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Abstract

In many predictive contexts (e.g., credit lending),
true outcomes are only observed for samples that
were positively classified in the past. These past
observations, in turn, form training datasets for
classifiers that make future predictions. However,
such training datasets lack information about the
outcomes of samples that were (incorrectly) neg-
atively classified in the past and can lead to er-
roneous classifiers. We present an approach that
trains a classifier using available data and comes
with a family of exploration strategies to collect
outcome data about subpopulations that otherwise
would have been ignored. For any exploration
strategy, the approach comes with guarantees that
(1) all sub-populations are explored, (2) the frac-
tion of false positives is bounded, and (3) the
trained classifier converges to a “desired” clas-
sifier. The right exploration strategy is context-
dependent; it can be chosen to improve learning
guarantees and encode context-specific group fair-
ness properties. Evaluation on real-world datasets
shows that this approach consistently boosts the
quality of collected outcome data and improves
the fraction of true positives for all groups, with
only a small reduction in predictive utility.

1. Introduction

Machine Learning (ML) classifiers are increasingly being
used to aid decision-making in high-stake contexts such as
credit lending, healthcare, and criminal justice. However,
their real-world deployment still faces several practical chal-
lenges, including selective availability of ground truth labels,
errors in collected data, and distribution shifts (Kleinberg
et al., 2018; Barocas et al., 2023; Sambasivan et al., 2021).
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Of specific interest is the challenge of learning an accurate
classifier in the partial feedback setting where ground truth
labels are only observed for positively classified samples.
For instance, a bank observes whether an individual repays
a loan only after granting them a loan or a doctor only
observes the effect of a health intervention only if it is used.

Classification models are trained using prior outcome la-
beled data, often under the assumption that future samples
follow the same distribution as the training data. However,
in partial feedback settings, the unavailability of outcomes
for unobserved samples can distort the data distribution. For
example, suppose at year j, a set of applicants S; apply for
aloan. A classifier (trained on past data) assesses the default
risk of all applicants and accepts the applications L; C .S,
and rejects U; := S; \ L;. Following these decisions, the
true default outcomes are only observed for L;, which is
then added to training data to learn future classifiers. How-
ever, since L; can have a different distribution than .S}, the
training data composed of {Lj } je1,2,... can misrepresent
the population distribution and train erroneous classifiers.
Classification errors due to partial feedback are indeed quite
prevalent in practice, e.g., in lending (Pacchiano et al., 2021),
assessing bail decisions (Lakkaraju et al., 2017; Kleinberg
et al., 2018), and predictive policing (Ensign et al., 2018).

Issues arising from partial feedback are further compounded
when decision-making processes are biased and display dis-
parate performance across protected attributes (e.g., gender
or race) (Mehrabi et al., 2021). Biases affect many applica-
tions where ML algorithms are currently employed, e.g. bail
decisions (Arnold et al., 2018), loan applications (Martinez
and Kirchner, 2021), and policing (Brantingham, 2017).
The impact of social biases can be significant in the partial
feedback setting: Revisiting the lending example, suppose a
classifier f is used to predict the default risk for applicants
S;. Further, suppose that f assigns disparately higher de-
fault risk to individuals from group z; compared to group z5.
As aresult, a relatively larger fraction of individuals from 2z
will be assigned a loan, and since we only observe default
outcomes for positively classified samples, we will have
more information about the risk associated with individuals
from 29 than z;. Future classifiers trained using this labeled
data will propagate, or even exacerbate, biases against z;.
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The pervasiveness of partial feedback in practice makes
it necessary to study methods for fair data collection and
training in this setting. One way of addressing this prob-
lem is by assigning positive predictions to all samples for
which outcomes have not been observed in the past. This
way we improve the quality of collected labeled data and,
by extension, the predictive accuracy of trained classifiers.
However, positive predictions often entail high-stakes deci-
sions (e.g., giving loans or predicting disease occurrence)
and false positives can have significant negative impact on
individual and institutional utility. Hence, data collection
in the partial feedback setting is a challenging task. Prior
work have proposed certain solutions for this problem; how-
ever, their real-world applicability has been limited. They
either (1) rely on strong assumptions about the accuracy of
past decisions (De-Arteaga et al., 2018), (2) assume that
sufficiently diverse outcomes have already been observed
(Coston et al., 2021) — which is not true when past data is
limited for marginalized groups, or (3) classify a large num-
ber of samples positively in the beginning to gather outcome
information (Bechavod et al., 2019) — which results in large
number of false positives in the initial iterations. Given
these limitations, we ask if there are robust approaches for
data collection and training in the partial feedback setting
that achieve (a) high cumulative and iteration-wise utility
and (b) low disparate impact across demographic groups?

