
Ŷ or S along with the other random variables. As such,
we are not concerned by the inner-workings of the MLDM
and their fairness implications. What matters is only the
score/prediction value and how fair/biased is it.

A simple and straightforward approach to address fairness
problem is to ignore completely any sensitive attribute while
training the MLDM system. This is called fairness through
unawareness7. We don’t treat this approach as fairness
notion since, given MLDM prediction, it does not allow to
tell if the MLDM is fair or not. Besides, it suffers from the
basic problem of proxies. Many attributes (e.g. home address,
neighborhood, attended college) might be highly correlated
to the sensitive attributes (e.g. race) and act as proxies
of these attributes. Consequently, in almost all situations,
removing the sensitive attribute during the training process
does not address the problem of fairness.

Statistical parity [15]: is one of the most commonly ac-
cepted notions of fairness. It requires the prediction to be
statistically independent of the sensitive attribute (Ŷ ⊥ A).
In other words, the predicted acceptance rates for both pro-
tected and unprotected groups should be equal. Using the
confusion matrix (Table 2), statistical parity implies that

TP+FP
TP+FP+FN+TN

is equal for both groups. Statistical parity
is appealing in scenarios where there is a preferred decision
over the other. For example, being accepted to a job, not
being arrested, being admitted to a college, etc.8. Statistical
parity is also well adapted to contexts in which some regula-
tions or standards are imposed. For example, a law might
impose to equally hire or admit applicants from different
sub-populations. The main problem of statistical parity is
that it doesn’t consider a potential correlation between the
label Y and the sensitive attribute A. In other words, if
the underlying base rates of the protected and unprotected
groups are different, statistical parity will be misleading. In
the ideal case (ŷ = y), this will lead to loss of utility [24].
Another issue with this notion is its “laziness”; if we hire
carefully selected applicants from male group and random
applicants from female group, we can still achieve statis-
tical parity, yet leading to negative results for the female
group as its performance will tend to be worse than that
of male group. This practice is an example of self-fulfilling
prophecy [15] where a decision maker may simply select ran-
dom members of a protected group rather than qualified
ones, and hence, intentionally building a bad track record
for that group. Barocas and Selbst refer to this problem as
masking [4]. Masking is possible to game several fairness
notions, but it is particularly easy to carry out in the case
of statistical parity.

Conditional statistical parity [10]: this notion is a variant
of statistical parity obtained by controlling on a set of legiti-
mate attributes9. The legitimate attributes (we refer to them
as E) among X are correlated with the sensitive attribute

7Known also as: blindness, unawareness [35], anti-
classification [9], and treatment parity [31].
8This might not be the case in other scenarios such as disease
prediction, child maltreatment, where imposing a parity of
positive predictions is meaningless.
9Called explanatory attributes in [26].

A and give some factual information about the label at the
same time leading to a legitimate discrimination. In other
words, this notion removes the illegal discrimination, allow-
ing the disparity in decisions to be present as long as they
are explainable [10]. In practice, conditional statistical parity
is suitable when there is one or several attributes that justify
a possible disparate treatment between different groups in
the population. More seriously, conditional statistical parity
gives a decision maker a tool to game the system and realize
a self-fullfilling prophecy. Therefore, it is recommended to
resort to domain experts or law officers to decide what is un-
fair and what is tolerable to use as legitimate discrimination
attribute [26].

Equalized odds [23]: this notion considers both the pre-
dicted and the actual outcomes. Thus, the prediction is con-
ditionally independent from the protected attribute, given
the actual outcome (Ŷ ⊥ A | Y ). In other words, equal-
ized odds requires that both sub-populations to have the
same TPR = TP

