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ABSTRACT

Prior work on fairness in machine learning has focused on settings
where all the information needed about each individual is readily
available. However, in many applications, further information may
be acquired at a cost. For example, when assessing a customer’s
creditworthiness, a bank initially has access to a limited set of in-
formation but progressively improves the assessment by acquiring
additional information before making a final decision. In such set-
tings, we posit that a fair decision maker may want to ensure that
decisions for all individuals are made with similar expected error
rate, even if the features acquired for the individuals are different.
We show that a set of carefully chosen confidence thresholds can
not only effectively redistribute an information budget according
to each individual’s needs, but also serve to address individual and
group fairness concerns simultaneously. Finally, using two public
datasets, we confirm the effectiveness of our methods and investi-
gate the limitations.
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1 INTRODUCTION

The machine learning community has proposed myriad definitions
for fairness [37], that can be broadly categorized in two groups.
(1) Group or statistical definitions of fairness focus on balancing
classification errors across protected population subgroups (based
on attributes like race or gender), towards achieving equal error
rates (overall accuracy equality), equal false-positive rates (predic-
tive equality), equal false-negative rates (equal opportunity), or both
(equal odds). Although these notions can be easily verified, they fail
to give meaningful guarantees to individuals. (2) Individual notions
of fairness, on the other hand, provide individual-level guarantees,
as opposed to enforcing parity of some quantity that is averaged
over a group. For example, Dwork et al. [12] require that ‘similar
individuals should be treated similarly’, using a predefined distance
function to measure similarity between individuals. Individual fair-
ness definitions have stronger semantics but existing proposals
have proven difficult to implement in practice [9].

Methods for improving fairness have focused predominantly on
predictive models that make or support decisions when all data
is readily available. In such a setting, the model makes a classifi-
cation decision for each subject based on the same set of features
that is observed at training time. In practice, however, there are
many scenarios where some or all features are missing initially
and features can be acquired during the decision making process,
possibly at a cost [24]. As our running example, we consider a
set of applicants applying for a job. If the position is temporary, a
hiring manager might make the final decision only based on the
set of resumes. By contrast, when the applicants are instead consid-
ered for a more permanent position, a hiring manager will want
to invite a subset of the applicants for an assessment or interview
to gather additional information before making a more informed
hiring decision. Taking all candidates through the full process is
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prohibitively expensive and time-consuming, hence, for each candi-
date, an important decision should be made as to which information
should be gathered and how much information is required. This
problem, in which a decision maker sequentially selects a subset of
costly features for each individual, is called active feature acquisition
(AFA) and is relevant in a wide range of domains such as credit
assessment, criminal justice, medical diagnosis, advertising and
recruiting [15, 24, 25, 27, 35].

There is a large literature concerned with different AFA strate-
gies that, given a set of already selected features, predict the most
cost-effective feature to select next [21, 24, 28, 35]. However, there
is a second important part of the problem that has received com-
paratively little attention: how should we split a limited information
budget across individuals? Most work on AFA simply assumes an
equal information budget for each individual such that the fea-
ture acquisition process stops when this budget is reached [24, 28].
Though this approach does treat everyone equally in terms of in-
formation budget, it can yield outcomes that are unfair in terms of
the quality of the decision.

Consider again the example of the hiring manager. While going
through a stack of resumes, they might observe a pool of candidates
that can broadly be categorized in two groups: some candidates
have more familiar, traditional backgrounds while other candidates
have taken unconventional paths or have unfamiliar schools or
employers on their resume. Neither group is, on average, more
qualified for the job but note that, at least in the context of the
“training data”, decisions made about the latter group of candidates
will have lower confidence and are thus more likely to be erro-
neous. Collecting more information for each candidate, for example
through assessments or interviews, will probably not close this
gap if we keep splitting the information budget equally and col-
lect the same amount of information for all candidates. As a result,
good but unconventional candidates are more likely to be rejected
and, perhaps even worse, a conservative hiring strategy will not
even consider the unfamiliar set of candidates. Similarly, many U.S.
households lack a formal credit history, making it difficult to ap-
ply for loans at traditional financial institutions [5]. However, the
absence of a credit history does not mean that households are less
creditworthy per se, it might only require more effort to assess how
creditworthy these individuals really are.

1.1 Our contributions

We propose a more equitable strategy for deciding how to spend a
limited feature budget across individuals, inspired by the legal con-
cept of “Beyond a reasonable doubt”. Beyond a reasonable doubt
is a legal standard of proof required to validate a criminal con-
viction [19]. Simply put, if the jury (or judge) perceives that the
probability a defendant committed a crime is equal or greater than
their interpretation of beyond reasonable doubt, they will decide
to convict [22]. The “burden of proof” in this case rests not on the
defendant, who is “innocent until proven guilty”, but on the prose-
cution, who is tasked with finding sufficient evidence to support
the innocence or guilt of the accused.

Building on this legal foundation, we argue that for fair decision
making, the “burden of uncertainty” should not be put on the deci-
sion subject but on the decision maker. In the example of hiring,
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a hiring manager should thus request more information from the
unfamiliar set of applicants so that the eventual hiring decision
can be made with equal confidence for each applicant. Similarly,
in a fair financial system, institutions would be required to first
close the information gap between loan applicants by collecting
more information before making a decision. Hence, to make fair
decisions, a decision maker should continue the collection of new
information until every individual can be guaranteed a decision
that is equally likely to be erroneous. We thus want to guarantee
an equal error rate in expectation, an individual notion of fairness
which we call individual error parity.

