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Abstract
Individual fairness is the principle aiming for equitable treatment
for each individual affected by decisions. Despite its intuitive ap-
peal, the practical applications of individual fairness for algorithmic
decision-making systems remain relatively unexplored. In this pa-
per, we investigate the consistency score metric and demonstrate
how it fails to adequately capture fairness at the individual level,
underscoring the need for a more fine-grained approach. We show
that (1) the consistency score obscures instances where individuals
are treated significantly differently to the individuals most similar
to them and (2) the perceived fairness of individual decisions can
be affected by several factors, including the similarity notion itself.
To address these issues, we propose four new metrics that measure
different aspects of the treatment of individuals with respect to
similar individuals, under varying similarity definitions. Our com-
prehensive evaluation of the new metrics shows that they offer a
more nuanced approach to assessing individual fairness, enabling
decision-makers to focus on individuals most adversely affected by
controversial decisions.
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1 Introduction
Decision-making processes that have the potential to influence
individuals’ lives ought to provide guarantees about the fairness
of their decisions [36]. This includes decisions made using ma-
chine learning (ML), which may carry even greater significance
due to the potential scale of their use, impact, and opacity. The
field of algorithmic fairness has emerged to address these concerns
and aims to achieve equitable outcomes in algorithmic decision-
making systems (ADMS) [28]. ADMS are being adopted across a
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wide range of domains such as criminal justice [27], healthcare [4],
finance [11]. However, ADMS can have discriminatory effects, dis-
proportionately impacting certain groups or individuals (e.g. Ama-
zon’s hiring tool which was biased against women due to the under-
representation of previously hired women [10]).

Discrimination is often interpreted and regulated within the
framework of legal definitions or societal norms [6, 14, 31, 38].
The field of algorithmic fairness has attempted to map these to
mathematical and technical definitions with the aim to quantify
unfairness in outputs from ML models [19, 33]. The focus has been
on developing fairness metrics for binary ML classifiers, partic-
ularly those trained on tabular datasets that contain data about
individuals [17] such as protected characteristics (e.g. race, gender,
age) [2, 29, 30]. The metrics aim to measure how fair the decisions
are for a group or individual. Group fairness requires that different
groups receive similar positive and negative classifications across
all values of a protected characteristic. Caveats of group fairness
metrics have been discussed extensively, with guidance produced
on practical scenarios where they are applicable [32].

In contrast, individual fairness is less explored [17]. It focuses
on whether the decision for an individual 1) is similar to decisions
for similar individuals or 2) it would be the same if the individual’s
protected characteristics were different. There is room for a more
in-depth analysis about the nuances of various definitions and
alternative notions that aid individuals affected by the decisions
made about them.

To this end, we examine individual fairness, focusing on the
consistency score metric, which is specifically designed for binary
classification systems where outcomes correspond to positive or
negative decisions [41].1 The consistency score is a popular indi-
vidual fairness metric and is also implemented in IBM Fairness
360 [3], one of the few available fairness toolkits, and the only one
that incorporates individual fairness metrics [24]. We experiment
with the consistency score and varying definitions of similar indi-
viduals on three commonly used datasets in the fairness literature
and find that it has two main limitations. Firstly, we show that
the perceived fairness of individual decisions can be affected by
several factors, including the similarity notion itself, the number
of similar individuals considered, and the proportion of similar
individuals whose decision we wish to agree with an individual’s
decision. We find that the consistency score does not capture some
critical aspects important from an individual fairness perspective,
as it averages over all individuals, thus representing an aggregate of
individual fairness. Secondly, we demonstrate that the consistency
score metric fails to highlight cases where individuals are treated
significantly differently to the individuals most similar to them.

1Here we assume that the classifications directly inform decision-making, thus any
bias present in the classifications translates to discriminatory decisions.
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We propose four novel metrics that overcome the issues with the
consistency score. Similarity Robustness of Individual Consistency
(𝑆𝑅𝐼𝐶) quantifies the overall variation in individual consistency un-
der alternative similarity definitions. Low Individual Consistency
Count (𝐿𝐼𝐶𝐶), Proportional Consistency Score (𝑃𝐶𝑆), and Balanced
Conditioned Consistency (𝐵𝐶𝐶) provide a more nuanced represen-
tation of individual fairness where individuals who receive different
classifications to the majority of their similar individuals are given
greater weight. Our new metrics provide a more fine-grained repre-
sentation of individual fairness which focuses on actual individuals
impacted and accounts for the degree to which decisions for each
individual are the same or different to the decisions for similar
individuals.

Our contributions are as follows: 1) We show experimentally
that the consistency score does not sufficiently quantify individual
fairness. 2) We define the notion of individual consistency and pro-
pose four individual fairness metrics that measure different aspects
of the treatment of individuals with respect to similar individuals,
under varying similarity definitions. 3) We conduct a comprehen-
sive evaluation of the newmetrics on three commonly used datasets
(Adult Census, COMPAS, German Credit) and show that they offer
a more nuanced approach to assessing individual fairness.2

2 Individual Fairness
Individual fairness aims to ensure individual decisions are non-
discriminatory with respect to similar individuals [5]. In the fol-
lowing, we give an overview of metrics for individual fairness, and
compare individual and group fairness.

2.1 Metrics
There are two3 main notions of individual fairness: counterfactual
and consistency fairness. Various metrics have been proposed to
quantify these notions for ADMS based on binary classification
(see [1] for a comprehensive background on algorithmic fairness
and methods to improve fairness with respect to different metrics).

2.1.1 Counterfactual. Counterfactual fairness indicates that an
individual’s classification is the same given any value of a pro-
tected characteristic [21]. It is not concerned with individuals
similar to the queried individual, rather with hypothetical vari-
ations of an individual’s attributes. In other words, it implies that
the classifications are only impacted by legitimate characteristics
and are not affected by an individual’s belonging to a protected
group [1]. Specifically, counterfactual fairness is satisfied when
𝑃 (𝑌𝑎 =𝑦 |𝑥, 𝑎) = 𝑃 (𝑌𝑎′ =𝑦 |𝑥, 𝑎′), where 𝑌𝑎 is the classification for
individual 𝑥 with 𝑎 as the values of the protected characteristics
and𝑌𝑎′ is the classification for an individual with the same attribute
values as 𝑥 , except for the values 𝑎′ of the protected characteristics.

2.1.2 Consistency. Consistency dictates that the same decision
should be made for individuals with similar characteristics. Var-
ious consistency metrics for binary classification have been pro-
posed [12, 41], each requiring a definition of what makes individuals
2Code is available at: https://github.com/maddiewaller/MetricsForIndividualFairness
3A third notion of individual fairness guarantees that “individuals with greater merit
always do better than those with less merit” [13]. However, we will not consider it in
this paper as it risks replicating existing biases about who qualifies as having greater
merit [20] and is less frequently explored in the algorithmic fairness literature.

similar. The similarity definition can either be provided by a domain
expert given a specific task [12]; found experimentally from the
dataset [26]; or use a general 𝑘 nearest neighbours definition [9, 41].

Consistency Score. Our focus in this paper is the consistency
score [41], which measures the overall level of disparity in the clas-
sification of individuals with respect to similar individuals, using
the 𝑘 nearest neighbours (Equation 1).

