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Abstract

Machine learning is used to make decisions
for individuals in various fields, which require
us to achieve good prediction accuracy while
ensuring fairness with respect to sensitive fea-
tures (e.g., race and gender). This problem,
however, remains difficult in complex real-
world scenarios. To quantify unfairness under
such situations, existing methods utilize path-
specific causal effects. However, none of them
can ensure fairness for each individual without
making impractical functional assumptions
about the data. In this paper, we propose a
far more practical framework for learning an
individually fair classifier. To avoid restrictive
functional assumptions, we define the proba-
bility of individual unfairness (PIU) and solve
an optimization problem where PIU’s upper
bound, which can be estimated from data, is
controlled to be close to zero. We elucidate
why our method can guarantee fairness for
each individual. Experimental results show
that our method can learn an individually fair
classifier at a slight cost of accuracy.

1 INTRODUCTION

Machine learning is increasingly being used to make
critical decisions that severely affect people’s lives (e.g.,
loan approvals (Khandani et al., 2010), hiring decisions
(Houser, 2019), and recidivism predictions (Angwin
et al., 2016)). The huge societal impact of such deci-
sions on people’s lives raises concerns about fairness
because these decisions may be discriminatory with
respect to sensitive features, including race, gender,
religion, and sexual orientation.
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Although many researchers have studied how to make
fair decisions while achieving high prediction accuracy
(Dwork et al., 2012; Feldman et al., 2015; Hardt et al.,
2016), it remains a challenge in complex real-world
scenarios. For instance, consider hiring decisions for
physically demanding jobs. Although it is discrimina-
tory to reject applicants based on gender, since the job
requires physical strength, it is sometimes not discrimi-
natory to reject the applicants due to physical strength.
Since physical strength is often affected by gender, re-
jecting applicants due to physical strength leads to
gender difference in the rejection rates. Although this
difference due to physical strength is not always un-
fair, it is removed when using traditional methods (e.g.,
Feldman et al. (2015)). Consequently, even if there is
a man who has a much more physical strength than a
woman, these methods might reject him to accept her,
which severely reduces the prediction accuracy.

To achieve high prediction accuracy, we need to remove
only an unfair difference in decision outcomes. To mea-
sure this difference, existing methods utilize a path-
specific causal effect (Avin et al., 2005), which we call
an unfair effect. Using unfair effects, the path-specific
counterfactual fairness (PSCF) method (Chiappa and
Gillam, 2019) aims to guarantee fairness for each in-
dividual; however, achieving such an individual-level
fairness is possible only when the data are generated by
a restricted class of functions. By contrast, fair infer-
ence on outcome (FIO) (Nabi and Shpitser, 2018) does
not require such demanding functional assumptions;
however, it cannot ensure individual-level fairness.

The goal of this paper is to propose a learning frame-
work that guarantees individual-level fairness without
making impractical functional assumptions. For this
goal, we train a classifier by forcing the probability of
individual unfairness (PIU), defined as the probability
that an unfair effect is non-zero, to be close to zero.
This, however, is difficult to achieve because we cannot
estimate PIU from data. To overcome this difficulty,
we derive its upper bound that can be estimated from
data and solve a penalized optimization problem where
the upper-bound value is controlled to be close to zero.
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Table 1: Comparison with existing methods
Method Individually fair Functional assumptions

Our method Yes Unnecessary
PSCF Yes Necessary
FIO No Unnecessary

Our contributions are summarized as follows:

• We establish a framework that guarantees fairness
for each individual without restrictive functional as-
sumptions on the data (Table 1). To achieve this,
we make the PIU value close to zero by imposing a
penalty that reduces its upper bound value, which
can be estimated from data.

• We elucidate why imposing such a penalty guaran-
tees individual-level fairness in Sections 4.3.3 and 4.4.
We also show how our method can be extended to
address cases where there are unobserved variables
called latent confounders in Section 4.5.

• We experimentally show that our method makes much
fairer predictions for each individual than the existing
methods at a slight cost of prediction accuracy.

2 PRELIMINARIES

2.1 Problem Statement

In this paper, we consider a binary classification task.
We train classifier hθ with parameter θ to predict deci-
sion outcome Y ∈ {0, 1} from the features of each indi-
vidual X , which contains sensitive feature A ∈ {0, 1}.