Our Contributions

We study the problem of data collection for accurate clas-
sification in the partial feedback setting (Section 2). Our
proposed framework (Algorithm 1) operates in an iterative
setting, where in each iteration a set of unlabeled samples
are given as input, and our framework uses the exploitation-
exploration paradigm to predict the outcomes for these sam-
ples. Using the classifiers trained in all previous iterations,
we first identify the “exploit” region, i.e., the part of the do-
main where accurate outcome information is available, and
use the trained classifier to make predictions for samples
from this region. The region beyond the “exploit” region
is called the “explore” region and we provide a family of
exploration strategies to sample elements from this region
that are also predicted as positive. Using the classifiers from
previous iterations, we ensure a high utility over the “ex-
ploit” region, and by positively classifying certain samples
from the “explore” regions, we collect outcome information
about individuals and groups which would have otherwise
been ignored. Fairness mechanisms can be incorporated in
both the “exploit” and “explore” parts of our algorithm to
ensure performance parity for all groups defined by given
protected attributes (Section 3). An important aspect of our
framework is the necessity to have high utility in every itera-
tion. This is motivated by applications, e.g. lending settings,
where high costs of erroneous decisions implicitly constrain

the decision-maker to have a small number of false positives
(FRED; FRS). To that end, our framework includes false
discovery rate constraints guaranteeing that the expected
number of false positives among the samples classified pos-
itively is small. Theoretically, we show that our approach
always satisfies the specified bound on the false discovery
rate (Theorem 4.1). Furthermore, for all groups, the pre-
diction utility is at least as high as the previous iteration
(Theorem 4.2); i.e., performance improvement through data
collection. Finally, we show that, due to exploration, the
predictions of our approach converge to the predictions of
an “optimal classifier” (Theorem 4.3). Empirical analysis
on the Adult Income and German Credit datasets further
demonstrates that our proposed framework results in im-
proved performance for all relevant groups as more data is
collected (Section 5). The loss in the cumulative utility and
utility per iteration due to additional exploration is minimal
and the performance disparities across protected attribute
groups are reduced.

Related Works

Certain recent works tackle the problem of partial feedback
by proposing solutions that either collect additional data or
modify the learning process to effectively utilize available
outcome-labeled data. Most of these works, however, can
be impractical for relevant real-world applications. For out-
come exploration, Bechavod et al. (2019) propose a strategy
that uses initial iterations for exploration by positively clas-
sifying all incoming samples and, in the following iterations,
exploits the collected data to learn a classifier. Only explor-
ing during the initial iterations, however, leads to a large
number of false positives and low utility in these iterations.
For instance, in the loan setting, a bank would be unlikely
to adopt a strategy that gathers information at the cost of
huge losses in certain years. In contrast, our framework per-
forms both exploration and exploitation at every iteration,
limiting the number of false positives per iteration. Wei
(2021) formulates a dynamic programming framework to
find a threshold-based classifier that balances exploration
and exploitation. Kilbertus et al. (2020) similarly propose
stochastic decision-making policies that assign a non-zero
likelihood of selection to every point in the domain. Both
these works adjust the learned classification policy to im-
plicitly explore additional samples. Our framework instead
employs explicit data collection strategies that are more
effective in improving the rate of learning (as we demon-
strate in our empirical analysis in Section 5). Yang et al.
(2022) forward a bandit-type approach that uses bounded
exploration to gather additional outcome data every itera-
tion. However, their method requires non-trivial parametric
assumptions on the feature distribution. Rateike et al. (2022)
develop an online process that first learns an unbiased rep-
resentation of the data and then trains an online classifier
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over the learned representation space. Similar to the papers
mentioned above, this approach also does not employ any
constraint on false positives which can lead to low utility in
certain iterations when sufficient information for learning is
unavailable (see Section 5 for empirical comparison against
these methods). Data collection frameworks proposed in the
above works aim to eventually collect a sufficient amount of
data through exploration so that long-term prediction utility
is high. However, as we discuss in the following sections,
this approach often comes at the cost of low short-term or
iteration-wise utility and, hence, can be inappropriate for
real-world applications.

Discussions on the comparison of our work to other relevant
approaches from the fields of active learning, fair classifica-
tion, and classification using selective labels are presented
in Appendix B.