Let 𝐸 be a set of unlabelled individuals whose individual fair-
ness of the classifications we want to evaluate, having attributes
𝑍 = ⟨𝑧1, 𝑧2, ..., 𝑧𝑝 ⟩ and domains ⟨𝐷1, 𝐷2, ..., 𝐷𝑝 ⟩, respectively. Let
𝑣 (𝑥, 𝑧𝑖 ) ∈ 𝐷𝑖 be the value of the attribute 𝑧𝑖 for individual 𝑥 and
𝑓 : 𝐸 → {0, 1} a binary classifier for 𝐸, which we assume to be
fixed. Let 𝑛𝑏𝑟𝜎 (𝑥, 𝑘) ⊆ 𝐸 be the set of 𝑘 individuals closest to 𝑥 ,
according to some notion of similarity 𝜎 . Equation 1 defines 𝐸’s
consistency score [41] with respect to 𝑓 , 𝜎 and 𝑘 .4

𝐶𝜎,𝑘 (𝐸) = 1 − 1
|𝐸 |

∑︁
𝑥∈𝐸

|𝑓 (𝑥) − 1
𝑘

∑︁
𝑦∈𝑛𝑏𝑟𝜎 (𝑥,𝑘 )

𝑓 (𝑦) | (1)

𝐶𝜎,𝑘 (𝐸) gives the aggregated level of similarity of the classifica-
tions of all individuals with respect to their 𝑘 closest neighbours. It
is easy to see from Equation 1 that if all neighbours of an individual
receive the same classification as the individual’s, the contribution
of that individual to the term being subtracted from 1 will be 0. If
the classifications of all individuals behave this way, the average of
the contributions of all individuals will be 0 and hence the overall
consistency score will be 1. Conversely, if an individual’s classifi-
cation differs from all of its neighbours’, then the contribution of
that individual to the term being subtracted will be 1/|𝐸 |, and if
all individuals’ classifications behave this way, 1 will be subtracted
in total, bringing the consistency score to 0. As a result, 𝐶𝜎,𝑘 (𝐸)
gives a value in the interval [0, 1], and the higher the value, the
lower the level of disparity overall there is in 𝐸 with respect to
𝑓 ’s classifications. In Section 3.3, we will see that this aggregation
potentially masks high levels of disparity for particular individuals.

Fairness through Awareness. In contrast to the consistency score,
the notion of individual fairness proposed by Dwork et al. [12] re-
quires domain knowledge to define similarity. Specifically, individ-
ual fairness is defined as 𝐷 (𝑀 (𝑥1), 𝑀 (𝑥2)) ≤ 𝑑 (𝑥1, 𝑥2),∀𝑥1, 𝑥2 ∈ 𝐸

where𝑀 (𝑥) is the probability distribution for the output for 𝑥 , 𝐸
is a dataset, 𝐷 returns the statistical distance between𝑀 (𝑥1) and
𝑀 (𝑥2) and 𝑑 returns a distance between 𝑥1 and 𝑥2, found using
a pre-specified, domain-dependent definition of similarity. This
notion can be used as an optimisation function for model train-
ing [12, 39]. Variations include: relaxing the constraint by adding
an allowable margin between the distances [39], considering cases
where the distance between individuals is small, yet the protected
attributes differ [40], and enforcing Fairness through Awareness in
ranking decision-making systems as opposed to binary classifica-
tion systems [22]. We focus on the consistency score as although
Fairness through Awareness represents a similar notion, it is not
often formalised as a metric for evaluating ADMS, usually embed-
ded into bias mitigation methods as an optimisation function and
requires domain knowledge to define 𝑑 .
4The original published paper has an incorrect formulation of consistency which has
since been updated by the authors.
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Table 1: Accuracy of the XGBoost classifier and train/test splits for the three datasets. %𝒇 (𝒙) = 1 represents the proportion of
classifications that are 1. Numerical attributes are shown in italics and unordered categorical attributes are left unformatted.

Train Test Accuracy %f (x) = 1 Attributes

Adult 30162 15060 0.867 21.3% age, workclass, education, marital-status, occupation,
relationship, sex, capital-gain, capital-loss, hours-per-week

COMPAS 4933 1234 0.643 64.0% age, sex, race, juvenile_felony_count, priors_count,
juvenile_misdemeanour_count, juvenile_other_count
charge_degree, charge_desc

German 800 200 0.790 74.5% age, checking_status, duration, purpose, credit_amount,
Credit savings_status, installment_commitment, housing, job, sex

Other methods. Some approaches formalise similarity definitions
in a given context based on incomplete knowledge gathered from
domain experts, thus being able to find groups of similar individuals
in unseen data [18, 37]. The approach by Horesh et al. [16] involves
domain experts labelling pairs of individuals that should receive the
same classification, in order to measure how closely a classifier’s
output aligns with these labels. Using a labelled subsample of similar
pairs, Lahoti et al. [23] provide a representation of the input data
which embeds fairness by ensuring such pairs are treated the same.
Exploring how domain experts can assist in defining similarity is
an important line of work but outside the scope of our paper.

2.2 Individual Fairness vs Group Fairness
There are several key differences between individual and group fair-
ness. Individual fairness does not necessarily require pre-specifying
protected characteristics (e.g. consistency metrics focus on ensur-
ing similar treatment of similar individuals, which does not depend
on knowledge of the protected characteristics). Further, identical
individuals are guaranteed to receive the same decision when indi-
vidual fairness is satisfied, but this may not necessarily be the case
when satisfying group fairness [1]. Individual fairness does not
guarantee group fairness except when the distributions of similar
individuals for each group are equal [1, 12]. For example, classify-
ing every individual positively satisfies consistency but not some
notions of group fairness. This represents an issue as there is no
guarantee that a group defined by a protected characteristic will
not be treated worse [13]. Finally, individual fairness is arguably a
more intuitive notion than group fairness as, in general, it could be
worth more to an individual to understand that their decision is fair
as opposed to group-wide considerations. For example, showing
that similar decisions were made across two groups of a protected
characteristic (e.g. the decisions are 80% fair according to some
group fairness metric) might not mean much to an individual [35].

3 Exploring the Consistency Score
In this section, we delve further into the consistency score metric
and assess how it is impacted by varying notions of similarity. To
explore the metric, we experiment with three of the most commonly
used datasets in the algorithmic fairness literature [17]: Adult Cen-
sus5, COMPAS6, and German Credit7. Following Liu et al. [25], we
use a reduced number of attributes from each dataset (see Table 1).

5https://archive.ics.uci.edu/dataset/2/adult
6https://www.kaggle.com/datasets/danofer/compass
7https://archive.ics.uci.edu/dataset/144/statlog+german+credit+data

We train an XGBoost model on each dataset, using the original
training and testing splits for the Adult Census dataset, while ran-
domly selecting 80% of the data for training for the COMPAS and
German Credit datasets. Table 1 shows the dataset splits, the model
accuracy, the percentage of positive classifications, as well as the
attributes used and their type (numerical or unordered categorical).
In the remaining of the paper, the metrics and results are reported
on the testing sets.

3.1 Defining Similar Individuals
The consistency score relies on finding the nearest neighbours of
individuals according to some definition of similarity 𝜎 . Defining
𝜎 depends on several design choices: (1) How to categorise each
attribute; (2) How to calculate the distance between the values of
each attribute; (3) How to calculate the overall distance between in-
dividuals; and (4) How to select similar individuals. We experiment
with four definitions of similarity, summarised in Table 2.

We use the attribute values as found in each dataset (see Table 1)
for two definitions of similarity, 𝜎1 and 𝜎2. We also convert the nu-
merical values of attribute ‘age’ to categorical values (3 categories
for 𝜎3 and 10 categories for 𝜎4), leaving the rest of the attributes
unchanged. To compute the distance between attribute values, we
use two metrics that differ in the calculation of the numerical at-
tributes: Gower distance (Equation 2) which computes the differ-
ence between values normalised for the range of that attribute and
Hamming distance (Equation 3) which counts mismatches among
attribute values.