TP+FN
and FPR = FP

FP+TN
(Table 2). By

contrast to statistical parity, equalized odds is well-suited
for scenarios where the ground truth exists such as: disease
prediction or stop-and-frisk [5]. It is also suitable when
the emphasis is on recall (the fraction of the total number
of positive instances that are correctly predicted positive)
rather than precision (making sure that a predicted positive
instance is actually a positive instance). A potential problem
of equalized odds is that it may not help closing the gap
between the protected and unprotected groups. Because
equalized odds requirement is rarely satisfied in practice, two
variants can be obtained by relaxing its equation (Table 1).
The first one is called equal opportunity [23] and is ob-
tained by requiring only TPR equality among groups. As
TPR does not take into consideration FP , equal opportu-
nity is completely insensitive to the number of false positives.
This is an important criterion when considering this fair-
ness notion in practice. More precisely, in scenarios where
a disproportionate number of false positives among groups
has fairness implications, equal opportunity should not be
considered. The second relaxed variant of equalized odds
is called predictive equality [10] which requires only the
FPR to be equal in both groups. Since FPR is independent
from FN , predictive equality is completely insensitive to
false negatives. Predictive equality is particularly suitable
to measure the fairness of face recognition systems in crime
investigation where security camera footages are analyzed.
Fairness between ethnic groups with distinctive face features
is very sensitive to the FPR. A false positive means an inno-
cent person is being flagged as participating in a crime. If
this false identification happens at a much higher rate for
a specific sub-population (e.g. dark skinned ethnic group)
compared to the rest of the population, it is clearly unfair
for individuals belonging to that sub-population. Looking
to the problem from another perspective, choosing between
equal opportunity and predictive equality depends on how
the outcome/label is defined. In scenarios where the posi-
tive outcome is desirable (e.g. hiring, admission), typically
fairness is more sensitive to false negatives rather than false
positives, and hence equal opportunity is more suitable. In
scenarios where the positive outcome is undesirable for the
subjects (e.g. firing, risk assessment), typically fairness is
more sensitive to false positives rather than false negatives,
and hence predictive equality is more suitable.

Conditional use accuracy equality [6]: with this notion,
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(Ŷ

=
1
|E

=
e,
A

=
0
)

=
P

(Ŷ
=

1
|E

=
e,
A

=
1
)
∀e

Ŷ
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|Ŷ

=
1
,A

=
1
)

Y
⊥

A
|Ŷ
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Table 2: Confusion matrix
Actual Positive

Y = 1
Actual Negative

Y = 0
Predicted
Positive

TP

(True Positive)

FP

(False Positive)

Type I error

Ŷ = 1
Predicted
Negative

FN

(False Negative)

TN

(True Negative)

Type II error

Ŷ = 0

fairness is achieved when all population groups have equal
PPV = TP

TP+FP
and NPV = TN

FN+TN
. In other words, the

probability of subjects with positive predictive value to truly
belong to the positive class and the probability of subjects
with negative predictive value to truly belong to the negative
class should be the same. By contrast to equalized odds, one
is conditioning on the algorithm’s predicted outcome not the
actual outcome. In other words, the emphasis is on the preci-
sion of the MLDM system rather than its recall. Predictive
parity [8] is a relaxation of conditional use accuracy equality
requiring only equal PPV among groups. Like predictive
equality, predictive parity is insensitive to false negatives.
Hence in any scenario where fairness is sensitive to false
negatives, predictive parity should not be used. Choosing
between predictive parity and equal opportunity depends on
whether the scenario at hand is more sensitive to precision or
recall. For precision-sensitive scenarios, typically predictive
parity is more suitable while for recall-sensitive scenarios,
equal opportunity is more suitable. Precision-sensitive sce-
narios include disease prediction, child maltreatment risk
assessment, and firing from jobs. Recall-sensitive scenarios
include loan granting, recommendation systems, and hiring.
Very often, precision-sensitive scenarios coincide with situa-
tions where the positive prediction (Ŷ = 1) entails a higher
cost [43]. For example, a predicted child maltreatment case
will result in placing the child in a foster house which will
generally entail a higher cost compared to a negative predic-
tion (low risk of child maltreatment) in which case the child
stays with the family and typically no action is taken.