We seek classifier parameter θ that achieves a good
balance between prediction accuracy and fairness with
respect to sensitive feature A. Suppose that we have
loss function Lθ and penalty function Gθ, which respec-
tively measure prediction errors and unfairness based
on θ. Formally, given n training instances {(x i, yi)ni=1},
our learning problem is formulated as follows:

min
θ

1

n

n∑
i=1

Lθ(x i, yi) + λGθ(x 1, . . . ,xn), (1)

where λ ≥ 0 is a hyperparameter.

To achieve a high prediction accuracy, penalty function
Gθ must be designed such that we can avoid imposing
unnecessary penalizations. To do so, we utilize a causal
graph, which is a directed acyclic graph (DAG) whose
nodes and edges represent random variables and causal
relationships, respectively (Pearl, 2009). We assume
that a causal graph is provided by domain experts
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Figure 1: Causal graphs representing a scenario of
hiring decisions for physically demanding jobs: Unfair
pathways are (a): red solid edge A→ Y ; (b): A→ Y
and red dashed pathway A→ D → Y .

or can be inferred from data (Glymour et al., 2019);
this assumption is common in many existing methods
(Chiappa and Gillam, 2019; Kusner et al., 2017; Nabi
and Shpitser, 2018; Zhang et al., 2017).

As an example of a causal graph, consider a scenario
for hiring decisions for a physically demanding job.
In this scenario, a causal graph might be given, as
shown in Figure 1(a), where A,Q,D,M ∈ X represent
gender, qualifications, the number of children, and
physical strength, respectively. This graph expresses
our knowledge that prediction Y is unfair only if it is
based on gender A. To do so, we regard direct pathway
A → Y as unfair pathway π (i.e., π = {A→ Y }).

In fact, in the above simple case, we can naively remove
the unfairness by making a prediction without gender
A; however, this is insufficient when we consider a
complex scenario with multiple unfair pathways.

For instance, as shown in Figure 1(b), we may regard
not only A → Y but also the pathway through the
number of children D (A→ D → Y ) as unfair (because
it is also discriminatory to reject women because of
the possibility of bearing children). In this case, a
naive approach to ensure fairness is to predict without
A or D. This, however, might unnecessarily decrease
the prediction accuracy. For instance, consider a case
where number of children D is only slightly affected
by gender A (e.g., the applicants had gender-equitable
opportunities to take parental leave in the past) and
largely influenced by other unobserved features that are
important for prediction (e.g., communication skills).
Then predicting without D will seriously decrease the
accuracy while contributing almost nothing to fairness.

To address such cases, given unfair pathways π, we de-
sign penalty function Gθ by quantifying the unfairness
based on data. To do so, we utilize path-specific causal
effects, which are described in the next section.

2.2 Path-Specific Causal Effects

A path-specific causal effect measures how largely an
observed variable influences another variable via path-
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ways in a causal graph (Avin et al., 2005). Although
prediction Y is not observed but is given by classifier
hθ, we can utilize this measure to quantify the influence
of sensitive feature A on Y via unfair pathways π.

With a path-specific causal effect, this influence is mea-
sured by the difference of the two predictions, which is
obtained by modifying input features X . To illustrate
these predictions, consider a case where sensitive fea-
ture A is gender. Then for each woman (A = 0), one
prediction is made by directly taking her attributes
as input, and another is made with counterfactual at-
tributes, which would be observed if she were male
(A = 1); for each man, these predictions are made
using the counterfactual attributes that would be if he
were female (see, Appendix A.1 for details). Although
such counterfactual attributes are not observed, they
can be computed by a structural equation model (SEM).

An SEM consists of structural equations, each of which
expresses variable V ∈ {X , Y } by deterministic func-
tion fV (Pearl, 2009). Each function fV takes as input
two types of variables. One is observed variables, which
are the parents of V in a causal graph, and the other is
unobserved noise UV , which expresses random variable
V using deterministic function fV .

For instance, structural equations over D,M ∈ X in
the causal graph in Figure 1(b) may be formulated as

D = fD(A,Q,UD) = A+ UDQ,

M = fM (A,Q,UM ) = 3A+ 0.5Q+ UM ,
(2)

where UD is multiplicative noise and UM is additive
noise. By contrast, the structural equation over pre-
diction Y is formulated using classifier hθ. If hθ is
deterministic, it is expressed as Y = hθ(A,Q,D,M);
otherwise, Y = hθ(A,Q,D,M,UY ), where UY is a ran-
dom variable used in the classifier. See Appendix A.2
for a formal definition of SEM in our setting.