We will formalize the notion of individual error parity and show
how, in contrast to most existing proposals for individual fairness,
this notion has a natural connection to group fairness - in particular,
how it implies overall accuracy equality across groups, and in some
cases also equal odds. Subsequently, we show how “confidence
thresholds” as stopping criteria in AFA are a natural mechanism to
guide information collection and mitigate individual error disparity.
In particular, we derive a set of thresholds, determining when to
stop collecting features for each individual, which ensure that we
only classify an individual’s outcome once we have acquired a suf-
ficient number of features to reach a predefined expected error rate.
Because the expected error rate will be the same across individuals,
we attain error parity for calibrated probabilistic classifiers across
groups and, in expectation, across individuals within these groups.

Our approach to fairness differs from the typical approaches to
mitigating unfairness such as data pre-processing [6, 14], constrain-
ing or regularizing the learning process [3, 38], or post-processing
predictions [17]. However, we suggest that in many settings our
approach is intuitive. In the standard machine learning paradigm, in
which a decision-maker collects the exact same information for each
individual, individuals from groups that are underrepresented in the
training data will naturally face more erroneous decisions. Redis-
tributing the amount of information we collect across individuals is
therefore an intuitive way to guarantee equitable decision-making.
Our approach trades off inequality (the set of features used is per-
sonalized in our framework and thus varies across individuals) for
equity (each of the individuals are classified with an equal expected
error rate).

2 ADDITIONAL RELATED WORK

2.1 Fairness in machine learning

Most recent work on fairness in machine learning focuses on group
fairness notions, fixing a number of protected demographic sub-
groups and requiring parity of some statistical measure across these
subgroups. One such group fairness notion is demographic parity,
requiring parity of the raw positive classification rate across group.
However, demographic parity can lower a model’s accuracy, es-
pecially when the base rate across groups differ [17]. To tackle
this, one can instead consider parity in error rates. Overall accu-
racy equality is achieved when the total classification error is the
same across protected subgroups [4]. When either false-positives or
false-negatives are desirable, one can consider equal false-positive
rates (predictive equality) or false-negative rates (equal opportu-
nity), while equal odds requires parity in both false-positive and
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false-negative rates [17]. We refer to Verma and Rubin [37] for an
overview of definitions.

In contrast, individual fairness notions define unfairness at the
level of a single individual. An early formalization of individual
fairness was proposed by Dwork et al. [12], defining fairness as the
smoothness of the classification function by requiring that ‘similar
individuals should be treated similarly’. The authors introduce a
framework to maximize accuracy subject to a fairness constraint
that binds on pairs of individuals. Their framework has two draw-
backs: it requires a predefined distance function that determines
how similar two individuals are and the optimization does not
produce an inductive rule that generalizes to previously unseen
data [12, 20].

Given the limitations of individual and group fairness notions,
is there a way to get the ‘best of both worlds’? Kearns et al. [23]
and Hébert-Johnson et al. [18] ask for group fairness definitions
to hold on an exponential class of groups instead of a small num-
ber of subgroups. Although promising, the approach still inherits
the weaknesses of group fairness at a smaller scale [8]. Sharifi-
Malvajerdi et al. [34] propose average individual fairness, computing
the statistical error rate not across individuals but across different
classification tasks an individual is subjected to during a period of
time. Our work is similar in the sense that is aimed at error rate
parity at the individual level. However, where they define rate as an
expectation over multiple classification tasks over time, we define
rate as the expected error rate for a single task.

To measure individual unfairness with respect to the expected
error rate, we build on a fairness definition introduced by Speicher
et al. [36]. Using inequality indices from economics, they formu-
late a measure of inequity of the distribution of a benefit over the
population. This naturally captures notions of both individual and
group fairness. Our approach focuses on a measure of individual
expected error rate which we call ‘risk’ instead of ‘benefit’, such
that by minimizing this, we mitigate both individual and group
unfairness.

2.2 Prediction-time active feature-value
acquisition

Different from active learning where labels are queried to improve
a model, prediction-time active feature-value acquisition (AFA) de-
scribes the problem where costly feature-values of a test instance
are unknown and are acquired sequentially. The different but re-
lated problem of training-time active feature-value acquisition is
concerned with which feature values must be acquired for model
improvement.

An AFA system consists of three components: 1) a classifier that
can handle partially observed feature sets, 2) a strategy for deter-
mining which feature to select next based on the features that are
already collected, and 3) a stopping criterion for determining when
to stop acquiring more features and make a final prediction. First,
there are different ways that classifiers handle partial features sets.
Generative models handle missing features naturally by first inte-
grating out missing values. However, for tabular datasets as we con-
sider here, we found the best performance using distribution-based
imputation for random forests in which the possible assignments
of missing values are weighted proportionally [33].
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Second, to determine which feature to select next, we need a
method that estimates the cost-effectiveness of each of the unse-
lected features based on the features we have already selected. For
simplicity, we use a method that maximizes the expected utility of a
feature, where the utility function is based on the expected increase
in the absolute difference between the estimated class probabilities
of the two most likely classes [21]. However, we emphasize that our
framework is agnostic to the specific model and acquisition strat-
egy that is used. Hence, simpler strategies such as population-level
feature selection methods (e.g. LASSO) would yield similar results.

