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Abstract

In this paper, we propose a novel fairness
framework grounded in the concept of hap-
piness, a measure of the utility each group
gains from decision outcomes. By capturing
fairness through this intuitive lens, we not
only offer a more human-centered approach,
but also one that is mathematically rigor-
ous: In order to compute the optimal, fair
post-processing strategy, only a linear pro-
gram needs to be solved. This makes our
method both efficient and scalable with exist-
ing optimization tools. Furthermore, it uni-
fies and extends several well-known fairness
definitions, and our empirical results high-
light its practical strengths across diverse sce-
narios.

1 INTRODUCTION

In classification problems where the considered dataset
can be naturally divided into several groups, such as
by a specific attribute, it is often desirable for the clas-
sifier to treat each group “equally”. However, unfair
results are often observed and may arise from a vari-
ety of sources, such as imbalances in the training set,
biases introduced during the learning process, or ex-
isting biases in the training data itself. These unfair
outcomes typically mean that groups are not treated
equally, receiving systematically better or worse out-
comes compared to others.

Many techniques have been developed to enhance fair-
ness in Machine Learning (ML) systems, e.g., (Hardt
et all [2016; [Jiang et al.l [2022; [Agarwal et al. 2018}
Caton and Haas, 2024; |Gohar and Cheng} 2023).
These methods can be applied at different stages of
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the ML pipeline: pre-processing techniques adjust
the training data before learning begins, in-processing
methods guide the training to promote fair outcomes,
and post-processing approaches modify the model’s
outputs to reduce unfairness after training is complete.
In the latter case, the output of a soft-classifier is post-
processed, ensuring fair classification in the process,
typically at the expense of the overall accuracy.

Popular post-processing techniques aim to equalize
statistical measures involving only labels and group
membership Berk et al.| (2021); Bharti et al| (2023);
Hardt et al| (2016)); |Jiang et al| (2022)); Tang and
Zhang (2022)). In doing so, fairness is often framed
through the lens of group-wise performance metrics
(e.g., accuracy, false positive rates, or precision) val-
uated separately for each demographic. When these
metrics are aligned across groups, the model is con-
sidered fair. However, this performance-centric per-
spective, while intuitive, can obscure deeper forms of
unfairness particularly when the training data already
embeds historical or structural biases. By focusing
solely on output parity, these approaches risk mask-
ing disparities in how different groups experience the
outcomes, leading to fairness definitions that are tech-
nically satisfied but practically insufficient. Our work
challenges this narrow perspective and proposes an al-
ternative one that captures the utility derived by each
group, offering a richer and potentially more just no-
tion of fairness.

To illustrate the limitations of current fairness metrics,
consider a ML system designed to determine whether
to grant a loan to an individual. The input X includes
features such as the borrower’s profile and the amount
of credit requested, and the output Y is a binary de-
cision indicating loan approval or rejection. Now sup-
pose we have two demographic groups, Group 0 (Gp)
and Group 1 (Gy), that are identical in all features
except that, on average, individuals from Gg request
twice as much credit as those from Gi. A classifier
that approves loans at the same rate for both groups,
thus appearing fair under standard group-based met-
rics, would in fact result in an unequal allocation of
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resources: group (G; would receive significantly less
total credit than group Gy, despite the groups be-
ing otherwise indistinguishable. This outcome is intu-
itively unfair, but standard fairness definitions based
on performance metrics (e.g., Equalized Odds or demo-
graphic parity) would fail to capture it, since they only
consider prediction correctness or distribution, not the
magnitude or utility of the outcome. Moreover, if this
imbalance is already embedded in the training data,
the classifier may simply learn to replicate it, and fair-
ness constraints applied post hoc will not rectify the
core issue.

1.1 Contributions

e We introduce the concept of happiness as a tool
reflecting how satisfied an individual is with the
output of a classifier. Fairness can then be mea-
sured by how evenly happiness is allocated be-
tween groups—where perfect equality in allocation
corresponds to equal happiness across groups (cf.
Section , e.g. the loan amount in the example
above.

e We apply our definition to find the optimal post-
processing strategy, resulting in a linear program
which can be solved efficiently (cf. Section [3).

e Importantly, we show how this definition encom-
passes other popular definitions of fairness as spe-
cial cases (cf. Section [4)).

e We provide numerical experiments showcas-
ing the wutility of this approach (cf. Sec-
tion . The code to reproduce our results
is available at https://github.com/g-pichler/
HappinessAsAMeasureOfFairness.

1.2 Related Work

The problem of data bias and its impact on the fair-
ness of ML models is well documented in the literature
Barocas et al.| (2023); |Cerrato et al.| (2024)). Over the
years, alongside the development of dedicated datasets
for fairness evaluation Le Quy et al| (2022), several
notions of fairness have been proposed, as well as al-
gorithms to mitigate bias in ML models.