Structural equations (2) can be used to compute the
(counterfactual) attributes of D and M that are ob-
served when A = a (a ∈ {0, 1}) as

D(a) = a+ UDQ, M(a) = 3a+ 0.5Q+ UM . (3)

If (3) is available, we can obtain attributes D(0), D(1),
M(0), and M(1) for each individual.

Using these attributes, we can compute a path-specific
causal effect for each individual, which we call an unfair
effect. For instance, when measuring the influence
via unfair pathways π = {A → Y,A → D → Y } in
Figure 1(b), we define an unfair effect as the difference
of two predictions YA⇐1‖π − YA⇐0, where YA⇐0 and
YA⇐1‖π are called potential outcomes and given as

YA⇐0 = hθ(0, Q,D(0),M(0)),

YA⇐1‖π = hθ(1, Q,D(1),M(0)).
(4)

In (4), the inputs of YA⇐0 are A = 0, D(0), and M(0),
all of which are given using the same value, a = 0. By
contrast, the inputs of YA⇐1‖π are formulated based on
unfair pathways π; we use the value a = 1 only for A
and D (i.e., A = 1 and D(1)), which correspond to the
nodes on π = {A → Y,A → D → Y } (see Appendix
A.3 for the formal definition).1

In practice, however, we cannot compute an unfair
effect for each individual. This is because we cannot
formulate an SEM since it requires a deep understand-
ing of true data-generating processes; consequently, for
instance, we can obtain D(a) and M(a) in (3) only for
either a = 0 or a = 1 but not both. Due to this issue,
existing methods use the (conditional) expected values
of unfair effects, which can be estimated from data.

3 EXISTING METHODS AND
THEIR WEAKNESSES

Using unfair effects, two types of existing methods have
been proposed. Unfortunately, as presented in Table 1,
each has a weakness. One requires restrictive functional
assumptions, and the other cannot ensure individual-
level fairness. Below we describe their details.

3.1 Methods for Ensuring Individual-
Level Fairness

The PSCF method (Chiappa and Gillam, 2019) aims to
satisfy the following individual-level fairness criterion:

Definition 1 (Wu et al. (2019b)) Given unfair
pathways π in a causal graph, classifier hθ achieves a
(path-specific) individual-level fairness if

EYA⇐0,YA⇐1‖π [YA⇐1‖π − YA⇐0|X = x] = 0 (5)

holds for any value of x of input features X.

Condition (5) states that classifier hθ is individually fair
if the conditional mean unfair effect is zero, which is an
average over individuals who have identical attributes
for all features in X . Since YA⇐0 and YA⇐1‖π are
expressed using classifier parameter θ as shown in (4),
we need to find appropriate θ values to satisfy (5).

Unfortunately, such θ values can be found only in re-
stricted cases. As pointed out by Wu et al. (2019b), this
is because we cannot always estimate the conditional
mean unfair effect in (5). For instance, when potential

1We can also consider different potential outcomes YA⇐1

and YA⇐0‖π, where all inputs of YA⇐1 are given using the
value a = 1, and YA⇐0‖π is formulated using a = 0 only for
the inputs that correspond to the nodes on pathways π.
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outcomes are given as (4), since the conditional mean
unfair effect is conditioned on A and D, estimating it
requires the joint distribution of D(0) and D(1). This
joint distribution, however, is unavailable because we
cannot jointly obtain them as explained in Section 2.2.

Due to this issue, the PSCF method (and the one in
(Kusner et al., 2017, Section S4)) can achieve individual-
level fairness only when the data are generated from a
restricted functional class of SEMs. Specifically, these
existing methods assume that each variable V follows
an additive noise model V = fV (pa(V )) + UV , where
pa(V ) denotes the parents of V in the causal graph. Un-
fortunately, this model cannot express data-generating
processes in many cases. For instance, it cannot ex-
press variable D in (2) due to multiplicative noise UD.
Traditionally, this assumption has been used to infer
causal graphs (Hoyer et al., 2009; Shimizu et al., 2006).
However, as mentioned in Glymour et al. (2019), since
more recent causal graph discovery methods require
much weaker assumptions (Zhang and Hyvärinen, 2009;
Stegle et al., 2010), the presence of such an assumption
severely restricts the scope of their applications.

3.2 Another Method for Removing Un-
fair Effects

To avoid the aforementioned restrictive functional as-
sumption, the FIO method (Nabi and Shpitser, 2018)
aims to remove the mean unfair effect over all individ-
uals, which is expressed as

EYA⇐0,YA⇐1‖π [YA⇐1‖π − YA⇐0]

= P(YA⇐1‖π = 1)− P(YA⇐0 = 1).
(6)

In (6), marginal probabilities P(YA⇐0 = 1) and
P(YA⇐1‖π = 1) can be estimated under much weaker
assumptions than the conditional mean unfair effect in
(5). We detail these assumptions in Appendix B and
how to derive the estimators in Appendix D.