Third, to determine when to stop selecting additional features,
most prior work assumes some given feature budget per individual
such that the decision maker is tasked only with selecting the most
cost-effective features within that budget [24]. The work that is
most similar to ours develops an optimization framework that is
used to find an information budget for each population subgroup
such that an AFA classifier achieves parity in false-positive or false-
negative rates [29]. Notably, by using the information budget as
an additional degree of freedom during optimization, they show
that several statistical (group) notions of fairness can be achieved
in an AFA setting. Where their method accommodates different
information budgets according to the needs of each population
subgroup, our method adapts the information budget dynamically
to the needs of each individual. Our work thus provides a novel
method aimed at individual fairness which, in turn, gives rise to
group fairness.

Finally, a more recent method considers all three AFA compo-
nents jointly in one reinforcement learning framework, trading
off the cost of each feature with the expected decrease in loss [35].
Bakker et al. [2] extend this framework by adding an adversarial
loss to force the agent to acquire feature sets from which one can
only predict the label but not the sensitive attribute. In this way,
they guarantee demographic parity, a group fairness measure, over
the protected subgroups split by the sensitive attribute. This work
is the first that to address and improve individual fairness in an
AFA setting.

3 DATA COLLECTION AND BROADER
IMPACTS

The confidence thresholds introduced in this work help mitigate
individual error disparity across individuals. However, we note
that careful consideration should be given to the potential privacy
implications on individuals. If an individual belongs to a popula-
tion subgroup for which the classifier faces more uncertainty (for
example because of underrepresentation in the training data), more
features will be collected to reach the same expected error rate. In
practice, this could result in an increased privacy burden on minor-
ity communities who are often already victim of over-policing [13].
Although this is an important concern that needs careful consid-
eration when applying confidence thresholds in practice, we note
that some form of data collection is often unavoidable.
Disparities in error rates are often caused by skewed sample
sizes or a selection of features that are more predictive for some
population subgroups than others [7]. Although typical approaches
like restricting the model class, pre-processing the data or post-
processing predictions can improve fairness without collecting
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additional data, these strategies do not directly address the under-
lying causes but instead achieve fairness by harming predictive
accuracy [10]. In high-stakes domains like criminal justice, health
care diagnosis, loan approval, or hiring, the reduction in accuracy
that is introduced by these methods is hard to justify and can even
be considered unethical. Chen et al. [7] highlight this issue and pro-
pose collecting additional training examples to close the disparity
gap between groups that are naturally over- and underpresented
in the data. Though effective, this approach only improves group-
level error rate disparities, measured across protected groups, and
thus fails to give any individual-level guarantees. Moreover, this
approach inevitably puts a increased privacy burden on the group
for which more data is collected. And, in contrast to the prediction-
time data collection method that we propose, this burden is not on
the individuals that are subject to the decision, but on the group
as a whole as more members of the group will have to contribute
their data for training,!

Even though a trade-off between privacy and fairness (or be-
tween accuracy and fairness) seems inevitable, there are measures
that could alleviate some of these concerns in practice. Institutional
controls and privacy laws such as HIPAA and FERPA can stipu-
late how information should be maintained and limit the access of
data to properly authorized individuals [11]. A more cryptographic
approach could be to not release the data to decision maker but in-
stead have a third-party trusted entity that stores and processes the
data, and subsequently communicates only the decision to the deci-
sion maker. Other approaches that build on this paradigm include
privacy preserving computational techniques such as fully homo-
morphic encryption and secure multiparty computation [1, 39].
Note that these approaches can only mitigate some of the privacy
risks and do not directly address the issue of potentially excessive
data collection.

Finally, under one interpretation, our proposed method for achiev-
ing individual error parity actually has a positive impact on the
privacy of individuals. While it may appear unreasonable to require
more information for some people, and we emphasize the need
for transparent discussion and debate with stakeholders given im-
portant concerns about selective surveillance, we are in fact only
collecting the smallest possible set of features to reach a desirable
level of confidence — in contrast to methods that necessitate all
features to be collected before making a prediction. Therefore we
believe it follows the ‘need-to-know’ or ‘data minimization’ princi-
ple expressed in Article 5(1)(c) of the EU’s General Data Protection
Regulation (GDPR) which provides that personal data shall be “ad-
equate, relevant and limited to what is necessary in relation to the
purposes for which they are processed”.? Though GDPR does not
clearly define “adequate, relevant and limited”, the UK regulator,
the ICO, stipulates that “you should identify the minimum amount
of personal data you need to fulfil your purpose” and that “you may
need to consider this separately for each individual”.? We argue

1A controversial example of a training-time data collection effort to mitigate bias made
the news recently when a Google contractor targeted dark-skinned homeless people in
Atlanta to gather more facial data in an attempt to improve Google’s facial recognition
algorithm, https://www.theatlantic.com/technology/archive/2019/10/google-allegedly-
used-homeless-train-pixel-phone/599668/.
Zhttps://eur-lex.europa.eu/eli/reg/2016/679/2016-05-04
3https://ico.org.uk/for-organisations/guide-to- data- protection/guide-to- the-
general-data-protection-regulation- gdpr/principles/data-minimisation/
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that confidence thresholds present a natural way to operationalize
data minimization. When assessing creditworthiness, for example,
a bank or regulator might set the acceptable error rate to 1%. In
practice, the bank would thus collect information up to reaching
this expected error rate after which any further collection could be
considered excessive.