𝑑𝑖 =


0, if 𝑣 (𝑒1, 𝑧𝑖 ) = 𝑣 (𝑒2, 𝑧𝑖 )
|𝑣 (𝑒1,𝑧𝑖 )−𝑣 (𝑒2,𝑧𝑖 ) |
max(𝐷𝑖 )−min(𝐷𝑖 ) , if 𝑧𝑖 is numerical
1, otherwise

(2)

𝑑𝑖 =

{
0, if 𝑣 (𝑒1, 𝑧𝑖 ) = 𝑣 (𝑒2, 𝑧𝑖 )
1, otherwise

(3)

We use the Manhattan distance to calculate the overall distance
between two individuals: 𝑑 (𝑒1, 𝑒2) =

∑𝑝

𝑖=1 𝑑𝑖 . We experiment with
several values (𝑘 ∈ {5, 10, 15}) for the number of similar individuals.

3.2 Consistency Score Calculations
Table 3 shows the consistency scores calculated using Equation 1 for
the three datasets for different numbers of similar individuals (𝑘 ∈
{5, 10, 15}) and different notions of similarity (𝜎𝑎, 𝑎 ∈ {1, 2, 3, 4})
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Table 2: Different definitions of similarity 𝜎 . For 𝜎3 and 𝜎4, we convert the numerical values of attribute ‘age’ to categorical
values, leaving the rest of the attributes unchanged.

Attribute Distance between Overall Selecting number of
categorisation attribute values distance similar individuals

𝜎1 original Hamming Manhattan 𝑘 = 5, 10, 15
𝜎2 original Gower Manhattan 𝑘 = 5, 10, 15
𝜎3 ‘age’: < 25, 25 − 59, ≥ 60 Gower Manhattan 𝑘 = 5, 10, 15
𝜎4 ‘age’: 0 − 10, 11 − 20, 21 − 30, 31 − 40, Gower Manhattan 𝑘 = 5, 10, 15

41 − 50, 51 − 60, 61 − 70, 71 − 80, 81 − 90, 90+

Table 3: Consistency score 𝐶𝜎,𝑘 for each dataset where 𝜎𝑎, 𝑎 ∈ {1, 2, 3, 4} and 𝑘 ∈ {5, 10, 15}

Adult COMPAS German Credit

𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4
𝑘 = 5 0.894 0.912 0.900 0.905 0.677 0.716 0.710 0.713 0.689 0.725 0.708 0.707
𝑘 = 10 0.888 0.903 0.893 0.898 0.664 0.699 0.697 0.695 0.694 0.709 0.704 0.696
𝑘 = 15 0.885 0.897 0.890 0.892 0.654 0.688 0.688 0.684 0.690 0.697 0.698 0.693

as defined in Table 2.8 The results in Table 3 show that changing
the definition of similarity does not greatly impact the consistency
score of a dataset. For example, the maximum change in consistency
score for the Adult dataset is 0.018, between 𝜎1 and 𝜎2 when 𝑘 = 5.
This small change could be misleading, potentially incorrectly being
interpreted as fewer than 2% of individuals have classifications that
become more or less ‘consistent’ with those of similar individuals
when the notion of similarity is changed. The change in consistency
for the COMPAS and German Credit datasets varies up to 0.04,
again showing that changing the definition of similarity does not
significantly impact the perceived individual fairness.

The consistency score measures the overall level of disparity in
the classifications of a dataset with respect to similar individuals. As
the dataset and the individuals’ classifications are fixed, it follows
that the overall level of disparity stays the same as even if different
groups of similar individuals are found, overall the average pro-
portion of classifications that differ in groups is unlikely to differ
significantly. The consistency score quantifies the average individ-
ual fairness and by definition is an aggregate of individual fairness.
Thus, it does not sufficiently capture the fairness at an individual
level or consider how specific individuals might be impacted. The
consistency score provides a generalised view over a whole dataset,
but there is no way to assess how consistently each individual in
the dataset is being treated.

3.3 Individual Consistency
In this section we define individual consistency based on the in-
dividual values (without averaging) in the consistency score in
Equation 1 and explore how the consistency score can hide cases in
which individuals are assigned different classifications compared
to a large proportion of their similar individuals. Recall Equation 1,

8In IBM’s AI Fairness 360 toolkit [3], the consistency score is calculated using the
𝑘𝑛𝑛 (𝑥, 𝑘 ) function for 𝑛𝑏𝑟𝜎 (𝑥, 𝑘 ) which returns the 𝑘 nearest neighbours of an
individual 𝑥 according to some definition of similarity 𝜎 . 𝑥 is included in the return
value of 𝑘𝑛𝑛 (𝑥, 𝑘 ) , thus slightly skewing the score positively. To avoid the oversight
in implementation of 𝑛𝑏𝑟𝜎 (𝑥, 𝑘 ) , we re-implemented the algorithms excluding 𝑥

from its 𝑘 nearest neighbours. This slightly reduces the overall consistency values, but
does not affect the overall conclusions.

which computes the consistency score of a dataset 𝐸. We can see
that for a given individual 𝑥 ∈ 𝐸, the term

diff(𝑥) = |𝑓 (𝑥) − 1
𝑘

∑︁
𝑦∈𝑛𝑏𝑟𝜎 (𝑥,𝑘 )

𝑓 (𝑦) |

computes the proportion of 𝑥 ’s 𝑘 most similar neighbours with
a classification different to 𝑥 ’s. For example, if 𝑓 (𝑥) = 0, and for
all 𝑦 ∈ 𝑛𝑏𝑟𝜎 (𝑥, 𝑘), 𝑓 (𝑦) = 1, then diff(𝑥) = |0 − 𝑘

𝑘
| = | − 1| = 1.

That is, 100% of 𝑥 ’s 𝑘 most similar neighbours have a classification
different to it. Given diff, the consistency level of the decision of an
individual 𝑥 is 1 − diff(𝑥).

Definition 3.1 (Individual consistency score). Given a binary clas-
sifier 𝑓 for dataset 𝐸, and an individual 𝑥 ∈ 𝐸, the individual consis-
tency score 𝑐𝜎,𝑘 (𝑥) computes the proportion of 𝑥 ’s 𝑘 most similar
individuals (cf. 𝜎), with the same classification as 𝑥 ’s.

𝑐𝜎,𝑘 (𝑥) = 1 − |𝑓 (𝑥) − 1
𝑘

∑︁
𝑦∈𝑛𝑏𝑟𝜎 (𝑥,𝑘 )

𝑓 (𝑦) |

Indeed, it is possible to recover 𝐶𝜎,𝑘 (𝐸) from the individual
consistency scores of the individuals in 𝐸, since

𝐶𝜎,𝑘 (𝐸) = 1 − 1
|𝐸 |

∑︁
𝑥∈𝐸

|𝑓 (𝑥) − 1
𝑘

∑︁
𝑦∈𝑛𝑏𝑟𝜎 (𝑥,𝑘 )

𝑓 (𝑦) |

=
1
|𝐸 |

∑︁
𝑥∈𝐸

1 − |𝑓 (𝑥) − 1
𝑘

∑︁
𝑦∈𝑛𝑏𝑟𝜎 (𝑥,𝑘 )

𝑓 (𝑦) |

=
1
|𝐸 |

∑︁
𝑥∈𝐸

𝑐𝜎,𝑘 (𝑥)

However, we can now use 𝑐𝜎,𝑘 (𝑥) to look at the decisions of a
classifier 𝑓 at the individual level, and to consider the impact of
other aspects such as the notion of similarity and the number of
most similar neighbours examined. The following definition allows
us to identify when an individual has been “consistently” classified
by a binary classifier.
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Figure 1: The differences between individual consistencies across similarity definition 𝜎1 and 𝜎𝑎, 𝑎 ∈ {2, 3, 4} with 𝑘 = 5.