However, removing this mean unfair effect does not
imply individual-level fairness. This is because de-
pending on input features X , unfair effects might be
largely positive for some individuals and largely neg-
ative for others, which is seriously discriminatory for
these individuals. Note that we cannot resolve this
issue simply using e.g., the mean of the absolute values
of the unfair effects. This is because estimating such
a quantity requires a joint distribution of YA⇐0 and
YA⇐1‖π; however, this joint distribution is unavailable
because we cannot obtain both YA⇐0 and YA⇐1‖π for
each individual without an SEM.

4 PROPOSED METHOD

4.1 Overcoming Weaknesses of Exist-
ing Methods

To resolve the weaknesses of the existing methods, we
propose a framework that guarantees individual-level
fairness without restrictive functional assumptions.

For this goal, we aim to train a classifier by forcing
an unfair effect to be zero for all individuals: i.e.,
making potential outcomes take the same value (i.e.,
YA⇐0 = YA⇐1‖π = 0 or YA⇐0 = YA⇐1‖π = 1) with
probability 1 regardless of the values of input features
X . This is sufficient to satisfy the individual-level fair-
ness condition (Definition 1) because it restricts the
potential outcome values more severely than the latter
condition, where potential outcomes YA⇐0 = YA⇐1‖π
can take 0 or 1 depending on X ’s values. Although
such a fairness condition may be overly severe and
might decrease the prediction accuracy, in Section 5
we experimentally show that our method can achieve
comparable accuracy to the existing method for en-
suring individual-level fairness (i.e., the PSCF method
(Chiappa and Gillam, 2019)).

Compared with PSCF, our method has a clear ad-
vantage in that it requires much weaker assumptions.
We only need to estimate the marginal potential out-
come probabilities in (6), which only requires several
conditional independence relations and the graphical
condition on unfair pathways π (see Appendix B for our
assumptions). Furthermore, we can relax these assump-
tions to address some cases where there are unobserved
variables called latent confounders (Section 4.5).

4.2 Achieving Individual-Level Fair-
ness with PIU

We aim to make potential outcomes take the same
value for all individuals. To this end, we formulate
penalty function Gθ based on the following quantity:

Definition 2 For unfair pathways π in a causal graph
and potential outcomes YA⇐0, YA⇐1‖π ∈ {0, 1}, we
define the probability of individual unfairness
(PIU) by P(YA⇐0 6= YA⇐1‖π).

Intuitively, PIU is the probability that potential out-
comes YA⇐0 and YA⇐1‖π take different values.

Unlike the conditional mean unfair effect in Definition 1,
PIU is not conditioned on features X of each individual.

Nonetheless, PIU can be used to guarantee individual-
level fairness. By constraining PIU to zero, we can
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guarantee that potential outcomes take the same value
(i.e., YA⇐0 = YA⇐1‖π = 0 or YA⇐0 = YA⇐1‖π = 1)
with probability 1 regardless of the values of X , which
is sufficient to ensure individual-level fairness.

Unfortunately, we cannot directly impose constraints on
PIU. This is because estimating the PIU value requires
the joint distribution of YA⇐0 and YA⇐1‖π, which is
unavailable as described in Section 3.2.

To overcome this issue, instead of PIU, we utilize its
upper bound that can be estimated from data. Specifi-
cally, to make the PIU value close to zero, we formulate
a penalty function that forces the upper bound on PIU
to be nearly zero, which is described in the next section.

4.3 Penalty By Upper Bound on PIU

4.3.1 Upper Bound Formulation

To make the PIU value small, we utilize the following
upper bound on PIU:

Theorem 1 (Upper bound on PIU) Suppose that
potential outcomes YA⇐0 and YA⇐1‖π are binary.
Then for any joint distribution of potential outcomes
P(YA⇐0, YA⇐1‖π), PIU is upper bounded as follows:

P(YA⇐0 6= YA⇐1‖π) ≤ 2 PI(YA⇐0 6= YA⇐1‖π), (7)

where PI is an independent joint distribution, i.e.,
PI(YA⇐0, YA⇐1‖π) = P(YA⇐0) P(YA⇐1‖π).

The proof is detailed in Appendix C. Theorem 1 states
that whatever joint distribution potential outcomes
YA⇐0 and YA⇐1‖π follow, the resulting PIU value is at
most twice the PIU value that is approximated with
independent joint distribution PI .