Fairness notions in Machine Learning

Different definitions of fairness, often based on spe-
cific metrics, have been proposed in the literature.
Among the most prominent are Overall Accuracy
Equality Berk et al| (2021), Equalized Odds Hardt
et al| (2016); Bharti et al| (2023); [Tang and Zhang
(2022), Equal Opportunity [Hardt et al, (2016), De-
mographic Parity |Jiang et al| (2022), and Statistical

—

Parity Dwork et al.| (2012)), to name a few. These fair-
ness criteria guide prediction correction by balancing
the distribution of predicted labels with respect to the
sensitive attributes which characterize different groups
[Verma and Rubin| (2018).

A variety of extensions have been proposed to general-
ize these definitions to multi-class problems
let al| (2022); [Liu et al. (2023); Rouzot et al| (2023),
multi-group settings Dwork et al.| (2023)), and even re-
gression tasks Taturyan et al| (2024). Other lines of
work have explored entirely different directions, such
as leveraging the theory of calibration Pleiss et al.
(2017), applying tools from optimal transport |Gordal-
liza et al.| (2019); Silvia et al|(2020)); Buyl and De Bie
2022)); Wang et al| (2023), or using cryptographic
primitives Yadav et al. (2024). Perhaps more aligned
with the work presented in this paper, [Agarwal et al.
(2018)); [Liu et al| (2023)); Woodworth et al.| (2017)); [Liu
et al.| (2019)); Kim et al.| (2018)); Perdomo et al.| (2020));
Zafar et al.| (2019) offer various attempts at establish-
ing a unified framework to obtain and or evaluate fair-
ness. However, a key distinction lies in the fact that
none of these approaches are equipped to incorporate a
general notion of happiness, which introduced in this
work. As a result, they are not well-suited for set-
tings where capturing individual and then by exten-
sion group-level utility is essential.

Algorithms to mitigate bias in ML models

Three main categories of approaches have been pro-
posed to mitigate bias in ML models: (i) pre-
processing approaches, which aim to modify the train-
ing data to reduce or eliminate bias; (ii) in-processing
approaches, which seek to adjust the learning algo-
rithm itself to address biases caused by dominant fea-
tures or other distributional effects; and (iii) post-
processing approaches, which apply transformations to
the model’s output to enhance fairness in predictions
(Gohar and Cheng, [2023; [Mehrabi et al., 2021} |Fabris|
et al} [2022; |Caton and Haas, [2024).

Post-processing methods are popular in the literature
due to their flexibility: they do not explicitly mod-
ify the underlying model and therefore do not re-
quire access to the training algorithms or the models
themselves. They are also valued for their lightweight
nature, as they only require access to the model’s
predictions and sensitive attribute information. Fur-
thermore, their ease of use makes them appealing
in scenarios where modifying the data or the model
may have legal implications or compromise their in-
terpretability.

More closely aligned with our framework are the works
of [Liu et al| (2018); Weber et al.| (2022), which in-
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troduce the notion of delayed impact and long-term
fairness effects. These approaches are orthogonal to
ours, as they examine how conventional fairness con-
straints on decision policies affect long-term outcomes.
To this end, repeated classification is considered where
the classifier optimizes a utility function tied to insti-
tutional gain, such as loan repayment probability for a
bank or loan office. In these settings, fairness impacts
emerge through changes in external variables rather
than the label itself. A complementary perspective
is offered in [Kasy and Abebe, (2021]), where fairness
constraints are modeled as institutional costs, partic-
ularly when treatment of a subpopulation is boosted
to ensure merit-based recognition. This can introduce
new disparities, whose impact can be characterized by
influence functions, which are not captured by stan-
dard fairness metrics. These works require a definition
quantifying how well a group performs at each point
in time. Commonly, average credit score, when deal-
ing with loan approval, or educational success metrics,
when using admissions data, are used. This is akin to
the definition of “happiness” introduced in this work.
While our work does not include temporal modeling,
in essence we propose to directly use the relevant met-
ric when defining the fairness of a classifier. This is
also mentioned in (Liu et al. 2018] Sec. 4.3), but not
expanded upon.

Thus, our framework introduces a general class of
fairness constraints that subsume common definitions,
while even enabling the optimization of long-term ef-
fects, within a setting where classification accuracy re-
mains the core objective, relevant to both model de-
velopers and end users.

2 HAPPINESS AS A CRITERION
FOR EVALUATING FAIRNESS

While the scenario discussed in Section involv-
ing two identical groups where unfair behavior arises
from biased training data, is intentionally contrived, it
showcases the need for a framework to address the is-
sue of disparate resource allocation. In this paper, we
focus on a post-processing strategy that can be applied
to any soft classifier, resulting in a fair classification.
Our method naturally allows for a trade-off between
accuracy and fairness. In the following, we will provide
a brief outline of our method and its advantages.

Owing to the fact that performance metrics alone can
be insufficient for determining fairness, for the first
time, we take a more general approach and define a
happiness function m, which, in general, takes all fea-
tures, the group index characterized by the sensitive
feature(s), the ground truth as well as the (hard) clas-
sifier output label as inputs. It produces a real number

as output, which quantifies the happiness of an indi-
vidual with the classifier output. If — on average — the
happiness of individuals in the two groups are close,
a classifier is considered fair. Note that the happiness
can really be an arbitrary function of all features, and
7 is only required to output a real number.