2. Model, Stakeholders, and Classification

Let D .= X x {0,1} x [p] be a finite-sized domain, where
X is the set of features, {0, 1} is the set of labels, and [p]
is the set of protected attributes. (Extensions to continuous
domains and multi-class settings are discussed in Section 4
and Appendix A respectively.) Let u be the true data distri-
bution over D and F C {0, 1}**[?! be a hypothesis class
of binary classifiers. For any distribution 7, we use Pr,|[-]
and I, [-] to denote Pr(x y,z)~n[] and E(x y z)y[] re-
spectively. The goal is to find a classifier with the highest
utility, where the utility definition is context-specific, e.g.
it could denote predictive accuracy or revenue. Hence, we
consider a family of utility metrics.

Definition 2.1 (Utility Metrics). Given tuple v =
(Y00,701,710,711)> the utility of f € F wrt. p is
Util/L(f? 7) = Zi,je{o@} Yij * PI‘M [f(X7 Z) = ia Y = .]] .

For a given +, the goal is to solve maxscr Util, (f, 7).
By using different coefficients for different kinds of pre-
dictions we can capture a wide variety of utility metrics
(Elkan, 2001). For aec = (1,0,0, 1), Util,, (-, Yacc) is pro-
portional to standard predictive accuracy and for v,,s =
(0,1,0,1), Util,, (-, vpos) is the fraction of positive predic-
tions. A metric relevant to our setting is revenue. It is
the weighted sum of false positive and true positive pre-
dictions: given ¢1,co > 0, let Yyoyvi=(0, —c1, 0, c2), then
revenuee, ¢, ,(f) = Util,(f, Yrev) - (number of samples).
Here, ¢, represents the absolute value of loss incurred for
making a false positive error and c, represents profit ac-
quired for a true positive prediction.

Group-specific performance and classifier fairness can
be measured with conditional utility: for group z, de-
fine Util,(f,v,2) = Util,z—.(f,7). E.g., for ypr =
(0,0,0,1/Pr[Y=1| Z=z]), Util,(f,Vtpr,2) denotes the
true positive rate (TPR) for group z. Performance disparity

of f across groups zp,z1 € [p] can then be quantified as
|Util,, (f,7, 20) — Util, (£, 7, 21)|, i.e., absolute difference
between group-wise utilities. With v = v;,4s, this denotes
acceptance rate disparity (or statistical rate (Celis et al.,
2019a)) and with v = 74, this denotes TPR disparity.

Partial feedback, false discovery rate, and optimal of-
fline classifier. We consider the partial feedback setting,
where true outcome labels are only observed for samples
that were positively classified in the past. While the usual
goal of classification is to ensure high predictive accuracy,
in the partial feedback setting, there is an additional goal
to gather information about unobserved samples. A trivial
approach to data collection is to positively classify all sam-
ples and then observe the true outcomes. While this would
lead to rich data collection, it will also have poor classifier
utility. Applications involving high-stakes decisions, e.g.
credit lending, usually attempt to make as few false positive
predictions as possible. This is because the losses due to
false positives are often much larger than profits from true
positives (in the revenue,, , (-) metric defined above, this
is characterized by ¢; > c»). For such applications, it is
necessary to limit the number of false positive errors made
which can be encoded using the false discovery rate.

Definition 2.2 (False-discovery Rate Constraint). For any
€ (0,1], f € F is said to satisfy a-false-discovery rate
constraint (or a-FDR) if Pr,, [Y =0 | f(X,Z) =1] < o

FDR captures the fraction of false positives among the sam-
ples classified positively. When losses associated with false
positives are larger in magnitude than the profits associ-
ated with true positives, having a high FDR can lead to
potentially negative utility. Hence, using an appropriate
non-trivial FDR constraint in our framework can ensure that
utility per iteration is lower bound by a positive amount.
For a given « and v, the goal of classification with partial
feedback is to converge to the optimal offline classifier fg,
where fg; is the classifier with the maximum utility w.r.t.
true distribution p subject to a-FDR constraint:

fopt =argmax Utl(f,v), s.t, f satisfies a-FDR. (1)
fer

Stakeholders and iterative model. Our setting is iterative:
At each iteration ¢ € {1,2,...}, an institution needs to
make predictions about a (new) set of n € N individuals.
E.g., suppose each year a bank must make predictions for
a fresh set of loan applicants. Before the first iteration,
the institution had a decision-making process in place that
it used to make past decisions. This could either be just
human decision-makers or a classifier f,. We assume that
the labeled samples L (i.e., samples predicted positively
in the past) and unlabeled samples Uy from the past (i.e.,
samples predicted negatively in the past) are available. If
the past predictions were made by humans, then one can
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Figure 1. Pipeline of the process undertaken at time-step ¢ to classify unlabeled samples S;. The institution learns a classifier f; using
past labeled data. It also creates exploitation-exploration partitions to decide which elements in S; will be classified using f; and which
elements will compose the exploration set, over which the exploration strategy g will be employed.

train a classifier fj to simulate human decision-making (by
simulating the partition between L and Uj). Importantly,
we make the following minimal assumptions on fj.