Balance [29] : The predicted outcome (Ŷ ) is typically de-
rived from a score (S) which is returned by the ML algorithm.
All aforementioned fairness notions do not use the score to
assess fairness. Balance for positive class focuses on the
individuals who constitute positive instances and is satisfied
if the average score S received by those individuals is the
same for both groups. The intuition behind this notion is
that a balance for the positive class should be assured, thus,
a violation of this balance means that individuals belonging
to the positive class in one group might receive steadily lower
predicted score than individuals belonging to the positive
class in the other group. Balance of negative class is an
analogous fairness notion where the focus is on the negative
class. Both variants of balance can be required simultane-
ously which leads to a stronger notion of balance10. Balance
fairness notions are relevant in the criminal risk assessment
scenario because a divergence in the score values of individu-
als from different races may indicate a difference in the type
of crime that can be committed (high risk score typically

10No previous work reported such fairness notion.

means a serious crime).

Calibration [8]: To satisfy calibration, for each predicted
probability score S = s, individuals in all groups should
have the same probability to actually belong to the positive
class. Interestingly, calibration is not always stronger than
predictive parity [21]. Calibration is suitable to use in scenar-
ios where the threshold is not fixed and is very likely to be
tuned to accommodate a changing context. A first example
is the acceptance score in loan granting applications which
may change abruptly due to economic instability. A second
example is the child maltreatment risk assessment where
the threshold for intervention (withdrawing a child from
his family) depends on the available seats in foster houses.
Well-calibration [29] is a stronger variant of calibration.
It requires that (1) calibration is satisfied, (2) the score is
interpreted as the probability to truly belong to the positive
class, and (3) for each score S = s, the probability to truly
belong to the positive class is equal to that particular score.

No unresolved discrimination [27]: similarly to counter-
factual fairness, no unresolved discrimination is assessed
using causal reasoning. Given a causal graph, no unresolved
discrimination is satisfied when no directed path from the
sensitive attribute A to the predictor Ŷ are allowed, except
via a resolving variable. A resolving variable is any variable
in a causal graph that is influenced by the sensitive attribute
in a manner that it is accepted as nondiscriminatory (this
is very similar to the use of the explanatory attributes in
conditional statistical parity but in a non-causal context).
Compared to counterfactual fairness, no unresolved discrimi-
nation is a weaker notion. That is, a counterfactually unfair
scenario may be identified as fair based on no unresolved
discrimination. This can happen in case one or several vari-
ables in the causal graph are identified as resolving. The
application of unresolved discrimination is completely based
on the definition of the causal graph. Thus, this notion is
well-suited when a reliable and trustworthy causal graph
that describes best the domain at hand including all relevant
relations and features (in particular, the resolving attributes)
is available. Hence, it is mandatory that the choice of the re-
solving variables along with their causal relationships to the
other attributes is in reliance on policy makers and domain
professionals expertise.

No proxy discrimination [27]: a causal graph exhibits
potential proxy discrimination if there exists a path from
the protected attribute A to the predicted outcome Ŷ that
is blocked by a proxy variable Px. A proxy is merely a
descendant of A that is chosen to be labelled as a proxy
because it is significantly correlated with A. Given a causal
graph, a predictor Ŷ exhibits no proxy discrimination if the
equality of the following equation is valid for all potential
proxies Px:

P (Ŷ | do(Px = p)) = P (Ŷ | do(Px = p′)) ∀ p, p′

In other words, this notion implies that changing the value
of Px should not have any impact on the prediction. As with
the previous two fairness notions, the applicability of proxy
discrimination is based on the construction of a reliable
and plausible causal graph. In particular, the main goal
of this notion is to carefully investigate and analyze the
relations between attributes (in particular, those related to
the sensitive attributes) in order to discover all potential
proxies that might result in unfair decisions.