4 PROBLEM SETUP

Let (X(i),y(i)) ~ P be an individual i in P represented by a d-
dimensional feature set x(!) and a binary label y<i) € {0, 1}. In the
AFA setting, we acquire the features in sequential order starting
with the empty set Oél) := 0 at time ¢ = 0.* At every later timestep
t we choose a feature from the unselected set of features, jt(i) C
{1,...,d}\ Ot(i)l and examine the value of jt(l) at a cost cj. After
each new acquisition step, the classifier will have access to features
Ot(l) = jt(l) U Ot(i)l. We keep acquiring features up to time T
when we meet a stopping criterion or collect the last available
feature. At that point, we will classify x(D using only the set of
features in O;l), {xj}jeom. The cost vector c is equal for every

T

individual in P and can represent different types of costs such as
monetary or privacy costs. The final set of features for individual i,

O;l) , is determined by two factors. First, we compute the expected
utility of each feature to determine, for each individual and at each
timestep, which feature should be selected to balance costs and
expected increase in accuracy [21]. Second, to mitigate unfairness,
we introduce a set of confidence thresholds that determine when
to stop selecting features.

5 INDIVIDUAL ERROR PARITY

For classification, let & : RY — [0, 1] be a binary classifier that deter-

mines, given a partial feature set Ot(l), the probability that individ-

ual i belongs to the positive class, h(Ot(l)) =Ply=1] {xj}jeotu) .

We omit the index i and denote {xj}jeo(i) as ()t(l) when it is clear
t

from context. Similarly, 1 — h(O;) corresponds to the probability
that individual i belongs to the negative class.

DEFINITION 1. At prediction time, each decision carries a finite

risk rerr (O;l) ), defined as the expectation that the prediction affecting
individual i is erroneous given a probabilistic classifier h and a set of

(i)
features O

For a well-calibrated probabilistic classifier h, we can derive the
following equation for this risk

rerr(OT) = E(x,y)~P [|h(OT) - y|]
1
= A pP(x,y)~P [h(OT) =p | y= O] P(x,y)~P [y = 0]
+(1-p) P(x,y)~P [h(OT) =ply= 1] P(x,y)~P [y = 1]dP,
4We assume an empty set at the start but note that a decision maker could instead

have access to an initial set of features that is the same for all individuals Oéi). This
does not change the further feature acquisition process.
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where we drop the index (i) for brevity. We can now use Bayes rule
to find

1
Ferr (Or) = /0 (PPixyy-p [y =0 | A(OT) = p]+

(1= ) P gyp [y = 11 A(OT) = p]) sy~ [R(O1) = p]dp.
Substituting Py ,)~p [y=01h(Or)=p| =1-pand
Pxy)~p [y =1|h(Or) = p| = p results in®

rerr(Ot) = Ll 2 (P —PZ)P(x,y%P [h(OT) =P]dp

= 2E(x )~p [A(O1) - h(O1)°]. 1)
Using the risk rerr we can now define a corresponding individual
fairness definition:

DEFINITION 2. Individual error parity across a population P where
each individual i in P is represented by a set of features O requires

rerr(()](f)) = Verr(O;})) Vi,jeP.

In practice, however, exact risk equality is hard to enforce so we
follow Speicher et al. [36] and measure the degree of inequality in
risk among individuals within a population using half the squared
coefficient of variation.® This inequality measure is part of a family
of inequality indices called the generalized entropy indices.

DEFINITION 3. The amount of individual unfairness within a pop-
ulation P is defined as

1 r<i) 2
Ep(terr) = - — | -1,
e 2|P| Lze}:’ Terr,P

is the risk received by individual i € P and Forpp =

where re(,;)r
ﬁ Zl{\ép réi), is the average risk across all individuals in P. Perfect
individual fairness, when the risk is equal for all individuals, corre-

sponds to Ep(rerr) = 0.

Importantly, many of the axioms that are satisfied by generalized
entropy indices are also appealing properties for fairness measures:

o zero-normalization — the inequality is zero when every indi-
vidual receives the same level of risk.

e anonymity — the inequality depends only on the risk of the
individuals and not on other characteristics.

e population invariance — the inequality is independent of the
size of the population.

e transfer principle — transferring risk high-risk to a low-risk
individual decreases inequality.

5.1 Connection to group fairness definitions

We connect equal error parity to four corresponding group fairness
definitions: overall accuracy equality (equal error rates), predic-
tive equality (equal false-positive rates), equal opportunity (equal
false-negative rates), and equal odds (equal false-positive and false-
negative rates). To make this connection, we first assume a set of
disjoint subgroups G, in our population P with a € A, which, for
SHere, we assume perfect calibration. The derivation for approximate calibration can
be found in the Appendix.

©[36] measures inequality in terms of ‘benefits’ but in our case, it makes more sense
to share expected errors or ‘risk’ fairly.
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example, represent subgroups split by race or gender. Generally,
these subgroups can have different base rates ji4, defined as the
probability of belonging to the positive class pig = P[y =1 | A =a].
To compute the errors of our probabilistic classifier with respect to
the groups, we use the generalized rates introduces by Pleiss et al.
[32].

DEFINITION 4. The generalized false-positive rate for a classifier
h computed over a group G, is cfp,a(h) = E(x,y)~G, [h(O7) |y =
0]. The generalized false-negative rate is cpy q(h) = B(x,y)~G,[1 —
h(Or) | y = 1]. The generalized error rate is equivalent to the Ly loss
cerra(h) = E(x,y)~Ga [ly = h(O7)I].