Note that this upper bound can be larger than 1, and
if so, the PIU value is not controlled because PIU is
at most 1. However, since PIU is always smaller than
its upper bound, by making the upper bound close to
zero, we can guarantee that PIU is also close to zero.

4.3.2 Estimating Upper Bound

Using the observed data, we estimate the upper bound
on PIU in (7), which is twice the value of the ap-
proximated PIU. Recall that this approximated PIU
is the probability that potential outcomes YA⇐0 and
YA⇐1‖π take different values when they are indepen-
dent. Since potential outcomes are binary, it is ex-
pressed as the probability that potential outcome values

are (YA⇐0, YA⇐1‖π) = (0, 1) or (1, 0); in other words,

PI(YA⇐0 6= YA⇐1‖π)

= P(YA⇐1‖π = 1)(1− P(YA⇐0 = 1))

+ (1− P(YA⇐1‖π = 1)) P(YA⇐0 = 1).

(8)

Various estimators can be used to estimate marginal
probabilities P(YA⇐0 = 1) and P(YA⇐1‖π = 1) in (8).
Among them, we utilize the computationally efficient
estimator in Huber (2014), which can be computed in
O(n) time, where n is the number of training instances.

Let cθ(X ) = P(Y = 1|X ) denote the conditional dis-
tribution provided by classifier hθ; we let cθ(X ) =
hθ(X ) ∈ {0, 1} if hθ is a deterministic classifier. For in-
stance, suppose that the causal graph is given as shown
in Figure 1(b) and that the features of n individuals
are provided as {x i}ni=1 = {ai, qi, di,mi}ni=1. Then
P(YA⇐0 = 1) and P(YA⇐1‖π = 1) can be estimated as
the following weighted averages:

p̂A⇐0
θ =

1

n

n∑
i=1

1(ai = 0)ŵicθ(ai, qi, di,mi) and

p̂
A⇐1‖π
θ =

1

n

n∑
i=1

1(ai = 1)ŵ′
icθ(ai, qi, di,mi),

(9)

where 1(·) is an indicator function, and ŵi and ŵ′
i are

the following weights for individual i ∈ {1, . . . , n}:

ŵi =
1

P̂(A = 0|qi)
,

ŵ′
i =

P̂(A = 1|qi, di)P̂(A = 0|qi, di,mi)

P̂(A = 1|qi)P̂(A = 0|qi, di)P̂(A = 1|qi, di,mi)
,

where P̂ is a conditional distribution, which we infer in
the same way as Zhang and Bareinboim (2018a), i.e.,
by learning a statistical model (e.g., a neural network)
from the training data beforehand.2 We derive the
estimators (9) in Appendix D.

In (9), marginal probabilities p̂A⇐0
θ and p̂

A⇐1‖π
θ are

estimated by taking a weighted average of conditional
probability cθ over individuals with A = 0 and A = 1,
respectively, which is a widely used estimation tech-
nique called inverse probability weighting (IPW).

4.3.3 Formulating Penalty Function

To learn an individually fair classifier, we force the
estimated value of the upper bound on PIU to be close

2Note that FIO infers conditional distributions not by
learning statistical models beforehand but by simultane-
ously learning them with the predictive model of Y (Nabi
and Shpitser, 2018). This is because unlike our method, it
addresses not only training a classifier but also learning a
generative model of joint distribution P(X, Y ).
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to zero by minimizing the objective function (1) with
the following penalty function Gθ:

Gθ(x 1, . . .xn)

= p̂
A⇐1‖π
θ (1− p̂A⇐0

θ ) + (1− p̂A⇐1‖π
θ )p̂A⇐0

θ . (10)

For instance, if p̂A⇐0
θ and p̂

A⇐1‖π
θ are given as the

weighted estimators (9), to reduce the value of Gθ, our
method imposes strong penalties on the predictions for
individuals whose weights ŵi and ŵ′

i are large.

In our experiments, we minimize the objective function
using the stochastic gradient descent method (Sutskever
et al., 2013). We discuss the computation time and
convergence guarantees in Appendix E.

From the penalty function (10), we can see why penaliz-
ing the upper bound on PIU guarantees individual-level
fairness. As the penalty parameter value goes to infinity

(λ → ∞), the marginal probabilities (p̂A⇐0
θ , p̂

A⇐1‖π
θ )

approach (0, 0) or (1, 1). This guarantees that the po-
tential outcomes take the same value with probability 1,
which is sufficient to guarantee individual-level fairness.