The choice of the happiness function must be tailored
to the specific problem setting and the intended use
of the classifier. Notably, the same classifier may re-
quire distinct happiness formulations depending on its
application context. For example, consider a classifier
trained to estimate (or quantize) individual income.
The perceived utility (or happiness) associated with a
given prediction would naturally differ depending on
whether the system is employed for assessing credit
risk or determining taxation. This highlights the im-
portance of aligning the happiness function with the
operational goals and stakeholder perspectives inher-
ent to each use case.

2.1 Proposed Framework

We restrict ourselves to linear, group-dependent post-
processing of soft classifiers. Thus, our post-processing
step can be described by a conditional probability dis-
tribution on the finite label space for each group.

The resulting trade-off between classification accu-
racy and fairness naturally yields a linear optimization
problem: the accuracy of the classification is a linear
function of these conditional distributions. The ex-
pected happiness (conditioned on the group) is also
a linear function of the conditional post-processing
probability distributions. This holds for arbitrary
happiness functions. Thus, finding the optimal post-
processing rule is equivalent to solving a linear pro-
gram. Our method is introduced in detail in Section [3]

It was already pointed out in |Agarwal et al. (2018)
that many criteria for fairness can be phrased as lin-
ear constraints. We can use this fact and recover these
fairness notions using a happiness function if we allow
vector-valued 1. This does not create any complica-
tions in the optimization procedure, as it merely in-
troduces additional linear constraints. In Section [4]
we formally show, how 1 has to be chosen to recover
“Statistical parity”, “Overall accuracy” and “Equal-
ized odds” from our definitions, showcasing the flexi-
bility and generality of the proposed framework.

A major advantage of defining fairness in terms of
equal happiness of all groups, is that it can be tailored
towards the particular application of the classification
system. It also allows for additional features beyond
the classification result and ground-truth to be used
in the computation of happiness. In case of a system
designed for credit approval, e.g., the size of the loan
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can also be considered in addition to the binary deci-
sion of whether to approve the loan. Yet, our method
retains the advantageous property that the computa-
tional problem is still a linear program.

Although our methods can be readily extended to ac-
commodate more than two groups introducing addi-
tional constraints, such an extension is not pursued in
the present work in the interest of brevity and clarity.

2.2 Illustrative Example

To motivate our method, we provide an example, com-
paring it to other methods of post-processing with dif-
ferent fairness metrics.
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Figure 1: Our post-processing method (Equal Fund-
ing) guarantees any target accuracy level (up to 83.3%)
while minimizing funding disparities between groups.
Notably, it achieves perfect fairness, i.e., zero differ-
ence in loan allocations between GGy and G with less
than a one percentage point loss in accuracy w.r.t. the
baseline unfair classifier.

In this example, an ML system is tasked with approv-
ing (or denying) a loan. We use a completely syn-
thetic dataset inspired by ADULT (Becker and Ko-
havi, [1996)), divided in two groups, namely Gy and
Gp. All features are independently generated. The
annual income is drawn from the Gaussian distribu-
tion (u,0?) with mean py = $50,000 and standard
deviation o9 = $1,000. The base loan amount is an in-
dependently drawn Gaussian with standard deviation
$10,000, and mean p; = $500,000. A loan is granted
if the loan amount is less or equal than 10 times the
annual income. Thus, a loan is granted with a prob-
ability of 0.5. However, Gy requests the base loan
amount, while for G, $50,000 are added to the loan,
while the probability of approval remains the same.
This results in the allocation of additional funds to G
in the training data.

Subsequently, we train a random forest classifier on
this linear classification problem, achieving an ex-

pected soft accuracy of 0.97 on the training set and
0.833 on the test set. Given any accuracy a < 0.833,
a post-processing strategy is applied to the classifier,
that, while guaranteeing accuracy o maximizes fair-
ness. E.g., in the case of Overall Accuracy [Berk et al.
(2021)) this procedure minimizes the absolute differ-
ence between the accuracy on the two groups, while
maximizing overall accuracy. For each value a we
then compute the resulting difference in funding al-
located to the two groups on average, when this post-
processing step is applied. The plot in Figure [I] shows
the difference in loan amount as a function of accuracy
a.

Note that our method, dubbed “Equal funding” for
this specific application, allows us to directly constrain
the difference in funding while maintaining high accu-
racy. It is noteworthy that the other three methods,
in this case, never achieve a meaningful reduction of
the difference between the two groups. At best, in the
case of Overall Accuracy, the difference remains un-
changed, while optimization for Equalized Odds and
Statistical Parity even increase the imbalance between
the groups.

In the context of Figure [T} it is worth to point out,
that the Equalized Odds predictor as defined in [Hardt
et al.[ (2016) corresponds to a single point : it is the
left-most point of the “Equalized Odds” line, where
equal odds for both groups correspond to about 0.795
accuracy and a funding gap of $25,384.

3 MAIN DEFINITIONS AND
THEORETICAL RESULTS

We consider a standard classification problem, where
X € X = R4 is the (random) feature vector, Y € Y is
the label in a finite space ), and in addition, we use
Z € {0,1} to denote the group characterized by the
sensitive feature(s).