Assumption 2.3. We assume fo € F is (a, A)-feasible: a
classifier f is (a, N)-feasible if (1) f satisfies the a-FDR
constraint; and (2) there exists a constant A € [0, 1] such
that Pr,[f(X,2) =1] > A

We require Assumption 2.3 (1) to ensure that a-FDR is
satisfied in the first few iterations (when our predictions are
similar to f) and Assumption 2.3 (2) to prove concentration
bounds on the FDR of fj.

The features-label pairs at the ¢-th iteration correspond
to a set S; of n ii.d. samples from p. However, the
institution only has access to features X; = S;|x and
not the labels. After making predictions g, for each
r € X, the institution observes the labels of all pos-
itively classified samples, i.e., the institution observes
{y | (z,y) € S; and y,, = 1}. This process “partitions” S;
into a labeled set L; = {(z,y) | (z,y) € S; and g, = 1}
and an unlabeled set U; = {z | (z,y) € S; and §,, = 0}.
Sets (L;, U;)!_, can be used for prediction in future itera-
tions. Note that the predictions g should satisfy the a-FDR
constraint so that the utility per iteration is high. Prior
works do not satisfy this constraint and, hence, often have
low iteration-wise utility (as observed in Section 5).

3. Our Framework

As mentioned earlier, our approach for simultaneous data
collection and prediction is designed to handle the partial
feedback setting. To do so, at each iteration ¢, we partition
the domain D into two regions: EXPLOIT; (initialized to be
empty before the first iteration) and EXPLORE; (defined as
D \ EXPLOIT;). Region EXPLOIT; contains all points for

which outcome labels have been observed sufficiently many
times in the past: concretely, each point (x, z) has a weight
wy(x, z)—which is proportional to the number of times its
outcome has been observed in the previous iterations—and
(z, z) is included in EXPLOIT, if wy(z, 2) > T (where 7 is a
fixed pre-specified threshold). For any (x, z), w;(x, z) never
decreases from one iteration to the next, and hence, points
are only added to the exploitation region and removed from
the exploration region. Figure 1 demonstrates our workflow.
The pseudocode of our approach is presented in Algorithm 1
and we next describe its various components. '

Given FDR parameter « as input, fix any cexploit € (0, @).
At iteration ¢, Algorithm 1 receives an unlabeled dataset .S;.

Learning (Step 3). First, Algorithm 1 learns a classifier
ft that maximizes the utility over EXPLOIT; subject
to satisfying cvexploit-FDR constraint and making suf-
ficiently many positive predictions. One difficulty
in learning f; is that the empirical distribution over
EXPLOIT; may not be an unbiased estimate of the true
distribution g (as certain samples are over-represented
due to past-decisions). We correct this by optimiz-
ing the utility with respect to a re-weighted distribu-
tion 7, which ensures unbiasedness with respect to
. Intuitively, n,, is a product of three terms: an in-
dicator ensuring the support of 7,, is EXPLOIT,, (b)
w(z, z), and (c) Pr, [Y=y|X=x, Z=z|. If these terms
are known exactly, then one can show that, by chain
rule of probability, 7, is the same as ;1 on EXPLOIT,.
Algorithm 1 uses estimates of these terms, which we
show is good enough in our theoretical analysis (e.g.,
Eq. 4 generalization bound). This optimization can
be solved using standard cost-sensitive classification

'Note that occurrences of D in Algorithm 1 can be replaced by
St if the domain D is extremely large in practice.
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methods (Appendix D).

Exploitation (Step 4-5). Next, Algorithm 1 uses f; to pre-
dict the labels for samples in .S; N EXPLOIT,. Further,
by design, if nexploir Samples are positively predicted
in this step, then there are at most Nexploit * Cexploit
false positives.