We use probabilistic classifiers and thus generalized rates be-
cause it helps decision makers interpret the predictions. If, for an
individual, the confidence of the classifier is low, it will be reflected
in the final probability and a decision maker can thus choose to
reject the decision or collect more information. Moreover, if the
classifier would output binary predictions A € {0,1} instead of
probabilities, these rates would simply represent standard false-
positive rates, false-negative rates, and the zero-one loss. Similarly,
we use generalized notions of equal accuracy, equal opportunity,
and predictive equality for probabilistic classifiers:

DEFINITION 5. Equal accuracy for a set of probabilistic classi-
fiers hy and hy for groups G1 and Gy requires cerr,1(h) = cerr2(h).
Similarly, predictive equality requires cgp, 1 (h) = cgp 2 (h), equal op-
portunity cgp1(h) = cpp2(h) and equal odds cgp 1 (h) = cpp2(h)
and Cfn,1<h) = cfn,Z(h)‘

Exact equality is hard to enforce in practice so we study the
degree to which these constraints are violated: [c ) 1 —cfp 2|, lofn1—
Cfnz2 |, |cerr,1—¢err,2|. Further, for probabilistic classifiers, we require
the probabilities to be calibrated, P(y y)~G,[y =1 | h(O:) = p] = p.

We can make two important connections between individual
error parity and these group fairness definitions:

ProrosITION 1. Individual error parity across a population P
necessarily yields equal accuracy across groups Gq € P.

Proor. When individual error parity is satisfied, the risk for
each member of the population will be equal to the risk of each
other member of the population, irrespective of group membership
(see Definition 2). If we assume that this risk has some finite value
Terr = Perr then the expected error for each group in the population
will also be equal to this risk fe,r. Hence, each group will have an
equal error rate, resulting in equal accuracy across groups

Cerr,a(R(O7)) = Eg, [rerr(h(OT))] = Perr Ya€A. (2)

where we write E(y )., as Eg, for brevity. O
PRrOPOSITION 2. Individual error parity implies equal false-positive

and false-negative rates (equal odds) across all groups that have an
equal base rate .
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ProoF. Similar to Proposition 1, we assume an equal risk across
the population of 7¢rr = Perr. We can then derive from Definition 4

¢fpa (h) = Eg,[(O7) | y = 0]

1
:/0 p P, [h(Or) = p | y= 0] dp
:/1p1_PGa[y:1|h(OT):P]
0 1-Pg, [y=1]

Again, using P, [y =1|h(Or) = p] =pandPg, [y =1] = piq, we
can rewrite this as

1 1
cfpa )= 7= | p(1=p)Pa, 1hOD) = pldp
1
=7 Eg, |h(Or) - h(O7)?] 3)
~ Ha
1
R Eg, [rerr (h(O1))].
Following the same steps for the false-negative rate, we find
1
Crna(h) = e Eg, [(O1) — h(O1)?] 4)
a

1
= % Eg, [rerr(h(OT))]~

If the base rate i, is equal across groups and ré?, = ferr Vi€eP,

¢fp.a(h(O1)) =

Berr
2(1 - pa)

¢fna(h(OT)) = ﬁ;;’

which yields equal-false positive and equal false-negative rates
across groups. If equal odds is satisfied, predictive equality and
equal opportunity must also be satisfied. O

Ya € A,

Ya € A,

In contrast to cerr, ¢ £ and ¢, now depend on the group-specific
base rate, and individual error parity therefore only implies equal
odds (equal false-positive and equal false-negative rates) when
the base rates are the same across group. However, an error rate
disparity can still be present when the base rates are different if
unfairness is caused only by a difference in variance across groups,
for example, because of different sample sizes |G,4| or because of a
difference in group-conditional feature variance Var(x | a). In that
case the base rates across group will be equal, leading to attaining
individual error parity, as well as equal odds.

6 CONFIDENCE THRESHOLDS

Intuitively, the stopping criteria should be chosen such that we col-
lect more features for individuals and groups for which the model is
less certain. By stopping later, we have more predictive power, and
thus decrease the expected error rate. In this section, we present
confidence thresholds as a way to achieve approximate individual
error parity and will derive corresponding upper and lower thresh-
olds o, and ¢;. The upper threshold corresponds to predicting §j = 1
with probability a;, while the lower threshold corresponds to pre-
dicting § = 0 with probability 1 — «;. We reach these thresholds
by sequentially adding features one-by-one, slowly increasing con-
fidence (moving the probabilistic estimate towards either of the
thresholds). We stop collecting features at time step T when the

Pg, [h(Or) = pl dp.
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probability reaches either one of the thresholds, h(Ot) > a, or
h(Or) < ;.

6.1 Individual error parity and overall accuracy
equality

Our aim is to find the thresholds @, and a; that ensure rg)r =
Perr Vi € P.When the risk is equal across all individuals we obtain
individual error parity and thus also equal accuracy across groups.
During the feature selection process, each individual reaches either
the upper threshold or the lower threshold first. We consider poten-
tial overshooting later in this section but, for now, assume that we
can stop the process at exactly the upper or lower threshold such
that

h(Or) = ay h(O1) = ;.

We then use Equation (1) to find, respectively, for each individual

or

2 2
Ferr = 2(0ty — ) or  rerr = 2(0; — 0{1)-

To ensure reyr = 2 (h(OT) - h(OT)z) = Perr in both cases, the
solution for the confidence thresholds follows as
=54 N e, @ =5 =T 2. (9)
If, for every individual, we acquire features one-by-one until we
reach either of these thresholds, we attain a generalized error rate
Perr in expectation for each individual, and across groups, achiev-
ing overall accuracy equality. Importantly, these thresholds are
independent of the group label a and thus guarantee group and
individual fairness with respect to arbitrary subgroups, even when
the subgroup labels are unknown at training and prediction time.