A soft classifier is a function of Y(X), taking the
features X as input and producing a probability distri-
bution on the labels ) as its output. We can interpret
such a classifier as a random variable Y which depends
on (Y, Z) only through X, ie., (Y,Z) — X — Y form
a Markov chain. This reflects the fact that in general,
the classifier does not have access to Y and Z directly.
We interpret ¥ as a (random) estimator, estimating
Y from X. Performance of the estimator is judged
by a loss function. For simplicity, we will use the
probability of incorrect classification:

(V.¥)=PY £V} =EQ{Y £#7). (1)

However, the results of this paper also hold for other
loss functions.
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Given an individual in group z with features x and true
label y, we seek to quantify how happy they are with
a classification results g. This notion is captured by a
happiness function n: Y x X x Y x Z — R", where
n € N, which gives the happiness score n(g,z,y, 2).
When n > 1, happiness is simply measured by multiple
scalar happiness functions simultaneously.

Given a trained estimator )A’, we want to per-
form demography-dependent post-processing, increas-
ing the fairness of the estimator, while maintaining
high accuracy. This can be achieve by another soft
classifier Y, which is given (Y, Z), the (random) out-
put of the original estimator and the group index. The
soft classifier Y produces another probability distri-
bution at its output. Thus, ¥ can be interpreted as
another random variable, which depends on all other
random variables only through Y and Z, i.e., it is
demography-dependent and we have the Markov chain
(X,Y) — (Y,Z) — Y. This leads to the following fac-
torization of the complete probability distribution:

Pxyzyv(2,9,2,9:9) = pxvz(2,9, 2)Py xy 2 (917, Y, 2)
'pf/‘YXYZ(ghgaxayaz) (2)
:pXYZ(xayaZ)pY‘X(:‘}|x)p}7|Y7Z(g|gaz) (3)

To complete the problem setup, we need to define fair-
ness in terms of happiness and specify the trade-off
between fairness and accuracy resulting from that def-
inition. We say that a classifier is e-fair if the av-
erage happiness of individuals in Gy and G are no
more than ¢ apart. This results in a trade-off between
fairness and accuracy, where we are interested in mini-
mizing the loss £(Y,Y) among all e-fair classifiers Y for
some fixed € > 0. This is formalized in the following
definition.

Definition 1. For a happiness function n and € > 0,
an estimator Y is e-fair if

¢(n,Y) == [E[n(Y,X,Y,Z)|Z = (]
_E[n(Yavav Z)|Z = 1” <g, (4)

where an inequality such as is to be understood
as component—wisrﬂ when relating vector-valued quan-
tities.

For a happiness function i1 and a soft classifier Y, a
pair (e, L) is achievable if there exists a demographic-
dependent post-processing, i.e., an estimator Y satis-
fymg which is e-fair and satisfies ((Y, 17) <L.

Fortunately, though n may depend on arbitrary fea-
tures, the resulting problem is still a linear program.

For a vector a = (a1,a2,...a,) and a scalar b, we use
the notation a < b for component-wise inequality a; < b
forallie {1,...,n}.

In practical applications the happiness function should
be chosen in such a way that it measures the satisfac-
tion of an individual with the decision made by the
model in the best possible way. Examples are included
in Section

Theorem 1. For a fizred € > 0 we can find the mini-
mum L, such that (e, L) is achievable by solving

min ¢(Y,Y) (5)
Py|vz
st ¢(n,Y) <e. (6)

This is a linear programming problem.

The proof and further discussion of this result can be
found in Appendix [A]

In practice, however, the joint distribution of (X,Y, Z)
will not be available. Thus, we need to replace the
expectations by empirical averages. However, this will
be reasonably accurate, even with modest training set
sizes, as only the expected value of 2(n+1)|)|? random
variables needs to be approximated. Note that n is
the dimension of the happiness function 7. Details are
given in Appendix in particular Lemma

In line with prior literature, we aim to optimize the
trade-off between classification accuracy and equal-
ity, i.e., parity of our generalized fairness metric, be-
tween the two groups of interest. The constraint intro-
duced in and applied in @ bounds the difference
between the two expectations and consequently en-
sures (approximately) equal happiness across the two
groups, simultaneously creating tension with the ob-
jective of minimal loss in Notably, an alternative
approach bounding both expected values individually
from below, thus guaranteeing a minimum happiness
level for both groups, is also possible. In fact, the
resulting minimization problem remains a linear pro-
gram and could be solved using the same techniques.
However, this could lead to solutions where one group’s
happiness level is much higher than the other’s, and,
consequently, it is not pursued in this work.

4 RECOVERING OTHER
FAIRNESS CRITERIA

In this section, we show that many previously es-
tablished criteria of fairness can be recovered using
the setup presented in Section We will showcase
this using “Statistical Parity”, “Overall Accuracy” and
“Equalized Odds”. We take advantage of the fact that
these definitions can be phrased as linear constraints,
which was already observed in a different context in
Agarwal et al.| (2018]).