Counterfactual fairness [30] : counterfactual is a con-



cept from causal inference which goes beyond mere sta-
tistical correlation between variables and relies on causal
relationship between them. Causal relationships are rep-
resented using causal graph where nodes represent vari-
ables (attributes) and edges represent causal relationships
between variables. U represents all exogenous variables such
that each assignment U = u corresponds to a unique in-
dividual in the population or to a situation in nature [37].
Counterfactual fairness is achieved if for every individual
(U = u,X = x,A = a) of the entire population, the prob-
ability to be predicted as hired is the same, had A been
a′. That is, P (ŶA←a(U) = y | X = x,A = a) is equal to

P (Ŷ
A←a

′(U) = y | X = x,A = a) where Ŷ
A←a

′(U) is called
the counterfactual and corresponds to the predicted outcome
in case the variable A is forced11 to be equal to a′ for an
individual with exogenous variable U = u. The probability
of the counterfactual is conditioned on (X = x,A = a) which
is called the evidence. In other words, counterfactual fairness
requires that for every individual (X = x,A = a) in the pop-
ulation (evidence), the probability of the outcome is the same
in both the actual world (A ← a) and the counterfactual
world (A← a′). Compared to causal discrimination where
all variables are measured in the same world but on different
individuals, counterfactual fairness measures variables on
the same individual but in different worlds (the world of
the evidence, and another hypothetical world). This notion
is satisfied if the probability distribution of the predicted
outcome Ŷ is the same in the actual and counterfactual
worlds, for every possible individual. A simple but important
implication of counterfactual fairness formulation is that,
given a causal graph, a predictor Ŷ is counterfactually fair if
it is a function of non-descendants of the sensitive variable A.
Consequently, one can tell if a predictor is counterfactually
fair by simply checking the causal graph12. Hence, the main
challenge to using counterfactual fairness in practice is the
construction of the causal graph which typically requires
domain expertise. It is important to note that generally,
data can be used to validate a proposed causal graph. That
is, a dataset of observed samples can be used to rule out
possible causal graphs.

Causal discrimination [20]: this notion implies that a
classifier should produce exactly the same prediction for in-
dividuals who differ only in their sensitive attribute A while
possessing identical attributes X. At a first glance, causal
discrimination can be seen as an extreme case of conditional
statistical parity when conditioning on all non-sensitive at-
tributes (E = X). However, conditional statistical parity is
a group fairness notion which is satisfied if the proportion of
individuals having the same non-sensitive attribute values
and predicted accepted in both groups (e.g. male and female)
is the same. This is why the mathematical formulation of
conditional statistical parity (Table 1) is expressed in terms
of conditional probabilities. Causal discrimination, however,
considers every individual separately regardless of its contri-
bution to sub-population proportions. Causal discrimination
is suitable to use in decision making scenarios where it is
very common to find individuals sharing exactly the same
attribute values. For example, admission decision making
based mainly on test scores and categorical attributes. The

11Pearl et al. [37] use the term surgical modification.
12Kusner et al. [30] identify some exceptions, but guaranteeing
that they will not happen in general.

result of applying causal discrimination is the percentage of
violations in the entire population (i.e. how many individuals
are unfairly treated).

Fairness through awareness [15]: this notion is a gener-
alization of causal discrimination which implies that similar
individuals should have similar predictions. Let i and j
be two individuals represented by their attributes values
vectors vi and vj . Let d(vi, vj) represent the similarity dis-
tance between individuals i and j. Let M(vi) represent
the probability distribution over the outcomes of the pre-
diction. For example, if the outcome is binary (0 or 1),
M(vi) might be [0.2, 0.8] which means that for individual i,

P (Ŷ = 0) = 0.2 and P (Ŷ = 1) = 0.8. Let D be a distance
metric between probability distributions. Fairness through
awareness is achieved iff, for any pair of individuals i and j:

D(M(vi),M(vj)) ≤ d(vi, vj)

In practice, fairness through awareness assumes that the
similarity metric is known for each pair of individuals [28].
That is, a challenging aspect of this approach is the difficulty
to determine what is an appropriate metric function to mea-
sure the similarity between two individuals. Typically, this
requires careful human intervention from professionals with
domain expertise [30].

5. DIAGRAM AND DISCUSSION
With the large number of fairness notions and the subtle
resemblance between MLDM scenarios, deciding about which
fairness notion to use is not a trivial task. More importantly,
selecting and using a fairness notion in a scenario inappro-
priately may detect unfairness in an otherwise fair scenario,
or the opposite, i.e., fail to identify unfairness in an unfair
scenario.