6.2 Equal false-positive or false-negative rates

When the desired measure of group fairness is equal false-positive
rates (predictive equality) or equal false-negative rates (equal oppor-
tunity), the thresholds derived for individual error parity will only
suffice if each group has an equal base rate i, (see Proposition 2).
In contrast, choosing the same thresholds for individuals in groups
with different base rates will result in different false-positive and
false-negative rates across these groups. To address this, we can
derive a new set of group-specific thresholds that account for these
differences in base rate. Following Equations (3) and (4), we find

—— 5, [ha(Or) ~ ha(Or)’]
Ha

Eg, [ha(Or) - ha(Or)?].

Ha

Moreover, in line with Definition 1, we can define a false-positive
and false-negative risk 7, and r ¢, corresponding to the probability
that a prediction for an individual in group G, is a false-positive or
a false-negative

rep(h(Or)) =

Cfp (ha) =

¢n (ha) =

1
1—pq

ra(h(O1)) = — Eg, [R(Or) — h(Or)?].
Ha

Eg, [(h(Or) = h(O1)?],

Following a similar derivation as for equal error rates, we define a
target false-positive rate S, to find the stopping criteria for each
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group such that rfp(h(();l) )) = Bfp, Yi € P. In turn, this implies
¢rp(h(Or)) = Eg, [rfp(h(OT))] = Bfp, Ya € A and thus equal
false-positive rates across group. To ensure S, for individuals that
stop at either one of the thresholds, we find a set of stopping criteria
for equalizing false-positive rates, analogously to those for cerr,

au= 5+ 5 1= 4By (1= pa) ©)
a =3 = 1= 47, (1 o) )

For false-negative rates we find a similar set of stopping criteria for
a target false-negative rate ffy,

1 1 1 1
du:5+51,1_4ﬁfn/—la’ alzg_aﬂl_‘lﬂfmua' (8)

Even though equal false-positive or false-negative rates can be
achieved using these thresholds at a group level, this approach
could raise some concerns when used in practice. In contrast to
the thresholds for ce;r, the thresholds for ¢ fp and ¢ fn DOW depend
on the group-specific base rate, precluding individual error parity
across the full population and requiring different confidence thresh-
olds across groups which could be perceived as unfair. Nonetheless,
within each subgroup, we still set the same thresholds and we
can thus achieve within-group individual error parity. Though not
equivalent to population-wide individual error parity, it does miti-
gate potential intra-group unfairness. The latter is a concern when
one imposes group fairness constraint with typical methods like
constraint optimization or post-processing predictions (see Kearns
et al. [23] for examples). In that case, a solution could be group
fair but simultaneously exhibit strong error rate differences within
groups, a problem that within-group individual error parity would
address.

6.3 Sources of residual unfairness

If the probabilities for each individual are calibrated and each indi-
vidual’s probabilistic estimate A(Or) stops exactly at the upper or
lower threshold, we can guarantee exact individual error parity. In
practice, however, there will still be some residual unfairness. First,
in real-world datasets, there will be a non-zero classification error
even when all features are collected such that, for some individuals,
we will not reach thresholds close to 0 or 1 even with unlimited bud-
get for feature acquisition. Not reaching the threshold will lead to
individual error disparity, as part of the estimates will fall between
the thresholds (¢; < h(Or) < ay) and potentially also to group
unfairness when one subgroup has a disproportionate number of
members that do not reach the thresholds. Hence, decision mak-
ers should ensure there are sufficient predictive features for each
individual to reach the desired threshold. Fortunately, AFA allows
you to have much more diverse and personalized feature sets as
features are only acquired if they are expected to be predictive for
an individual.

Second, we achieve individual error parity among individuals
that stopped when the probabilistic estimates after stopping are
exactly h(Or) = ay, or h(O1) = ¢;. In practice, however, each esti-
mate progresses in discrete jumps when a new feature is acquired
and thus find that estimates ‘overshoot’ the thresholds h(O7) > ay,
or h(Or) < a;. We refer to the Appendix for a detailed analysis of
the residual unfairness due to residual error and overshooting.
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Finally, we have assumed access to a well-calibrated classifier
when defining our notion of risk. However, the standard notion of
calibration is a property that strictly holds only on average across
all predictions made by the classifier. The probabilities and the
corresponding risks could therefore still be inaccurate with respect
to a structured subgroup of individuals that is unknown at training
time and hence not taken into account explicitly when calibrating.
We analyze the effect of miscalibration on group fairness in the
appendix but encourage future work analyzing the effect of miscali-
bration on individual error parity, as well as work that combines our
method with individual calibration approaches that have recently
been developed [18, 40].

6.4 Choosing a target error rate

The optimal strategy for picking a target error rate, and thus for
picking a set of thresholds, will be strongly context dependent. In
the context of the law, Kaplan [22] developed a decision theoretic
framework for setting the probabilistic threshold that represents
the standard of proof. Focusing on the avoidance of errors, they
argue that a decision should be made to convict if the expected disu-
tility of a decision to acquit is greater than the expected disutility
of a decision to convict PDy > (1 — P)D; where P is the probability
that a defendant is guilty, D4 the disutility of acquitting a guilty
person and D; the disutility of convicting an innocent person. Ex-
tending Kaplan’s framework for confidence thresholds, we can pick
a target error rate by balancing the cost of a potential error with
the cost spent on features. A bank could, for example, compute the
average costs of making an erroneous loan decision and find the
corresponding feature budget to minimize the overall costs. Alter-
natively, we could see scenarios, for example in criminal justice,
where the target error rates are instead set by a regulatory body.