The definitions are taken from |Rouzot et al.| (2023|
Table II). While the original definitions ask for exact
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equality, we will include ¢ > 0. Thus, the original
definitions from Rouzot et al.| (2023, Table II) can be
recovered by setting e = 0 in what follows.

Definition 2 (Statistical Parity). A classifier Y has
e Statistical Parity (or demographic parity) if

P312(10) = py (1) < e (7)

Lemma 1. A classifier Y has € Statistical Parity if
and only if it is e-fair w.r.t. the n = |)| dimensional

happiness function n(y, 7, z) = (L15(9))gey-

Proof. Substituting the given happiness function 7 in
Y is e-fair if for all § € ) we have

[E[1;(Y)|Z =0] —E[15(V)|Z =1]| <&, (8)
which is equivalent to O

Definition 3 (Overall Accuracy). A classifier Y has
¢ equal Overall Accuracy if

|P(Y =Y|Z=0)-P(Y =Y|Z=1)|<e. (9)

Lemma 2. A classifier Y has ¢ equal Overall Accu-
racy if and only if it is e-fair w.r.t. the n = 1 dimen-
sional happiness function n(y, 9,z) = 1y(y).

Proof. The result follows from substituting the given
happiness function in O

Definition 4 (Equalized Odds). A classifier Y has e
Equalized Odds if for all y € Y,

P31 2y (10,9) = Py 2y (L, 9)| < e (10)

Lemma 3. A classifier Y has ¢ Equalized Odds if and
only if it is e-fair w.r.t. the n = |Y|? dimensional hap-

piness function n(y,§,z) = (%)(yl ey’

Proof. Note that

E[L, 3(Y,Y)|Z = 7]
py|z(Y']2)

Eln, ;(Y,Y,2)|Z = 2] = (11)

pi/y|z@vyl|z) 1
= ————— =pyyz(UlV, 2), (12)

pyiz(Y'|2) vz

where it is understood that ny,’g(Y,Y,z) is an |Y|?-
dimensional, vector-valued happiness function indexed
by (v', ) € V2. Thus, substituting the given happiness
function in is equivalent to|(10)|for all y € Y. O

5 DEMONSTRATIVE CASE
STUDIES

In this section we report three studies which show-
case the application of the proposed post-processing
framework using the synthetic dataset mentioned
in Section the Adult dataset Becker and Ko-
havi (1996), and the Financial Risk for Loan
Approval dataset (Zoppelletto, [2024]), respectively.
All our experiments in this section follow the same
procedure, which we will describe in the following.

Dataset and Baseline Classifier. All datasets
contain a total of 48,842 samples. Given a dataset with
features X, labels Y, and group labels Z, we split the
dataset using a fixed random seed into training, vali-
dation, and test sets, containing 20%, 16%, and 64%
of the data, respectively. We then train a simple ran-
dom forest baseline classifier Y on the training data
with accuracy 1 — (Y, Y).

Outline of Experiments. We define a custom hap-
piness function 1 and solve the linear program for
different values € > 0. For each &, we thereby obtain
a e-fair classifier Y with accuracy A(e) = 1 — £(Y,Y).
Note that A(e) is monotonically increasing, thus e(A)
exists. For comparison, we also post-process Y using
“Statistical Parity”, “Overall Accuracy” and “Equal-
ized Odds”. This can be achieved within our frame-
work, but repeating the same process, replacing 1 with
a happiness function 7’ for the corresponding method
introduced in Section ] Each method yields a family
of post-processed classifiers Y, for ¢/ > 0. We report
the difference in happiness £(A’) = ¢(n,Y’) between
the two groups measured by n, as a function of accu-
racy A’ =1 —£(Y,Y"), where £(-,-) is defined in

For all classifiers, we perform the minimization by
using the validation set for the empirical approxima-
tion of the expectation operator, as outlined in Ap-
pendix The values €(A), i.e., the happiness gap
as a function of accuracy, is subsequently computed
using the test and validation sets. Statistical robust-
ness is evidenced by the fact that the results for the
test and validation set are close.

Computational Resources. FEach experiment was
performed in less than three minutes on a AMD Ryzen
7 5700X without GPU support. The memory required
was less than 1 GB. This includes dataset generation
and training of the random forest classifier.

5.1 Case Study with Synthetic Data

In this section, we provide a detailed explanation of
the experiment introduced in Section 2.2]
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We apply our method to a synthetic dataset, inspired
by the Adult dataset [Becker and Kohavi (1996). All
data in this dataset is randomly drawn. For the col-
umn Z = Xy, which we use as group label, we keep
the original imbalance of about 1/3 female and 2/3
male from Adult. Values for the following features
are drawn uniformly, independently at random: X,ge,
Xhours,per,week7 Xeducatiom Xworkclass and Xrace- These
features are completely independent of the classifica-
tion task. They merely ensure that the linear classifi-
cation problem introduced next is not learned perfectly
by the baseline classifier.