Table 4: Individual 𝑥 with ID 9026 (grey) from the Adult dataset and the five similar individuals found using 𝜎2 and 𝜎4 as in
Table 2. The classification 𝑓 (𝑥) is shown, as well as the distance between each individual and 𝑥 . Here 𝑐𝜎2,5 (𝑥) = 0 and 𝑐𝜎4,5 (𝑥) = 1.

𝜎 ID age workclass education marital-status occ relationship sex capital- capital- hours- 𝑓 (𝑥) Distance
gain loss per-week

9026 26 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 32.0 0 0.0

𝜎2

13104 38 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 50.0 1 0.348
8495 43 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 44.0 1 0.355
9981 44 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 45.0 1 0.379
2028 47 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 45.0 1 0.42
1613 47 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 45.0 1 0.42
9026 21 − 30 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 32.0 0 0.0

𝜎4

3335 21 − 30 𝑃𝑟𝑖𝑣𝑎𝑡𝑒 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 25.0 0 1.071
7458 21 − 30 𝑆𝑒𝑙 𝑓 -𝑒𝑚𝑝-𝑛𝑜𝑡-𝑖𝑛𝑐 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 40.0 0 1.082
4830 21 − 30 𝑃𝑟𝑖𝑣𝑎𝑡𝑒 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 40.0 0 1.082
12551 21 − 30 𝑃𝑟𝑖𝑣𝑎𝑡𝑒 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 40.0 0 1.082
11033 21 − 30 𝑃𝑟𝑖𝑣𝑎𝑡𝑒 𝑆𝑜𝑚𝑒-𝑐𝑜𝑙𝑙𝑒𝑔𝑒 𝑀𝑎𝑟𝑟𝑖𝑒𝑑-𝑐𝑖𝑣-𝑠𝑝𝑜𝑢𝑠𝑒 𝑆𝑎𝑙𝑒𝑠 𝐻𝑢𝑠𝑏𝑎𝑛𝑑 𝑀𝑎𝑙𝑒 0.0 0.0 40.0 0 1.082

Definition 3.2. Let 𝑥 ∈ 𝐸 be an individual in the dataset 𝐸, 𝜎
a notion of similarity for individuals in 𝐸, 𝑘 the number of most
similar individuals to consider, and 𝛿 ∈ [0, 1] a threshold value.
Let 𝑓 be a binary classifier. We say that 𝑥 has been consistently
classified by 𝑓 (with respect to 𝑥 ’s neighbours), if 𝑐𝜎,𝑘 (𝑥) ≥ 𝛿 .

This means that the proportion of 𝑥 ’s 𝑘 most similar individuals
(cf. 𝜎) with the same classification as 𝑥 ’s (cf. 𝑓 ) is at least 𝛿 , and
indirectly that 𝑓 ’s classification for 𝑥 is acceptable under these
specific assumptions. Example 3.3 illustrates how variations in
individual consistency score can be masked by the general notion
of consistency of a dataset.

Example 3.3. Consider the following individual consistency
scores for hypothetical dataset 𝐸 = {𝑒1, 𝑒2, 𝑒3, 𝑒4, 𝑒5}, using notions
of similarity 𝜎𝑖 and 𝜎 𝑗 , and some fixed value 𝑘 .

𝑒1 𝑒2 𝑒3 𝑒4 𝑒5

𝑐𝜎𝑖 ,𝑘 0.67 0.59 0.65 0.81 0.48
𝑐𝜎 𝑗 ,𝑘 0.96 0.89 0.45 0.42 0.48

The overall consistency score for 𝐸 is the same (𝐶𝜎𝑖 ,𝑘 (𝐸) =

𝐶𝜎 𝑗 ,𝑘 (𝐸) = 0.64), irrespective of the notion of similarity used, as
this is the average of the individual consistency scores. Decreases
in individual scores can be compensated by increases in others,
obscuring the extent to which individuals have classifications dif-
ferent to the majority of their neighbours. In this example, using 𝜎 𝑗 ,
𝑒3, 𝑒4 and 𝑒5 have classifications different than the majority of their
most similar neighbours – with 𝜎𝑖 , this only happens with 𝑒5. The
relatively low scores for 𝑒3 and 𝑒4 are averaged out by the higher

scores for 𝑒1 and 𝑒2 (cf. 𝜎 𝑗 ), and on the surface the consistency of
the dataset is the same under both notions of similarity.

3.3.1 Results & Discussion. Figure 1 shows the count of the dif-
ferences in individual consistencies between different definitions
of 𝜎 for Adult, COMPAS, and German Credit datasets. We can see
that there are significant changes in individual consistency scores
for each dataset, simply by making minor changes in the definition
of similarity, as specified in Table 2. These changes in individual
consistency are not represented in the consistency score, as seen by
the stable values in Table 3. The perceived fairness for an individual
can be greatly impacted by changing the definition of similarity,
but this will be hidden by the consistency score as it averages over
all individuals. To further exemplify this, Table 4 shows an exam-
ple9 of an individual in the Adult dataset and the five most similar
individuals to it found using 𝜎2 and 𝜎4, respectively. The individual
consistency changes from the minimum of 0, to the maximum of 1,
completely changing the perceived fairness for that individual.

4 Nuanced Metrics for Individual Fairness
Viewing individual fairness through individual consistency is
promising. However, for developers and stakeholders assessing
a system as a whole, aggregate measures are also necessary. In
this section we define four novel metrics which overcome the limi-
tations discussed of the consistency score not being sufficient to

9Chosen arbitrarily from the individuals for which there is a maximum change in
individual consistency between two definitions of similarity.
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Table 5: Summary of key features of each metric, detailing their intended evaluation purpose, the type of value produced
(P(roportional) or A(bsolute)), and whether they can be used in a loss function.

Metric Purpose Type In loss?
𝑆𝑅𝐼𝐶 Measures the variation in classification consistency (cf. Definition 3.2) across two notions of similarity. Useful

for comparing the impact of switching between two notions. The lower the value, the more resilient the
decisions of a classifier 𝑓 are with respect to the notions.

P

𝐿𝐼𝐶𝐶 Counts the number of individuals inconsistently classified by 𝑓 (cf. Definition 3.2). A ✓
𝑃𝐶𝑆 Measures the proportion of consistent classifications. P ✓
𝐵𝐶𝐶 Measures the proportion of consistent classifications, taking into account how consistent the decisions are. P ✓
𝐵𝐶𝐶 +
penalty

As BCC, but penalises for inconsistent decisions, and hence it is more sensitive to inconsistent decisions. P ✓

represent individual fairness and use the same experimental setup
as in Section 3 to evaluate them.

In Section 3.3 we showed that changing the definition of similar-
ity can change individual consistencies which is not captured by
the consistency score. Thus, we propose the Similarity Robustness
of Individual Consistency (𝑆𝑅𝐼𝐶) metric which quantifies the pro-
portion of individuals for which the individual consistency changes
across a threshold between two definitions of similarity.

Our examples in Section 3.3 also highlighted that the consistency
score obscures individuals for which the classification differs sig-
nificantly from the classifications of similar individuals. Thus, we
propose metrics that assign greater weight to those individuals with
an individual consistency less than a threshold. The Low Individual
Consistency Count (𝐿𝐼𝐶𝐶) quantifies the count of individuals in a
dataset for which their individual consistency is below some thresh-
old, highlighting the number of individuals for which we should
investigate the individual fairness further. With the same motiva-
tion as 𝐿𝐼𝐶𝐶 , the Proportional Consistency Score (𝑃𝐶𝑆) provides
the proportion of individuals for which their individual consistency
is above some threshold. To directly compare to the consistency
score, we also propose the Balanced Conditioned Consistency (𝐵𝐶𝐶)
metric which aggregates the individual consistencies, but only for
cases where the individual consistencies are above some threshold.
An extension of 𝐵𝐶𝐶 incorporates a penalty term to replace any
individual consistencies below the threshold, ensuring they are
given greater weight in the overall calculation.