4.4 Comparison with Existing Fairness
Constraint

To show the effectiveness of penalty function (10), we
compare it with the constraint of the FIO method.

Suppose that our penalty function forces the upper
bound on PIU to satisfy the following condition:

p̂
A⇐1‖π
θ (1− p̂A⇐0

θ ) + (1− p̂A⇐1‖π
θ )p̂A⇐0

θ ≤ δ. (11)

Here we let constant δ be δ ∈ [0, 1] because otherwise
we cannot force the PIU value to be less than 1.

Meanwhile, the FIO constraint limits the mean unfair
effect (6) to lie in

−δ′ ≤ p̂A⇐1‖π
θ − p̂A⇐0

θ ≤ δ′, (12)

where δ′ ∈ [0, 1] is a hyperparameter. If δ′ = 0, it

ensures p̂A⇐0
θ = p̂

A⇐1‖π
θ .

Figure 2 shows the feasible region of our fairness condi-
tion (red) and the FIO constraint (blue), respectively,
obtained by graphing the hyperbolic inequality in (11)
and the linear inequality in (12). Here, to clarify their
difference, we consider the case where δ = 2δ′.

When δ ≈ 0, our fairness condition only accepts region

(p̂A⇐0
θ , p̂

A⇐1‖π
θ ) ≈ (0, 0) or (1, 1), where the potential

outcomes are likely to take the same value; hence, the
unfair effect is likely to be zero. This demonstrates
how effectively our condition removes an unfair effect
for each individual. By contrast, with any δ′ value, the
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Figure 2: Feasible regions of our constraint (red) and
FIO (blue) with (δ, δ′) = (0.2, 0.1), (0.8, 0.4)

FIO constraint always accepts point (p̂A⇐0
θ , p̂

A⇐1‖π
θ )

= (0.5, 0.5), where it is completely uncertain whether
potential outcomes take the same value as detailed in
Appendix F. This implies that FIO predictions might
be unfair for some individuals, indicating that FIO
cannot ensure individual-level fairness.

4.5 Extension for Dealing with Latent
Confounders

So far, we have assumed that the marginal probabilities
of potential outcomes can be estimated from data. This
assumption, however, does not hold if there is a latent
confounder (Pearl, 2009), i.e., an unobserved variable
that is a parent of the observed variables in the causal
graph. Although this is possible in practice, inferring
marginal probabilities becomes much more challenging.

However, even in the presence of latent confounders,
our method can ensure individual-level fairness if the
lower and upper bounds on marginal probabilities are
available. For instance, the bounds of Miles et al.
(2017) can be used when there is only a single mediator
(i.e., a feature affected by sensitive feature A), and it
takes discrete values. In such cases, we can achieve
individual-level fairness by reformulating the penalty
function as follows.

Suppose that marginal probabilities P(YA⇐0 = 1) and
P(YA⇐1‖π = 1) are bounded by

l̂A⇐0
θ ≤ P(YA⇐0 = 1) ≤ ûA⇐0

θ ,

l̂
A⇐1‖π
θ ≤ P(YA⇐1‖π = 1) ≤ ûA⇐1‖π

θ ,

where l̂A⇐0
θ , ûA⇐0

θ , l̂
A⇐1‖π
θ , and û

A⇐1‖π
θ are the esti-

mated lower and upper bounds, which we describe in
Appendix G. Then for any marginal probability values,
the upper bound on PIU in (7) is always smaller than
twice the value of

Gθ(x 1, . . .xn)

= û
A⇐1‖π
θ (1− l̂A⇐0

θ ) + (1− l̂A⇐1‖π
θ )ûA⇐0

θ . (13)
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Table 2: Test accuracy (%) on each dataset

Method Synth German Adult

Proposed 80.0 ± 0.9 75.0 75.2
FIO 84.8 ± 0.6 78.0 81.2
PSCF 74.8 ± 1.6 76.0 73.4
Unconstrained 88.2 ± 0.9 81.0 83.2
Remove 76.9 ± 1.3 73.0 74.7

Therefore, by making this penalty function value nearly
zero, we can achieve individual-level fairness. We exper-
imentally confirmed that this framework makes fairer
predictions than the original one in Appendix I.5.