Exploration (Steps 6-8). The exploration region consists
of samples for which sufficient outcome information
is not available. To determine which samples from
EXPLORE; region are positively predicted, we use
function g, which we call the exploration strategy. Con-
cretely, Algorithm 1 draws a “certain” number of ele-
ments from EXPLORE,, with sampling probability of
any point (z, z) being proportional to g(x, z; f;) and
predicts a positive label for these elements.

Observation and region update (Steps 9-12). Finally,
Algorithm 1 observes the true outcome labels of
positively-predicted samples.  In practice, this
observation step entails checking if each positively
classified individual satisfies certain requirements,
e.g., whether a loan is paid back within two years
(see Section 6 for more discussion on this point).
Before the next iteration, we also update the exploita-
tion region to include points (x,z) whose weight
wep1(2,2) = << 9(x, 2 fi) now exceeds T
(observe that wyy1(x, z) is proportional to the number
of times the label of (x, z) has been observed in the
first ¢ iterations).

Two aspects of the exploration step that need further de-
scription are (a) the number of samples, 7explore, from
EXPLORE, region that are positively classified, and (b) the
exploration strategy g. Regarding (a), Algorithm 1 sets
Nexplore =Nexploit * (¥~ @exploit)/1—a. This choice allows us
to control the number of false positives and satisfy a-FDR.
Roughly, even if all nexplore sSamples from the explore re-
gion are false positives, the combined number of false posi-
tives from the exploration and exploitation steps is at most
QU Nexploit * (1—@exploit) /1—a, Which ensures «-FDR since the
total positive predictions is Nexploit * (1~ %exploit)/1-a. See
Theorem 4.1 for formal proof of this feasibility claim.

Regarding (b), Algorithm 1’s only requirement for g is that
it take positive values so that all points have a positive
probability of being observed. When no information is
available about the samples in the EXPLORE, the obvious
choice for g is the uniform distribution. However, that is
rarely the case in practice: while EXPLOIT; and EXPLORE;
could differ in group composition and will likely belong to
different underlying feature-label distributions, there can be
some similarities across different groups that would allow
classifiers trained on EXPLOIT, to be partially predictive on
EXPLORE,. E.g., say in a loan application setting, suppose

Algorithm 1 Data Collection and Prediction Framework

Input: Hypothesis class F with fo € F, a > 0, labeled
dataset Lo, and unlabeled data stream Sp, S1, ..., S7. Constants
Qexploit € (0, ), €, 7, A € (0, 1], and exploration strategy g.

1: Initialize EXPLOIT; = () and EXPLORE; = D
2: fort=1,2,...,7T do

Learn:
3: If t =1, set f = fo (since EXPLOIT; = (}), otherwise

ft = argmaxper Utily, (h,7), )
s.t., Prp, [h=1>X—¢,
Prnm [h 7é Y | h = 1} < Qlexploit + €.

Where 1., (, y, 2) is a density proportional to the product
of three terms: (1) the indicator I [(z, z) € EXPLOIT],
(2) the probability that (, 2) is in |J{_, S; and (3) the
probability that (, 2) is in (J'Z) L.

7

Exploit:
4: L; :={(z,2) € S; NEXPLOIT, | f;(z,2) = 1}
5: Nexploit = |Zt|
Explore:
6: Set TNexplore = (05 — Qlexploit — 5) . nexploit/(l - a)
7: V (z,z) € St N EXPLORE, set p(x, z) x g(z, z; ft)
8: Sample Nexplore points from Sy N EXPLORE; using dis-
tribution p and add sampled points to Et
Observation and Region Update:
9: For each (x,z) € L;, observe label y. Create Ly =
{(z,2,9)|(x, 2) € L,y is (x, 2)’s observed outcome}
10: Initialize EXPLOIT; 41 = EXPLOIT,
11: For each (z, z) € EXPLORE;_1, such that w41 (x, z) =
Doicict 9(x, 25 fi) > 7, add (z, z) to EXPLOIT; 11
12: Set EXPLORE; 41 = D \ EXPLOIT; 11
13: end for

two applicants from different groups have very high credit
scores. Even if EXPLOIT; contains data from only one
group, information about the high credit score applicant
in one group can be used to judge that high credit score
applicants from all groups have low default risk. In such
cases, classifier f; can be utilized for exploration as well by,
say, choosing ¢ (z, z; f;) o< B+(1—8) f(z, z). Parameter
B € [0, 1] will depend on the expected accuracy of classifier
ft over samples in EXPLORE;.