Values for a new feature Xyeariy salary are normally
distributed with mean po = $50,000 and standard de-
viation oy = $1,000. The base loan amount U is an in-
dependently drawn Gaussian with standard deviation
$10,000, and mean p; = $500,000. A loan is granted
if the base loan amount is less or equal than 10 times
the annual income, ie., ¥ = 1{10 - Xyear1y satary >
U}. Thus, a loan is granted with a probability of
0.5. However, while male applicants request the base
loan amount Xioan requestea = U, for female appli-
cants, $50,000 are added to the loan, Xoan requested =
U + $50,000. The decision of acceptance is based on
the base loan amount U, skewing the approval and
resulting in the allocation additional funds to female
applicants. This bias is already present in the training
data.

Our baseline classifier is a simple random forest model
trained on the training set, achieving approximately
82% accuracy on the test set.

The considered happiness function, based on the pre-
diction and the requested loan, is defined as

’I’](Y, X, Y, Z) = Y : Xloan,requesteda

where happiness is set to zero for rejected loan requests
and to the loan amount for approved ones. Although
simplistic, this example effectively illustrates the flexi-
bility of our proposed framework. It demonstrates that
ensuring equalized false and true positive rates across
groups does not necessarily guarantee fairness in the
allocation of resources.

In Figure[1} we observe optimizing for any of “Statisti-
cal Parity”, “Overall Accuracy” and “Equalized Odds”
does not improve fairness in terms of allocated fund-
ing measured by 7. Indeed “Statistical Parity” and
“Kqualized Odds” even amplify the bias in the train-
ing data, leading to an even larger difference after post-
processing. All methods maintain reasonable classifi-
cation performance, but only directly minimizing the
difference in funding allows for a reduction of the im-
balances in monetary allocation across groups. Note
that this is possible while sacrificing less than one per-

centage point in accuracy. Figure (1| shows the test set
results; the validation set plots are in Appendix

5.2 Case Study with Adult Data

In this case study, we focus on the Adult dataset
(Becker and Kohavi, [1996). While we retain the stan-
dard classification task of predicting whether an indi-
vidual’s income exceeds $50,000, i.e., the hard decision
is 1 if the predicted income is at least $50,000 and 0
otherwise. We expand the analysis to incorporate a
broader perspective on individual well-being.

Specifically, we use our framework to highlight that an
individual who earns at least $50,000 without working
excessive hours may experience greater happiness. We
posit that holding a job that yields higher income for
fewer hours per week contributes positively to over-
all well-being, as the saved time can be reallocated
to additional income-generating activities or personal
pursuits.

To formalize this intuition, we define a happiness func-
tion as n(?, X,Y,Z)=100- Y — Xnours_per_week, Where
Y is the predicted label, and the feature Xpours_per_week;
indicating the number of hours an individual works
each week has support is Xours per.weex = { € Z | 1 <
x < 99}. This function captures the idea that achiev-
ing a high income with fewer working hours leads to
increased happiness.

Consistent with the observations reported in Sec-
tion Figure 2] illustrates that our post-processing
method achieves the most favorable trade-off between
accuracy and happiness when the decision-making pro-
cess accounts for the average number of working hours
across different demographic groups. While the sce-
nario depicted is simplified, it is representative of
practical settings where one may wish to deploy our
method to promote equitable working conditions for
different groups. For instance, it could be applied to
foster a work environment in which no group is dispro-
portionately required to work overtime in order to re-
ceive comparable benefits, here represented by earning
a salary above or below $50,000. More broadly, our ap-
proach may be viewed as a scalable tool for addressing
structural disparities in the workplace, with potential
to mitigate issues such as high employee turnover.

Interestingly, while the “Statistical Parity” baseline
achieves similar performance to our method in this
particular case, it does not explicitly optimize for hap-
piness. This limitation is reflected in the behavior of
the growth function: the disparity in happiness be-
tween the two groups increases at both ends of the
accuracy spectrum, with a localized point where the
difference is negligible. Figure 2] further showcases
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Figure 3: Experiment on Financial Risk for Loan Approval dataset.

how our proposed solution achieves minimal £(A4) on
the validation dataset, in stark contrast with “Statis-
tical Parity” and the other criteria.

5.3 Case Study with Financial Risk for Loan
Approval Data

The Financial Risk for Loan Approval dataset
(Zoppelletto, [2024) is used in classification tasks aimed
at identifying individuals who pose a low risk of de-
faulting on a mortgage. Unlike Adult, this dataset
includes more detailed information about the appli-
cant’s financial and employment status, factors com-
monly used by financial institutions when evaluating
loan applications. These include, among others, em-
ployment or unemployment status, duration in that
status, credit score, and the stated reason for request-
ing a loan.

Beyond risk assessment, such indicators can also be
leveraged to model a user’s perceived utility or hap-
piness as a tradeoff between securing a mortgage and
managing the repayment burden under the constraints

of their economic situation as understood by finan-
cial institutions. In particular, we define a happiness
function that models the potential impact of loan ap-
proval decisions on an individual’s well-being, under
the assumption that a loan can lead to long-term finan-
cial gains (e.g., home ownership, business investment),
but also comes with repayment obligations (i.e., future
costs due to interest).