5 EXPERIMENTS

We compared our method (Proposed) with the follow-
ing four baselines: (1) FIO (Nabi and Shpitser, 2018),
(2) PSCF (Chiappa and Gillam, 2019), which aims
to achieve individual-level fairness by assuming that
the data are generated by additive noise models, (3)
Unconstrained, which does not use any constraints
or penalty terms related to fairness, and (4) Remove
(Kusner et al., 2017, Section S4), which removes unfair
effects simply by making predictions without input fea-
tures that correspond to the nodes on unfair pathways
π. As classifiers of Proposed, FIO, Unconstrained,
and Remove, we used a feed-forward neural network
that contains two linear layers with 100 and 50 hidden
neurons. Other settings are detailed in Appendix H.1.

Data and causal graphs: For a performance evalua-
tion, we used a synthetic dataset and two real-world
datasets: the German credit dataset and the Adult
dataset (Bache and Lichman, 2013). We sampled the
synthetic data from the SEM, whose formulation is
described in Appendix H.2.1. To define the unfair ef-
fect, we used the causal graph in Figure 1(b). With
the real-world datasets, we evaluated the performance
as follows. With the German dataset, we predicted
whether each loan applicant is risky (Y ) from their
features such as gender A and savings S . With the
Adult dataset, we predicted whether an annual income
exceeds $50,000 (Y ) from features such as gender A
and marital status M . To measure unfairness, follow-
ing (Chiappa and Gillam, 2019), we used the causal
graphs in Figure 3, which we detail in Appendix H.3.1.

Accuracy and fairness: We evaluated the test ac-
curacy and four statistics of the unfair effects: (i) the
mean unfair effect (6), (ii) the standard deviation in the
conditional mean unfair effects in (5), (iii) the upper
bound on PIU, and (iv) the PIU.

Table 2 and Figure 4 present the test accuracy and
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(a) (b)

Figure 3: Causal graphs for (a) German credit dataset
and (b) Adult dataset: Direct pathways with red solid
edges are unfair. Red dashed pathway A→ S → Y is
unfair in (a), and those that go through M (i.e., A →
M → · · · → Y ) are unfair in (b).
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Figure 4: Four statistics of unfair effects on test data:
The closer they are to zero, the fairer predictions are.
Error bars of synthetic data (Synth) denote standard de-
viations in 10 runs with randomly generated data. With
Remove, all statistics are zero (not shown). With
PSCF, (i) and (iii) are not well-defined as described in
Appendix H.2.3.

the four statistics of the unfair effects, respectively. In
synthetic data experiments, we computed the means
and the standard deviations based on 10 experiments
with randomly generated training and test data. Fig-
ure 4 does not display two statistics (ii) and (iv) for the
German and Adult datasets because computing them
requires SEMs, which are unavailable for these real-
world datasets. We do not show (i) or (iii) of PSCF
because these are not well-defined for this method (see
Appendix H.2.3 for details).

With Proposed, all the statistics of the unfair effects
were sufficiently close to zero, demonstrating that it
made fair predictions for all individuals. This is because
by imposing a penalty on the upper bound on PIU,
Proposed forced unfair effect values to be close to
zero for all individuals, guaranteeing that the other
statistics are close to zero.
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Figure 5: Test accuracy, mean unfair effect, and upper
bound on PIU of (a) Proposed (red) and (b) FIO
(blue) for Adult dataset when increasing penalty pa-
rameter value as λ = 0, 0.05, 0.10, · · · , 2.00.

By contrast, regarding FIO and PSCF, the unfair ef-
fect values were much larger. With FIO, although the
mean unfair effect (i.e., (i)) was close to zero, the other
statistics deviated from zero, indicating that constrain-
ing the mean unfair effect did not ensure individual-
level fairness. PSCF failed to reduce the value of
the standard deviation in the conditional mean unfair
effects (i.e., (ii)). This is because the data are not
generated from additive noise models (see Appendix
H.2.1 for the data), violating the functional assump-
tion of PSCF. Since the large values of (ii) imply that
unfair effects are greatly affected by the attributes
of input features X , these results indicate that FIO
and PSCF made unfair predictions based on these at-
tributes. With real-world datasets, FIO provided large
values of the upper bound on PIU (i.e., (iii)). These
upper bound values cast much doubt on whether the
predictions of FIO are fair for each individual, which
is problematic in practice.

The test accuracy of Proposed was lower than FIO,
higher than Remove, and comparable to PSCF. Since
FIO imposes a much weaker fairness constraint than
Proposed, Remove, and PSCF (i.e., the methods
designed for achieving individual-level fairness), it
achieved higher accuracy. By contrast, since Remove
eliminates all informative input features that are af-
fected by the sensitive feature to guarantee individual-
level fairness, it provided the lowest accuracy. The
comparison of Proposed and PSCF indicates that
although our method employs a more severe fairness
condition than PSCF, it barely sacrifices prediction
accuracy, demonstrating that it strikes a better balance
between individual-level fairness and accuracy.