Table 5 gives an overview of the key features of each proposed
fairness metric to help clarify their intended use cases and guide
metric selection based on evaluation goals and constraints.

4.1 Similarity Robustness of Individual
Consistency (SRIC)

The motivation for 𝑆𝑅𝐼𝐶 is to quantify the impact of changing
the definition of similarity on the individual consistencies for a
dataset. Ideally, the value of 𝑆𝑅𝐼𝐶 should be minimal when small
changes are made to the definitions of similarity. This ensures that
the perceived fairness is stable to minor adjustments in how we
consider or define similarity. Significant variations in 𝑆𝑅𝐼𝐶 may
suggest that individuals’ perceptions of fairness could differ greatly
based on how they define themselves or identify their groups of
similar individuals, even when the classifications remain consistent.

Definition 4.1 (𝑆𝑅𝐼𝐶). 𝑆𝑅𝐼𝐶 quantifies the proportion of individu-
als for which the individual consistency decreases below or increases
above some threshold 𝛿 , between two different notions of similarity
𝜎𝑖 and 𝜎 𝑗 .

𝑆𝑅𝐼𝐶
{𝜎𝑖 ,𝜎 𝑗 },𝑘
𝛿

=
1
|𝐸 |

����{𝑥 ∈ 𝐸 :
(
𝑐𝜎𝑖 ,𝑘 (𝑥) ≥ 𝛿 ∧ 𝑐𝜎 𝑗 ,𝑘 (𝑥) < 𝛿

)
∨
(
𝑐𝜎𝑖 ,𝑘 (𝑥) < 𝛿 ∧ 𝑐𝜎 𝑗 ,𝑘 (𝑥) ≥ 𝛿}

����
𝑆𝑅𝐼𝐶 is defined in terms of a threshold 𝛿 , specifying the propor-

tion of similar individuals with equivalent treatment. For example,
𝛿 = 0.5 means there is a shift from the majority of classifications of
similar individuals being the same as the classification of the indi-
vidual 𝑥 to the minority being the same, or vice versa. Analogously,
𝛿 = 1 means that an individual’s classification changes from full
agreement with the classifications of all similar individuals, to dis-
agreement with the classification of at least one similar individual.
In other words, when loss of full agreement occurs.

4.1.1 Results & Discussion. Table 6 shows the 𝑆𝑅𝐼𝐶 score with
𝛿 = 0.5, the proportion of individuals whose individual consis-
tency changes (Equation 4) and the maximum change in individual
consistency (Equation 5) between two definitions of similarity.

𝑝𝑟𝑜𝑝_𝑐ℎ𝑎𝑛𝑔𝑒 =
|{𝑥 ∈ 𝐸 : 𝑐𝜎𝑖 ,𝑘 (𝑥) ≠ 𝑐𝜎 𝑗 ,𝑘 (𝑥)}|

|𝐸 | (4)

𝑚𝑎𝑥_𝑐ℎ𝑎𝑛𝑔𝑒 = max
{
𝑐𝜎𝑖 ,𝑘 (𝑥) − 𝑐𝜎 𝑗 ,𝑘 (𝑥)

}
(5)

𝑆𝑅𝐼𝐶 , 𝑝𝑟𝑜𝑝_𝑐ℎ𝑎𝑛𝑔𝑒 and𝑚𝑎𝑥_𝑐ℎ𝑎𝑛𝑔𝑒 are symmetric with respect
to 𝜎 , e.g. 𝑆𝑅𝐼𝐶 {𝜎𝑖 ,𝜎 𝑗 },𝑘

𝛿
= 𝑆𝑅𝐼𝐶

{𝜎 𝑗 ,𝜎𝑖 },𝑘
𝛿

.
Table 6 highlights that although the overall consistency 𝐶𝑠𝑐𝑜𝑟𝑒

stays relatively consistent with changes in the definition of similar
individuals as shown in Table 3, the perceived fairness of some indi-
viduals is greatly impacted. For example, changing from 𝜎1 to 𝜎2 in
the Adult dataset for 𝑘 = 5, the 𝑆𝑅𝐼𝐶 shows that 5.3% of individual
consistencies change from above 0.5 to below 0.5, or vice versa. This
demonstrates that a significant proportion of individuals go from
being treated the same as the majority of their similar individuals to
differently to the majority of their similar individuals, or vice versa.
For the same example, 𝑝𝑟𝑜𝑝_𝑐ℎ𝑎𝑛𝑔𝑒 shows that 22.8% of individual
consistencies change when the definitions of similarity changes
and𝑚𝑎𝑥_𝑐ℎ𝑎𝑛𝑔𝑒 shows the maximum variation in individual con-
sistency is 1, meaning at least one individual changes from being
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Table 6: Changes in individual consistency (𝑐) between the definitions of similarities in Table 2, with 𝛿 = 0.5. Each cell contains
𝑆𝑅𝐼𝐶, 𝑝𝑟𝑜𝑝_𝑐ℎ𝑎𝑛𝑔𝑒, and𝑚𝑎𝑥_𝑐ℎ𝑎𝑛𝑔𝑒, in this order.

Adult COMPAS German Credit

𝑘 𝜎 𝜎2 𝜎3 𝜎4 𝜎2 𝜎3 𝜎4 𝜎2 𝜎3 𝜎4
5 𝜎1 0.053 22.8 1.00 0.057 22.1 1.00 0.057 23.3 1.00 0.209 60.7 1.00 0.236 62.4 1.00 0.231 62.6 1.00 0.140 49.5 0.60 0.140 48.0 0.60 0.135 50.0 0.60
𝜎2 - 0.042 16.4 1.00 0.038 16.7 1.00 - 0.143 47.7 1.00 0.156 46.8 1.00 - 0.143 47.7 0.40 0.156 46.8 0.60
𝜎3 - - 0.056 20.9 1.00 - - 0.204 57.4 1.00 - - 0.075 39.0 0.60

10 𝜎1 0.035 31.6 0.90 0.043 30.8 0.90 0.042 32.3 0.90 0.165 75.0 0.80 0.202 75.5 0.80 0.186 76.9 0.80 0.065 60.5 0.40 0.070 55.5 0.40 0.065 63.5 0.40
𝜎2 - 0.032 23.8 0.80 0.030 26.2 1.00 - 0.135 65.0 0.80 0.125 67.1 0.80 - 0.045 42.5 0.20 0.040 51.5 0.30
𝜎3 - - 0.044 30.2 1.00 - - 0.181 72.6 0.90 - - 0.065 63.0 0.30

15 𝜎1 0.036 37.4 0.80 0.042 36.6 0.87 0.042 38.6 0.80 0.192 80.5 0.73 0.218 80.7 0.73 0.179 81.0 0.73 0.075 69.5 0.27 0.090 72.0 0.33 0.085 71.0 0.33
𝜎2 - 0.033 27.6 0.87 0.032 32.2 0.80 - 0.159 71.2 0.67 0.146 75.4 0.60 - 0.025 51.5 0.20 0.040 61.0 0.27
𝜎3 - - 0.044 35.5 0.87 - - 0.211 80.5 0.80 - - 0.055 64.0 0.33

Adult
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Figure 2: 𝑆𝑅𝐼𝐶 values between definitions 𝜎1 and 𝜎 𝑗 ( 𝑗 = 2, 3, 4), 𝑘 = 5, and values of 𝛿 from 0 to 1 in 0.2 increments.

classified entirely differently to all of their similar individuals to
being classified the same as all of their similar individuals, or the
other way around. This occurs often in the Adult and COMPAS
datasets. Further, Figure 2 shows how 𝑆𝑅𝐼𝐶 varies for different val-
ues of 𝛿 in the three datasets, with 𝑘 = 5, and between definitions
𝜎1 and 𝜎2 where 𝛿 increases in steps of 0.2 in the interval [0, 1].