One of the objectives of this survey is to systemize the
selection procedure of fairness notions. This is achieved by
identifying a set of fairness-related characteristics (Section 3)
of the scenario at hand and then use them to recommend
the most suitable fairness notion for that specific scenario.
The proposed systemized selection procedure is illustrated
in the decision diagram of Figure 1. The diagram is called
“decision diagram” and not “decision tree” for the following
reason. In typical decision trees, every leaf corresponds to
a single decision, which is a fairness notion that should be
used. However, the diagram in Figure 1 is designed such
that every node indicates which notions are recommended,
which notions should be avoided, and which notions must
not be used.

The diagram is composed of four types of nodes:

• Decision node (diamond): based on fairness-related
characteristics (Section 3)

• Recommended node (rectangle): a leaf node indi-
cating that the fairness notion is suitable to be used
given all fairness-related characteristics in the path to
that node.

• Warning node (triangle): indicates that the fairness
notion(s) is/are not recommended in all the branch in
the right of the node. This node can appear in the
middle of the edge between two decision nodes.

• Must-not node (circle): the fairness notion must
not be used.



To illustrate how the diagram should be interpreted, consider
the recommended node predictive parity (34). According
to the diagram, predictive parity is recommended in the
scenario where intersectionality and/or masking are unlikely
(decision node 1), standards do not exist (decision node 2),
ground-truth is available or outcome Y is reliable (decision
node 6), fairness is more sensitive to precision rather than
recall (decision node 14), the prediction threshold is typi-
cally fixed (decision node 20) and the emphasis is on false
positives rather than false negatives (decision node 24). In
that particular scenario, equal opportunity must not be used
(must-not node 42) because fairness in this scenario is partic-
ularly sensitive to false positives, while equal opportunity is
completely insensitive to false positives. The warning node
9 along the same path indicates that statistical parity is
not suitable in this scenario. Finally, any fairness notion
for which there is no warning node or must-not node along
the path of the scenario can be used in this scenario. For
instance, all individual fairness notions can be used, which
is indicated by the link to node 4, i.e., the square with a “4”
inside at the end of several paths, as will be discussed below.

The lower part of the diagram corresponding to the “yes”
branch of decision node 1 deals with individual fairness
notions. In that branch all group fairness notions are not
recommended (warning node 3) because they are not suitable
when intersectionality or masking are likely.The part between
decision nodes 7 and 15 is the only part with a non-tree-
like structure. It expresses the fact that, typically, several
individual fairness notions can be suitable at the same time.
This indicates also that currently, the tensions between the
various individual fairness notions are not well understood
in the literature.

The diagram may be misleading if it is interpreted very cate-
gorically. This occurs when a user of the diagram navigates it
and ends up using the recommended fairness notion without
considering other important elements specific to the scenario
at hand. The diagram can be misleading also when it is not
clear which branch to take in a decision node. For example,
the question in decision node 14 (emphasis on precision or re-
call?) is difficult to answer categorically in several scenarios.
The decision nodes 13, 19, 22, and even 1, are typically easier
to navigate, but can be challenging to settle in a number
of scenarios. A potential solution would be to label one of
the branches as default (to be followed when the answer is
not clear), but this can, often result in a suboptimal deci-
sion. In summary, the diagram should be considered as guide
and should never be used to supersede important elements
specific to the scenario at hand.

6. CONCLUSION
With the increasingly large number of fairness notions consid-
ered in the relatively new field of fairness in ML, selecting a
suitable notion for a given MLDM (machine learning decision
making) becomes a non-trivial task. There are two contribut-
ing factors. First, the boundaries between the defined notions
are increasingly fuzzy. Second, applying inappropriately a
fairness notion may report discrimination in an otherwise
fair scenario, or vice versa, fail to identify discrimination in
an unfair scenario. This survey tries to address this problem
by identifying fairness-related characteristics of the scenario
at hand and then use them to recommend and/or discourage
the use of specific fairness notions. Hence, the survey is an

attempt to bridge the gap between the real-world use case
scenarios of automated (and generally unintentional) discrim-
ination and the mostly technical tackling of the problem in
the literature.
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