7 EXPERIMENTS

In this section, we show that our method mitigates individual
and group unfairness while choosing the confidence thresholds to
achieve individual error parity and overall accuracy equality, equal
false-positive rates or equal false-negative rates. Experimental anal-
ysis of the residual unfairness and results for a second dataset can
be found in the Appendix.

We measure the residual individual error disparity using half the
squared coefficient of variation, &(r), where we compute the in-
equality across individuals using the risk functions rerr = 2(h(Or1)—
h(01)?), rep = 1= (W(Or) = h(O7)?), and rgy = 4= (h(Or) ~
h(O71)?). Group-level unfairness between two groups G; and Gz
is measured using the absolute difference in generalized error
|Acerr| = |cerr,1) = cerr,2l, |Acfp| = |cfp,1 - Cfp,2| or |Acfn| =
lcfn,1 = Cfnzl - As this is the first work concerned with individual
fairness in this setting, we compare the accuracy-unfairness trade-
offs in each experiment against an ‘equal budget’ benchmark. To
compute this benchmark, we use the exact same model and feature
acquisition strategy but, instead of using our stopping criteria to
redistribute budget, we now equally distribute the feature budget
across individuals. A second ‘all features’ benchmark represents
the point on the equal budget accuracy-unfairness trade-off when
all features are queried for all individuals.



Poster Paper Presentation

AIES ’21, May 19-21, 2021, Virtual Event, USA

Table 1: Overview of the datasets. Accuracy is computed on a dataset-level using the full feature set, while y is the dataset-level
base-rate P(y = 1). For each subgroup n, is the relative number of individuals and y, the base rate.

Dataset Subgroup; Subgroupg
Name Nsamples Nfear  Acc i Labely ny I Labely ng Ho
Mexican poverty 70,305 99 75.9% 35.5% Urban 63.6% 34.9% Rural 36.4% 36.6%
Adult income 48,842 98 85.1% 23.9% White 85.4% 25.4% Non-white 14.6% 15.3%
7.1 Implementation £ 100 g
In addition to the confidence-based stopping criteria, implementa- é 3 1009 — Al
tion requires two more elements: a model and a feature acquisition E E === Rural
strategy. We refer to the Appendix for further implementation de- = 50 2 504 Urban
Q 1z
tails but provide a summary in this section. First, we need a model 5 2
that allows us to estimate P(y | O;) for arbitrary feature subsets. ) g
= -
While this is easier with generative models like Naive Bayes, we use g 04 . ; ; :% 0, T T
< 0.1 02 03 04 0.1 0.2 0.3

distribution-based imputation in random forest as a random forest
model has superior predictive performance (accuracy of 75.9% using
the full feature set on the Mexican Poverty dataset set versus 73.4%
for Naive Bayes) [33]. We use the full feature set at training-time
but note that there are methods for training with partial feature
sets [16, 24].

Second, we implement a feature acquisition strategy to estimate
which next feature should be selected based on the expected utility
for of each feature given the current feature set O [21]. In contrast
to population-level feature selection methods like LASSO, this strat-
egy allows us to pick a next feature on an individual level. However,
we note that confidence thresholds are agnostic to the model and
the feature acquisition strategy.

The cost for each feature c; can be different and can represent
for example monetary or privacy costs. To make the results more
interpretable, we choose the costs to be the same for each feature
c¢;j = 1. Changing these costs to make them more realistic will only
lead to a different ordering of features and will not further impact
the results. Finally, to account for overshooting, we use a validation
set to learn a mapping function that maps the confidence thresholds
to target error rates ferr, ffp, and fr,. We sweep a range of ay,
(and a7 = 1 — ), while measuring the empirical error rates for
individuals that reached either of the thresholds. At prediction
time, when we are given a target rate 5, we use the inverse of this
function to find the optimal set of thresholds.

7.2 Datasets

An overview of the datasets is given in Table 1 while preprocessing
details can be found in the Appendix. The Mexican Poverty dataset
is a household survey used in [29] for fair feature selection, moti-
vated by a real-world example of fair distribution of social programs
where there are insufficient resources to gather all information for
each individual [30]. The dataset contains a series of household-
level features and binary poverty levels for prediction. The Adult
income dataset is a standard benchmark for fair classification [26],
comprising demographic and occupational attributes, with the goal
to classify a person’s income as above $50,000 or not. We use 5-fold
cross-validation with random 60%/20%/20% train/validation/test
splits.
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Figure 1: Average used feature budget for the Rural and Ur-
ban subgroups, and across the full population (‘All’) in the
Mexican Poverty dataset. We apply confidence thresholds
for equalizing generalized error rates (left) and generalized
false-positive rates (right). Curves and shaded regions are
the average and 95% confidence intervals, computed using
5-fold cross validation. To mitigate group unfairness our
method successfully assigns more budget to the subgroup
for which the classifier is less certain.

7.3 Individual error disparity and overall
accuracy equality

We use the confidence thresholds derived in Equation (5) to mitigate
individual error disparity and improve overall accuracy equality
across groups. To ensure calibrated probabilities, we fit a sigmoid
function to the classifier’s probabilities using a validation set; a
method known as Platt scaling [31]. Importantly, we calibrate across
the entire population, effectively ignoring the underlying groups,
to demonstrate that we can mitigate unfairness with respect to
the generalized error rates without explicitly accounting for these
subgroups. In the left panel in Figure 1, we show the average num-
ber of features collected per subgroup (‘Rural’ and ‘Urban’) and
across the full population (‘All’) as the target error rate S, varies.
Note that for larger values of ferr, when the acquisition process
stops early as the confidence thresholds are closer to 0.5, only a few
features are collected, while for smaller values of S, nearly all
features are collected. Moreover, the average number of collected
features differs across groups, demonstrating that our method as-
signs more budget to the group that is harder to classify without
having knowledge of the underlying group structure (using the full
feature set, the accuracy is 74.0% for the Rural subgroup and 76.9%
for the Urban subgroup).