4.2 Low Individual Consistency Count (LICC)
The 𝐿𝐼𝐶𝐶 metric measures the absolute number of individuals
whose individual consistency score is below some threshold 𝛿 . We
are arguably more concerned with individuals that have a smaller
individual consistency, i.e., individuals for which the classifica-
tions are less consistent with the classification of their similar in-
dividuals. When aggregating the individual fairness scores to find
the overall individual fairness of classifications, individuals with
a smaller individual fairness score are hidden. We propose 𝐿𝐼𝐶𝐶
as a nuanced quantification of individual fairness that highlights
how many individuals are treated significantly different from their
similar individuals.

Definition 4.2 (𝐿𝐼𝐶𝐶). Given a notion of similarity 𝜎 , 𝐿𝐼𝐶𝐶 pro-
vides a count of individuals for which their individual consistency
score is less than some threshold 𝛿 .

𝐿𝐼𝐶𝐶
𝜎,𝑘

𝛿
(𝐸) = |{𝑥 ∈ 𝐸 : 𝑐𝜎,𝑘 (𝑥) < 𝛿}|

4.2.1 Results & Discussion. Table 7 shows 𝐿𝐼𝐶𝐶 for similarity no-
tions 𝜎1–𝜎4 and 𝛿 = 0.5. For the Adult dataset, 𝐿𝐼𝐶𝐶𝜎1,5

0.5 (𝐴) = 1272
which means that 1272 individuals in the dataset have individual
consistency below 0.5, i.e., their classifications differ from the ma-
jority of the classifications of their 5 most similar individuals. To

improve individual fairness, such individuals should be considered
carefully due to the risks of them having received unfair treatment.

Figure 3 shows how 𝐿𝐼𝐶𝐶 varies for the Adult dataset for all
definitions of similarity, where 𝑘 = 5 and 𝛿 increases in steps of 0.2
in the interval [0, 1]. When 𝑘 = 5, the 𝐿𝐼𝐶𝐶 values for 𝛿 = 0.5 and
𝛿 = 0.6 are identical and match those in Table 7, as the individual
consistencies increase in intervals of 0.2. When 𝛿 = 1, the 𝐿𝐼𝐶𝐶
score quantifies the number of individuals in the dataset which
have at least one similar individual having a different classification.
For example, 𝐿𝐼𝐶𝐶𝜎1,5

1 (𝐴) = 3559. This means that 3559 individuals
in the Adult dataset (23.6%) have at least one similar individual (cf.
𝜎1) with a different classification. These individuals are the ones
of particular concern when it comes to mitigating the unfairness
in decisions. By using the absolute value, we can also evaluate the
scale of impact by finding how many individuals are affected. In
contrast to finding a proportion, 𝐿𝐼𝐶𝐶 focuses on the individuals
themselves, as it could be argued that unfair decisions impacting
larger number of individuals carries greater significance, even when
the proportion of all decisions remains constant.

4.3 Proportional Consistency Score (PCS)
𝐿𝐼𝐶𝐶 provides an absolute measure of the total number of individ-
uals in a dataset affected by controversial decisions. We can also
measure the proportion of individuals in the datasets whose deci-
sions are deemed ‘consistent’, i.e., with an individual consistency
score above a certain threshold (cf. Definition 3.2).

Definition 4.3 (𝑃𝐶𝑆). Given a similarity notion 𝜎 , the number
of similar individuals to consider 𝑘 , and a threshold 𝛿 , 𝑃𝐶𝑆𝜎,𝑘

𝛿
(𝐸)

quantifies the proportion of individuals in 𝐸 with an individual
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Figure 3: LICC values for similarity definitions 𝜎1–𝜎4, 𝑘 = 5, and values of 𝛿 from 0 to 1 in 0.2 increments.

Table 7: 𝐿𝐼𝐶𝐶𝜎𝑖 ,𝑘

𝛿
scores where 𝑖 ∈ {1, 2, 3, 4}, 𝑘 ∈ {5, 10, 15}, and 𝛿 = 0.5.

Adult COMPAS German Credit

𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4
𝑘 = 5 1272 1107 1279 1162 316 282 299 283 55 39 45 40
𝑘 = 10 1479 1260 1421 1305 399 316 354 345 56 46 51 51
𝑘 = 15 1296 1157 1271 1174 359 284 302 296 48 41 44 45

Table 8: PCS, BCC and BCC with penalty -1, 𝛿 = 0.5.

Adult COMPAS German Credit

𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4 𝜎1 𝜎2 𝜎3 𝜎4
𝑃𝐶𝑆 𝑘 = 5 0.916 0.926 0.915 0.923 0.744 0.771 0.758 0.771 0.725 0.805 0.775 0.8

𝑘 = 10 0.926 0.933 0.927 0.932 0.79 0.813 0.804 0.811 0.83 0.815 0.8 0.815
𝑘 = 15 0.914 0.923 0.916 0.922 0.709 0.77 0.755 0.76 0.76 0.795 0.78 0.775

𝐵𝐶𝐶 𝑘 = 5 0.874 0.896 0.88 0.888 0.606 0.655 0.642 0.653 0.608 0.673 0.646 0.654
𝑘 = 10 0.872 0.89 0.877 0.883 0.79 0.813 0.804 0.811 0.606 0.648 0.641 0.642
𝑘 = 15 0.862 0.879 0.868 0.872 0.555 0.61 0.606 0.604 0.608 0.635 0.632 0.621

𝐵𝐶𝐶 𝑘 = 5 0.79 0.822 0.795 0.811 0.35 0.426 0.4 0.424 0.333 0.478 0.421 0.454
+penalty 𝑘 = 10 0.797 0.823 0.804 0.815 0.396 0.461 0.445 0.453 0.481 0.472 0.445 0.463

𝑘 = 15 0.776 0.802 0.784 0.795 0.265 0.38 0.362 0.364 0.368 0.43 0.412 0.396

consistency score greater than or equal to 𝛿 .

𝑃𝐶𝑆
𝜎,𝑘

𝛿
(𝐸) = |{𝑥 ∈ 𝐸 : 𝑐𝜎,𝑘 (𝑥) ≥ 𝛿}|

|𝐸 |

𝐿𝐼𝐶𝐶
𝜎,𝑘

𝛿
(𝐸) and 𝑃𝐶𝑆

𝜎,𝑘

𝛿
(𝐸) are closely related, but 𝐿𝐼𝐶𝐶𝜎,𝑘

𝛿
(𝐸)

gives the absolute number of controversial decisions in 𝐸, while
𝑃𝐶𝑆

𝜎,𝑘

𝛿
(𝐸) gives the proportion of acceptable decisions.

|𝐸 | − 𝐿𝐼𝐶𝐶
𝜎,𝑘

𝛿
(𝐸) = |{𝑥 ∈ 𝐸 : 𝑐𝜎,𝑘 (𝑥) ≥ 𝛿}|. Hence,

𝑃𝐶𝑆
𝜎,𝑘

𝛿
(𝐸) =

|𝐸 | − 𝐿𝐼𝐶𝐶
𝜎,𝑘

𝛿
(𝐸)

|𝐸 | = 1 −
𝐿𝐼𝐶𝐶

𝜎,𝑘

𝛿
(𝐸)

|𝐸 | .