We define the happiness function as n(Y, X, Y, Z) =
Y . (Xloanlequested -R(X) — C’(X))7 where C(X) =
Xloan,requested . p(Xcredit,score) : Xduration is the total
interest cost; p(Xcredit_score) 1S the interest rate de-
termined by the credit score using the step function
reported in Appendix R(X) is the estimated re-
turn on investment as defined in Appendix

The function outputs zero if the loan is not approved
(Y = 0). This utility-based formulation captures both
the benefit of approval and the financial burden of re-
payment, enabling evaluations beyond predictive ac-

curacy.

Figure [3] reports the trade-off between the accuracy
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of the classifier and the happiness function defined
above. In particular, similarly to the case shown in
Section our proposed solution achieves higher ac-
curacy among all the criteria for minimal £(A4) (cf.
Figure . As previously disclosed, this is slightly
different for the test data (cf. Figure [3a), where the
optimal value for £(A) is not achieved by any criterion,
though ours achieves the best accuracy overall when
e(A) approaches 0.

6 SUMMARY AND CONCLUDING
REMARKS

We have introduced a novel post-processing criterion
for fairness in ML, through the lens of happiness, a
measure of group satisfaction with a classifier’s output.
The proposed post-processing strategy is formulated
as a linear program and thus, it allows for efficient
computation while begin general enough to encompass
many existing fairness criteria as particular instances.

Finally, we demonstrated the practicality of our ap-
proach through a series of case studies. Importantly,
our method is readily extensible to fairness across mul-
tiple groups by incorporating additional constraints
into the problem formulation.

This represents a novel perspective on the challenge of
ensuring equal treatment of diverse populations, ac-
counting not only for the classifier’s output, but also
for how this output translates into individual happi-
ness. For example, this applies to scenarios involving
the allocation of resources across groups, highlighting
just one facet of the broader impact our framework
can have in promoting equitable outcomes.

Limitations

Our framework, in line with comparable criteria, fo-
cuses on group-level fairness and does not account for
individual happiness, which means that the interests of
outliers or individuals whose preferences significantly
diverge from the group may be overlooked.

Additionally, the derivation of our algorithm relies cru-
cially on two assumptions: that the label space is finite
and that the classifier outputs a soft prediction, i.e., a
probability distribution over the label space. As a re-
sult, the current formulation is not directly applicable
to regression problems or settings where predictions
are continuous rather than categorical.
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perparameters, how they were chosen).
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the random seed after running experiments
multiple times).

Not Applicable. Our setup consists of solv-
ing a linear program, which is deterministic.
A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider).

Yes. See the paragraph on “Computational
Resources” in Section Bl

4. TIf you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a)

(b)

Citations of the creator If your work uses ex-
isting assets.
Yes.

The license information of the assets, if ap-
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A PROOF AND DISCUSSION OF THEOREM (1]

Theorem 1. For a fized ¢ > 0 we can find the minimum L, such that (e, L) is achievable by solving

min £(Y,Y) (5)
Py vz
s.t. ¢(n,Y) <e. (6)

This is a linear programming problem.

Proof of Theorem[1l The constraint ensures that Y is e-fair, while maximizing the accuracy of Y. It remains to
show that the optimization problem [(5)|is a linear program.

First, we argue that £(Y,Y) is an affine function of Py |y 7> 88

UY,Y)=P{Y £Y}=1—-P{Y =Y} (13)
=1- Z pYYZ(g’ Y, Z)Pmyz(y@a z), (14)

where we used The implicit constraints, ensuring that Py vz is a valid probability mass function can be
written as linear Tnequalities.

Finally, we can complete the proof by showing that E[n(Y, X,Y, Z )\Z = 2] can be written as a linear function

Eln(Y,X,Y,Z)|Z = 2] = Zg (39, %), (15)

where the coefficients are given by &€(9, 9, 2) = pY‘Z(gﬂz) E[n(@, XY, z)|Y =9,Z = z}, which yields

Z£ y‘yv Zpy‘z y| (gva Ya Z) Y = /ga Z = Z]pqufz(g'ng) (16>
= Z E[n(g,X,Y,2)|[Y = §,Z = z]pgy (5, 9]2) (17)
:]E[E[n(ﬁX,Y,z)yf/,Z:z]‘zzz} (18)
=E[n(Y,X.Y,2)|Z = z]. (19)

O

A.1 Empirical Approximation

When replacing expectation with empirical expectation in Theorem [1} an accurate result can be obtained if the
loss function £(Y,Y) as well as &£(7, 9, z) can be well approximated.
We use empirical approximations of pyy., (4,4, 2) as well as £(7, 9, z) defined as

Doy (69, 2) ::|%| S (), (20)

(z',y' ,py,2')ED

EG.07) = Y (g

(z,y,py,2")ED

(21)
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where D is a validation dataset and 1 denotes the indicator function. If the approximations are tight, a bound
on the solution of can readily be obtained.

Lemma 4. Let L(e) be the solution of and L(e) the solution when substituting with and |(21), Assume
that [Py 7 (9, Y, 2) =Py 79, Y, 2)| < 0 and |€(3,9,2) —&(5, 7, 2)| < 6 for all §,§,y,z. Then, L(c) < L(e—20)+0.