In practice, a decision maker would choose a single constant
target error rate f.,-. However, to investigate the behavior for dif-
ferent fe,r, the left panels in Figures 2a and 2b show respectively
the residual individual and group unfairness across the full range
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Figure 2: Results for the Mexican Poverty dataset with group-level error disparity (Figures 2a, 2c and 2e) between the Urban
(a = 1) and Rural (a = 0) subgroups and individual error disparity (Figures 2b, 2d and 2f) measured across the full population.
The panel in the left of each subfigure measures the residual unfairness while sweeping a range of target rates S, f, or
Bfn- The curves and shaded confidence regions are the average and the 95% confidence intervals, computed using 5-fold cross-
validation. The curves in the panel in the right of each subfigure are generated by sweeping Serr, fr), or fr), taking the average
across the 5 folds, and computing the Pareto front. The accuracy-fairness trade-offs of our method (solid) Pareto dominate an
equal budget (EB) baseline (dashed) as well as a baseline where we select all features (AF, black square).

of target error rates fe,. For large values of S, when the confi-
dence thresholds are close to 0.5, there are sufficient features for
each individual to reach the thresholds and we effectively mitigate
unfairness. For smaller values of S, when the information budget
grows, there are an increasing number of individuals for which
we exhaust all relevant features before we reach the confidence
thresholds, limiting the effectiveness of the confidence thresholds.
In deployment, a decision maker should thus avoid setting the
target rate too low, or should abstain from making a final deci-
sion when the threshold is not reached and should instead reassess
whether the feature set contains sufficient predictive features for
each member of the population. Finally, in the right panels in Fig-
ures 2a and 2b, we observe that the accuracy-fairness trade-off

of our method Pareto dominates the benchmark in terms of both
individual error parity and overall accuracy equality.

7.4 Equal false-positive or false-negative rates

To mitigate the group and individual-level unfairness with respect
to the expected false-positive and false-negative rates, we use the
confidence thresholds derived in in Equations (6) to (8). Equalizing
false-positive rates or false-negative rates necessitates access to the
sensitive attribute because computing the confidence thresholds
requires the group-specific base rates. As we now have access to
the sensitive attribute, we calibrate the probabilities for each group
separately, effectively creating separate classifiers for each group.

First, in the left frames of Figures 2c and 2d, we observe the resid-
ual unfairness with respect to the generalized false-positive rate and
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in Figures 2e and 2f with respect to the generalized false-negative
rate. Analogous to the results for equalizing error rates, we see
the strongest reduction in unfairness for larger values of the target
error rates fir, and fry,. In that regime, the thresholds are closer
to 0.5 and we thus have a sufficient number of features for each
individual to reach the confidence thresholds. Finally, in the right
frames of Figures 2c to 2f we show that, on a group and individual
level, our confidence thresholds method Pareto dominates an equal
budget baseline along the full accuracy-unfairness trade-off.

8 DISCUSSION AND CONCLUSION

We proposed individual error parity as an individual fairness no-
tion in an AFA setting and related it to a set of commonly used
group fairness notions. However, we argue that, more generally,
even in settings that are not commonly seen a budget-constrained,
measuring individual error disparity could help investigate how rep-
resentative a chosen set of features is, and guide whether additional
variables should be measured to foster more equitable decision
making. We then introduced a framework for mitigating unfair-
ness in this setting, addressing in a novel way both individual and
group fairness concerns. The framework is straightforward and in-
tuitive, and applies generally for any model that can handle partial
feature sets and any feature acquisition strategy. The thresholds
redistribute an information budget across individuals, allocating
additional budget to those individuals for which the classifier faces
most uncertainty.

On two public datasets, we demonstrated empirically that our
method mitigates unfairness. Especially for larger target error rates,
our framework strongly decreases disparities while for smaller rates
we exhaust the relevant features before reaching the confidence
thresholds. This issue also represents a limitation of the datasets
which have not been collected for active feature acquisition, and
features have thus been chosen to be cost-effective for the majority
of individuals. In our framework, however, it is natural to add
features that are relevant only to a handful of individuals. Hence,
we encourage future work that investigates the applications of our
framework to datasets and settings that meet this criterion. One
interesting avenue for future research is to use individual error
disparity as a guide for which variables should be measured during
dataset creation. Rather than choosing features which are cost-
effective for the majority of individuals, we imagine an iterative
process in which individuals for which there are insufficient features
are used to guide which additional variables should be measured.

We also encourage further research that investigates the impli-
cations on the privacy of individuals. Even though our method
reduces error disparities and naturally follows the data minimiza-
tion principle, it can actually create privacy disparities as for each
individual a different set of features will be collected. Although we
emphasize that some form of data collection is often unavoidable,
we encourage future work in which the privacy burden of each
feature is taken into account explicitly. A natural extension would
then be to work towards a framework that holistically trades-off
monetary costs for decision makers, privacy costs for decision sub-
jects, and fairness. Finally, we encourage future work that furhter
investigates the effects of miscalibration on individual error parity
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and mitigates these effects using methods that are aimed at more
individual-level notions of calibration [18, 40].
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