4.3.1 Results & Discussion. Recall Example 3.3 where a set of five
individuals had the same consistency score (0.64) under two dif-
ferent similarity notions 𝜎𝑖 and 𝜎 𝑗 . We saw that under 𝜎𝑖 only one
individual received a classification different from the majority of
the classifications for their similar individuals (𝑒5 = 0.48 < 0.5),
whereas under𝜎 𝑗 three individuals had individual consistency score
below 0.5 (𝑒3, 𝑒4 and 𝑒5). The consistency score is the same under
𝜎𝑖 and 𝜎 𝑗 due to the high individual consistency scores of 𝑒1 and
𝑒2 under 𝜎 𝑗 compensating for the low scores of 𝑒3 and 𝑒4. Using
the threshold 𝛿 = 0.5, we obtain 𝑃𝐶𝑆

𝜎𝑖 ,𝑘
0.5 (𝐸) = 0.80 (80% of the

decisions for individuals match the decisions of the majority of
their most similar neighbours), whereas 𝑃𝐶𝑆𝜎 𝑗 ,𝑘

0.5 (𝐸) = 0.40, indi-
cating that only 40% of the decisions for individuals do. This more
accurately quantifies the proportion of controversial decisions in
the two datasets (see Table 9).

We can compare the values of 𝑃𝐶𝑆 for the datasets in Table 8
with the original values of the consistency score in Table 3. We
argue that 𝑃𝐶𝑆 provides amore refinedmeasurement of consistency
in the decisions as it emphasises the overall number of individuals
whose decisions are questionable. Similarly to 𝐿𝐼𝐶𝐶 , the choice
of 𝛿 corresponds to the level of individual consistency we find
‘acceptable’ in a given context. For 𝑃𝐶𝑆 , it is inverse to 𝐿𝐼𝐶𝐶 in that
𝛿 = 1 requires all of the classifications of similar individuals to be
the same as a given individual.

4.4 Balanced Conditioned Consistency (BCC)
𝑃𝐶𝑆 measures the proportion of acceptable decisions (i.e., above
the threshold 𝛿), but not how close to full agreement those decisions
were. It allows each individual to contribute to the score with 1/|𝐸 |
as long as their individual consistency score meets the threshold,
regardless of how close to the threshold the score is (or how far
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from full agreement, i.e., 1, the score is). The balanced conditioned
consistency score 𝐵𝐶𝐶 allows us to capture this.

Definition 4.4 (BCC). 𝐵𝐶𝐶 gives the sum of the individual consis-
tency scores above or equal some threshold 𝛿 divided by the total
number of individuals.

𝐵𝐶𝐶
𝜎,𝑘

𝛿
(𝐸) = 1

|𝐸 |
∑︁
𝑥∈𝐸

𝑣 (𝑥)

where 𝑣 (𝑥) =
{
𝑐𝜎,𝑘 (𝑥), if 𝑐𝜎,𝑘 (𝑥) ≥ 𝛿

0, otherwise

For fixed parameters, 𝐵𝐶𝐶𝜎,𝑘

𝛿
(𝐸) ≤ 𝑃𝐶𝑆

𝜎,𝑘

𝛿
(𝐸).

4.4.1 Variations of 𝐵𝐶𝐶 . We have seen that 𝐵𝐶𝐶 is obtained from
a sum of values, where each individual 𝑥 meeting the consistency
threshold 𝛿 contributes with the value 𝑐𝛿,𝑘 (𝑥), or 0 otherwise. This
total is then normalised by the total number of individuals. Since
0 ≤ 𝑐𝛿,𝑘 (𝑥) ≤ 1, the maximum contribution of each individual is
1/|𝐸 |, and the minimum is 0. It is possible to replace 0 with a suitable
penalty, effectively bringing down the overall 𝐵𝐶𝐶 score for each
controversial decision made. To mirror the positive contribution of
each individual, we suggest that the penalty is a value in [−1, 0],
and recommend setting it to −1. Hence, the maximum penalty for
each decision is −1/|𝐸 |.

Definition 4.5 (𝐵𝐶𝐶 with penalty). 𝐵𝐶𝐶 with penalty modifies
𝐵𝐶𝐶 by setting a penalty 𝑝 ∈ [−1, 0] for each individual consistency
score below 𝛿 .

𝐵𝐶𝐶
𝜎,𝑘

𝛿,𝑝
(𝐸) = 1

|𝐸 |
∑︁
𝑥∈𝐸

𝑣 (𝑥)

where 𝑣 (𝑥) =
{
𝑐𝜎,𝑘 (𝑥), if 𝑐𝜎,𝑘 (𝑥) ≥ 𝛿

𝑝, otherwise

𝐵𝐶𝐶
𝜎,𝑘

𝛿,−1 (𝐸) ∈ [−1, 1]. Notice that having the majority of individ-
uals not meeting the consistency threshold is a sufficient condition
for 𝐵𝐶𝐶 with penalty −1 to return a negative value, but not a
necessary condition. Further, 𝐵𝐶𝐶𝜎,𝑘

𝛿,−1 (𝐸) = −1 indicates that no
individual in 𝐸 has individual consistency score 𝛿 or greater.

4.4.2 Results & Discussion. Consider the consistency scores in Ex-
ample 3.3 with similarity definitions 𝜎𝑖 and 𝜎 𝑗 . 𝐵𝐶𝐶𝜎𝑖 ,𝑘

0.5 (𝐸) = 0.544,

whereas 𝐵𝐶𝐶𝜎 𝑗 ,𝑘

0.5 (𝐸) = 0.370. The lower score using 𝜎 𝑗 correctly
reflects that more individuals (𝑒3 and 𝑒4) do not meet the threshold
𝛿 = 0.5 than when 𝜎𝑖 is used. This shows that 𝐵𝐶𝐶 can be more
sensitive to variations in classifications between an individual and
their similar individuals, thus better capturing individual fairness.
Using the same threshold 𝛿 = 0.5, but using 𝐵𝐶𝐶 with a penalty of
−1, 𝐵𝐶𝐶𝜎𝑖 ,𝑘

0.5,−1 (𝐸) = 0.344, and 𝐵𝐶𝐶𝜎 𝑗 ,𝑘

0.5,−1 (𝐸) = −0.230. 𝐵𝐶𝐶 further
discounts individual consistencies which fall below the specified
threshold resulting in a sharper distinction between individuals
with a high consistency score and those with a low. The closer to
−1 the penalty is, the more 𝐵𝐶𝐶 amplifies the impact of individual
consistencies below the threshold. Table 9 summarises the differ-
ences in calculations of 𝑃𝐶𝑆 , 𝐵𝐶𝐶 and 𝐵𝐶𝐶 + penalty, for the set of
individuals in Example 3.3, using similarity notions 𝜎𝑖 and 𝜎 𝑗 .

Table 9: PCS, BCC and BCC + penalty scores, for the set E of
individuals in Example 3.3, using 𝛿 = 0.5.