Penalty parameter effects: Using the Adult dataset,
we further compared the performance of Proposed
with FIO using various penalty parameter values. Re-
garding unfair effects, we evaluated two statistics (i)
the mean unfair effect and (iii) the upper bound on PIU
since the others are unavailable with this real-world
dataset, as already described above.

Figure 5 presents the results. As the penalty param-
eter value increased, the test accuracy of Proposed
decreased more sharply than FIO since Proposed im-
posed a stronger fairness condition. However, with Pro-
posed, both (i) and (iii) dropped to nearly zero, while
only (i) decreased with FIO. This implies that while
it remains uncertain whether the predictions of FIO
are individually fair, the predictions of Proposed are
more reliable since it can successfully reduce the upper
bound on PIU (i.e., (iii)) and guarantee individual-level
fairness, which is helpful for practitioners.

Additional experimental results: To further
demonstrate the effectiveness of our method, we present
several additional experimental results in Appendix I.
Through our experiments, we show that our method
also worked well using other classifier than the neural
network (Appendix I.1), present the statistical signifi-
cance of the test accuracy (Appendix I.2), confirm that
both our method and PSCF achieved individual-level
fairness when the data satisfy the functional assump-
tions (Appendix I.3), demonstrate the tightness of our
upper bound on PIU (Appendix I.4), and evaluate the
performance of our extended framework for addressing
latent confounders (Appendix I.5).

6 RELATED WORK

Causality-based fairness: Motivated by recent de-
velopments in inferring causal graphs (Chikahara and
Fujino, 2018; Glymour et al., 2019), many causality-
based approaches to fairness have been proposed (Chi-
appa and Gillam, 2019; Kilbertus et al., 2017; Kus-
ner et al., 2017, 2019; Nabi and Shpitser, 2018; Nabi
et al., 2019; Russell et al., 2017; Salimi et al., 2019; Wu
et al., 2018, 2019a; Xu et al., 2019; Zhang et al., 2017;
Zhang and Wu, 2017; Zhang et al., 2018; Zhang and
Bareinboim, 2018a,b). However, few are designed for
making individually fair predictions due to the diffi-
culty of estimating the conditional mean unfair effect in
(5). Although path-specific counterfactual fairness (PC-
fairness) (Wu et al., 2019b) was proposed to estimate
its lower and upper bounds, it only addresses measuring
unfairness in data and not making fair predictions.

By contrast, we established a learning framework for
making individually fair predictions under much weaker
assumptions than the existing approaches.
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Bounding PIU: To learn an individually fair classifier,
our framework utilizes the upper bound on PIU in (7).
Compared with the existing bounds described below,
this upper bound has the following two advantages.

First, it can be used for binary potential outcomes. If
we consider continuous potential outcomes, we can use
several bounds on a functional of the joint distribution
of potential outcomes (Fan et al., 2017; Firpo and
Ridder, 2019) because PIU is also such a functional.
However, these existing bounds cannot be used in our
binary classification setting where PIU is formulated
based on binary potential outcomes.

Second, it is much tighter than the result in Rubinstein
and Singla (2017), which provides an upper bound on
an expectation of random variables whose joint distri-
bution is unavailable.3 Since PIU can be written as an
expectation (i.e., EYA⇐0,YA⇐1‖π [1(YA⇐0 6= YA⇐1‖π)]),
we can apply this result to PIU; however, the bound
becomes much looser than ours. Although the multi-
plicative constant in (7) is 2, this value becomes 200
with the bound of Rubinstein and Singla (2017). If we
use such a loose upper bound, we need to impose an ex-
cessively severe penalty on it to ensure that PIU is close
to zero. By contrast, using our upper bound, we can
avoid imposing such a severe penalty, thus preventing
an unnecessary decrease in prediction accuracy.

7 CONCLUSION

We proposed a learning framework for guaranteeing
individual-level fairness without impractical functional
assumptions. Based on the concept called path-specific
causal effects, we defined PIU and derived its upper
bound that can be estimated from data. By forcing
this upper bound value to be nearly zero, our proposed
method trains an individually fair classifier. We ex-
perimentally show that our method makes individually
fairer predictions than the existing methods at a slight
cost of accuracy, indicating that it strikes a better
balance between fairness and accuracy.
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