Proof. Let py|y, achieve L(e — 26). By the assumption, substituting p and £ in [(14)[ and [(15)| results in an
error of at most 4, thus yielding ¢(Y,Y) < L(e — 26) +  and

E[n(Y,X,Y,Z)|Z =0 -En(Y,X,Y,Z)|Z=1]| <e. (22)
O

Noting that E[pyy (7, ¥, 2)] = pyy 5 (9, Y, 2) and E[£(7, 7, 2)] = £€(§,7, z), there are a total of 2(1+n)|Y|? random
variables, which are required to be within § of their respective expected value for the conditions of Lemma [ to
be satisfied. Note in particular, that this only depends on the size of the label space, not on the feature spaces.
For known &, a concentration result can be used to obtain bounds for the necessary size of the validation set to
guarantee adequate approximation with high probability:

Lemma 5. Let v,6 > 0 and assume A <n < B with 1 < C := B — A. Furthermore, let the validation set D
contain at least D samples from each group. Then, if
C?  4n+ 1Y

D> —1 23
2 557 108 S : (23)
with probability at least 1 — ~y, we have that the assumptions of Lemma |4 are satisfied, i.e., Py ,(9,y,2) —

prz(:l)7y,z)| S 6 and ‘é(gv?az) - 5(:&’?72)‘ S 5 fO’f' all ga?)vyaz-

Proof. For each §,y,z € ¥? x {0,1} let 58 be the event that |pyy (7, Y, 2) — Pyy (U, ¥, 2)| > 6. Similarly, let

Y,z

5;3,;)7,2 be the event that |éi(§/,gj, 2) —&,(7,9,2)| > 6 for all §,7,z,i € Y? x {0,1} x {1,...,n}. Using Hoeffding’s
inequality we obtain
. 252D _
P{Sg,g7z}é2€xp<—m> ZE{l,...,n}
262D
P{g), .} < 2exp (—40°D) < 2exp ( —~ 02)

Thus, bounding the probability of the union,
i 262D
P{ LJ %MJ}SZUL%DDV2mp< 02)

yeYV,y' €Y, ze Z,i€{0,...,n}
262D
24(n+1)|y|2exp(— )

C2?
and the desired bounds hold with probability at least 1 — v if [(23)| holds. O

Note that the boundyields achievable quantities in typical situations. E.g., for any of the criteria in Section
and a binary classification problem, we can take C' = 1 and n = |Y| = 2. If we require an accuracy of § = 0.02
with a probability of at least 1 — v = 0.99, the bound requires D > 10,596, which is satisfied in the
experiments in Section [f]

B CASE STUDY DETAILS

B.1 Case Study with Synthetic Data

Figure [4 shows the results on the problem introduced in Section [2.2] Values for the test and validation set are
very close.
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Figure 4: Experiment on Synthetic dataset.

B.2 Case Study with Financial Risk for Loan Approval Data

In this section we report the details for the reproducibility of the experiment in Section where:

e The step function p(Xcreqit_score) 18 defined as:

,O(Xcredit,score) =

e The return of interest is defined as

R(X) =

0.04
0.06
0.08
0.12
0.18

if Xcredit_score = 750
if 700 < Xcredit score < 750
if 650 < Xcreait_score < 700
if 600 < Xcreait_score < 650
if Xcredit_score < 600

> B(X;),

j€{loan_purpose,education,employment,tenure}

where §(x) are domain-informed weights, assigned as reported below.

e The Bonuses g are assigned according to the following criteria:

Loan Purpose Bonuses
1. S(Home) = 0.08,

B
2. B(Auto) = 0.02,
3. f(Education) = 0.12,
4. (Debt Comsolidation) = 0.04,

5. (Other) = 0.05.
Education Level Bonuses

1. B(Master) = 0.01,
2. (Doctorate) = 0.02.

Employment Status Bonuses

1. B(Employed) = (Self-Employed) = 0.01.

Tenure Bonus

1. B(n) =0.01 - 1{n > 5 years}.

x | |
A 079 08 081 082 0.83
(b) Validation
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e(A)

C ADDITIONAL NUMERICAL RESULTS

(a) Test

(b) Validation

Figure 7: Experiment on Synthetic dataset, with different seeds.
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Figure 5: Experiment on Adult dataset, with different seeds.
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Figure 6: Experiment on Financial dataset, with different seeds.
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To illustrate the robust nature of our approach, we performed additional experiments with varying random seeds
on all three datasets, Synthetic, Adult, and Financial Risk. The split ratios have been kept consistent across
all seeds, in line with the original experimental setup in Section We used seeds 0, 1, and 10. The results,
reported in Appendix[C] demonstrate that the performance of our method is stable across different random seeds,
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consistently achieving favorable trade-offs between accuracy and happiness. Notably, the values on the x-axis
have been normalized by dividing by the maximum accuracy value, accounting for different accuracy values
across seeds, thus attaining better readability. Note that the curves are only depicted for points in regions where
g(A) is well-defined for all seeds.
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