Consistency score 𝑃𝐶𝑆 𝐵𝐶𝐶 𝐵𝐶𝐶 + penalty
𝜎𝑖 0.64 0.80 0.544 0.344
𝜎 𝑗 0.64 0.40 0.370 −0.230

Table 8 shows the 𝐵𝐶𝐶 and 𝐵𝐶𝐶 + penalty −1 scores for the
three datasets. The results show that 𝐵𝐶𝐶 correctly weighs smaller
individual consistencies higher and thus lowers the score. For ex-
ample, for the Adult dataset, 𝜎1 with 𝑘 = 5, 𝐶𝜎1,5 (𝐴) = 0.894,
𝐵𝐶𝐶

𝜎1,5
0.5 = 0.874 and 𝐵𝐶𝐶

𝜎1,5
0.5,−1 = 0.79. These illustrate that 𝐵𝐶𝐶

(especially with penalty) better reflects the prevalence of contro-
versial decisions in the dataset than 𝐶 does, whilst still giving an
indication about the overall level of consistency. We would argue
that this offers a more balanced measurement of consistency condi-
tioned by a given threshold of acceptance (and optional penalty).
Further, on the COMPAS and German Credit datasets, the variation
of 𝐵𝐶𝐶 and 𝐵𝐶𝐶 + penalty scores between definitions of similarity
is significantly larger than for the consistency scores. For example,
the maximum variation for the consistency score on the German
Credit dataset was 0.04. In contrast, the maximum variation for 𝐵𝐶𝐶
with penalty −1 is 0.14. This supports our findings that changing
the definition of similarity used can change individual consistency
scores and thus simply averaging over the individual consistencies
hides individuals who are treated differently to a large proportion
of their similar individuals.

5 Discussion
Individual Fairness in Law. The legal significance of individ-

ual fairness is rarely discussed due to limited case law involving
ADMS [15]. Under certain legal jurisdictions, it is often the re-
sponsibility of individuals to raise cases of potential discrimination.
For example, in the UK and EU, individuals need to demonstrate
that: “a provision, criterion or practice significantly disadvantages
a protected group when compared with other people in a similar
situation” [33]. In cases involving ADMS, this entails comparing the
decision for an individual with those made for similar individuals.
The lack of case lawmakes it challenging to establish clear guidance
on how fairness metrics align with existing legal frameworks [32].
Addressing this gap could provide critical insights for both legal
and technical communities, ensuring fairness approaches are more
robust, interpretable, and actionable within legal contexts. A po-
tential avenue for investigation is whether the decisions for similar
individuals, e.g. via consistency metrics, can be used to prove that
discrimination occurred. However, individuals do not have access
to the whole data, thus the burden of proof would need to shift to
the decision-maker to dispel suspicions of unfair treatment. This
has the same issues mentioned about which similarity notion to
use, how many similar individuals to consider, and so forth.

Defining Similarity. For individual fairness, specifically the no-
tion of consistency, we require a definition of similar individuals.
In this paper, we focus on the consistency metric as we are able to
explore it independently of any domain-specific definition. Existing
approaches [16, 18, 22, 37, 39–41] focus on the domain specificity
of the metric definitions, requiring input from experts as to how to
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define similarity. However, finding suitable domain experts, ensur-
ing their own biases are not transferred, and deciding how to best
categorise individuals for the task at hand remain a challenge and
limits the use of metrics in the consistency family [7]. The ‘ground
truth’ definition which is often assumed, in reality is rare. Thus, it is
important to focus on using metrics that correspond to defined legal
definitions of fairness [33, 35]. Further, we assumed a fixed set of 𝑘
similar individuals. This presents some issues and extensions of our
work should consider only individuals that are similar “enough”,
perhaps defining the set of most similar individuals in terms of a
similarity distance threshold. Here, domain expertise is critical to
ensure a fair balance between the requirements.

Exploring Explainability. Seeing different interpretations of indi-
vidual fairness for ADMS can improve stakeholders’ understanding
of a system and help show and prevent individuals being discrim-
inated against. Metrics can be useful for understanding the fair-
ness of a system but in the case of individual fairness, there might
be better ways of trying to understand how the system works.
Due to the context-dependent nature of fairness in ADMS, metrics
alone are not enough. In addition to focusing on socio-technical
approaches, we advocate exploring explainability methods to en-
hance our understanding of individual fairness [34]. Understanding
why individuals have been treated differently to individuals similar
to them is arguably more important than how many were. Explain-
ing how the decision about a particular individual was made and
comparing it to the decisions of similar individuals can not only
improve the understanding of the system’s behaviour (promoting
fairness) but also provide re-assurance to the individual about the
basis on which the decision was made (promoting transparency
and trustworthiness). Counterfactual fairness, for example, is al-
ready represented as a field in explainability called counterfactual
explainable AI [8] which aims to give causal reasons as to why
the classification would change. Similar ideas should be explored
for consistency-based individual fairness metrics where different
combinations of similar individuals and their classifications should
be presented to a domain expert. These would allow the expert to
examine, given the context and domain knowledge, whether the
categorisations, groupings, and differences in classifications are
justified or not, highlighting any cases in which individuals could
be discriminated against. Our proposed metrics help highlight the
individuals to investigate potential discrimination for. This should
be extended to understand why there is that disparity, and whether
a decision is justifiable in that context.

Limitations & Future Work. As previously stated, employing an
adequate notion of similarity is use-case dependent and can be chal-
lenging. Further, we need to determine at which point neighbours
should be considered too dissimilar to be included in the compari-
son of individual results. As we showed, the evaluations depend on
the notion of similarity and this raises the potential risk of gaming
the system to achieve misleadingly inflated fairness results.

𝐿𝐼𝐶𝐶 , 𝑃𝐶𝑆 , 𝐵𝐶𝐶 , and 𝐵𝐶𝐶 with penalty can be integrated into
a model’s loss function depending on the optimisation goal. Pe-
nalising for small values of 𝑃𝐶𝑆 (or large values of 𝐿𝐼𝐶𝐶) would
maximise the proportion of individuals with individual consistency
above 𝛿 while penalising for small values of 𝐵𝐶𝐶 and 𝐵𝐶𝐶 with
penalty would maximise the average consistency of individuals

with individual consistency above 𝛿 . Integrating our metrics into
the loss function may involve classification trade-offs, e.g., with
accuracy. Since our metrics would optimise for individual fairness,
group fairness could also be impacted. For these reasons, at this
stage we only use these metrics for detection, leaving the investiga-
tion of their use for mitigation for future work. 𝑆𝑅𝐼𝐶 measures the
difference in individual consistencies between two definitions of
similarity, thus cannot easily be used in a loss function. However,
it can be used to assess the resilience of the decisions of a classifier
when there are alternative notions of similarity.

Although we only considered examples involving tabular data,
our metrics only depend on the ability to compare the decisions
of a data point with respect to the decisions of a fixed number of
other “close” data points (i.e., the neighbours). Therefore, they are
applicable to any dataset where binary classification results are
available and a pairwise notion of distance/similarity between data
points can be defined, e.g., for text and image data. The investigation
of appropriate notions of similarity/distance for specific non-tabular
data types is left as future work.

Further, we plan to create a toolkit that allows stakeholders to
explore existing metrics and our new metrics, helping to identify if
ADMS can be fairly deployed across various domains.

6 Conclusion
In this paper, we investigated the application of the consistency
score [41], a metric that has been commonly used to quantify the in-
dividual fairness of binary classification systems. We demonstrated
that the consistency score is not sufficient to faithfully capture
important aspects of fairness as it fails to represent fairness at the
individual level, particularly in situations where individuals are
treated significantly differently from their most similar individuals.
Our findings also revealed that altering the definition of similar
individuals can significantly affect the proportion of similar indi-
viduals with a differing classification to an individual’s, ultimately
affecting the perceived individual fairness. To address these issues,
we proposed four new metrics for individual fairness. Similarity
Robustness of Individual Consistency (𝑆𝑅𝐼𝐶) quantifies the impact
of changing the definition of similar individuals. Low Individual
Consistency Count (𝐿𝐼𝐶𝐶), Proportional Consistency Score (𝑃𝐶𝑆),
and Balanced Conditioned Consistency (𝐵𝐶𝐶) provide new aggre-
gates for individual fairness which give greater consideration to
individuals who are treated significantly differently to their similar
individuals. Our comprehensive evaluation showed that our metrics
provide a more nuanced understanding of individual fairness for bi-
nary classification and offer valuable insights for model evaluation
and decision-making processes.
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