Fairness in exploration. While exploration strategy
g = ¢°f can allow for improved exploration utility, it
can exacerbate social biases if f; is biased towards fa-
voring certain groups. To reduce performance disparity
across groups, it is therefore important to explore the
outcomes of individuals from marginalized groups at an
increased rate. This can be accomplished by choosing
g in a manner that takes into account the proportions
of different groups. E.g., g™ (z,z2; fi)ocg™ (x, z; f3) -
Pr, [Z = z|(X, Z) € EXPLORE;| would use classifier out-



Fair Classification with Partial Feedback

put to improve utility while ensuring that every group’s
selection rate is close their proportion in EXPLORE;. Hence,
groups that are under-represented in EXPLOIT,, compared
to their population proportion, will be explored at a higher
rate. See Appendix A for other choices and discussion of g.

Fairness in exploitation. A common approach to mitigate
biases in classification is to use constraints during learn-
ing that require performance disparity across groups to be
small (Celis et al., 2019a). Our framework can incorpo-
rate such fairness mechanisms by constraining the classifier
trained in Step 3 using any common fairness metric. Fair-
ness constraints in exploitation may be necessary when Al-
gorithm 1 is implemented using a biased data source (which
is the case in Section 5 simulations). In such cases, despite
re-weighting, the distribution used for training in Step 3
of Algorithm 1 can still misrepresent marginalized groups.
However, just using fairness constraints during exploitation
is not sufficient as it only ensures fairness over EXPLOIT;
(which may not represent the entire domain). Hence, it
should be used along with exploration fairness. As observed
in Section 5, group disparity is smallest when fairness is
incorporated in both exploit steps and explore steps.

4. Theoretical Results

We next present the theoretical guarantees of our frame-
work; all proofs are provided in Appendix C. The sample
complexities in our results depend on “how uniform g is.”
One way to capture this is via the following parameter:

0 = (ming 2)ep 9(,2)) /X4 2)ep 9(2,2). 3)

o is non-zero as g > 0. It is minimized when g approaches
0 at some (z,z) € D, and it is maximized when g is the
uniform distribution over D. Our first result shows that
Algorithm 1 satisfies the specified FDR constraint.

Theorem 4.1 (Feasibility w.r.t. FDR constraint). Suppose
fo is (a, \)-feasible (Assumption 2.3). For any €,0,T €
(0, 1], Algorithm 1 satisfies the following at every iteration
t: If n > |D| . pOly (1/)\, 1/7, 1/min{57a75}) . log(\D\/aé),
then the predictions made in the t-th iteration satisfy the
«a-FDR constraint with probability at least 1 — § w.r.t. the
randomness in S1,Ss, . .., St and Algorithm 1.

Theorem 4.1 holds for any exploration strategy g which
takes positive values. In line with other works using explo-
ration for data collection (e.g., Wei (2021)), Theorem 4.1
requires n to be linear in | D|. This dependence can be im-
proved by making additional assumptions on y: for instance,
if p is “smooth,” then one can reduce the sample complexity
from |D| to C, where C is the minimum number clusters
that achieve a “high prediction accuracy” (see Theorem 19.3
of Shalev-Shwartz and Ben-David (2014) and Appendix A).

Our next result shows that the group-wise utility of the

classifiers learned by our framework increases at every it-
eration. The results holds for hypothesis classes / where
each hypothesis f € F is a tuple of p “classifiers” f =
(f1, f2,---, fp), one for each group. Here, each classifier
- belongs to some base hypothesis class B C {0, 1} (e.g.,
set of linear classifiers) and we say F is derived from B.

Theorem 4.2 (Fairness: Improvement in group-wise util-
ity). Suppose fo is (o, \)-feasible (Assumption 2.3) and F
is derived from B C {0,1}*. For any ¢,5,7 € (0,1] and
tuple v, Algorithm 1 satisfies the following at every iteration
tand z € [p]: If n > |D| - poly (}/x,1/r, /min{e,a—<}) -
log (IP1/56), then with probability at least 1 — 6,

i > j ; —e.
Unlﬂ,t(ftv’y’z) - OSI?SatX—l Utllu,t(fw’%z) £

Where Util,, +(f,z) is the utility of f over draws
(X,Y,Z) ~ p conditioned on (X,Z) € EXPLOIT, and
Z = z. The randomness at the t-th iteration is w.r.t. the
randomness in S1, . .., Sy and Algorithm 1.

Theorem 4.2 holds for any Util and shows that, with high
probability, f; achieves a higher utility for each group than
any previously learned classifier. At the ¢-th iteration, the
utility in Theorem 4.2 is measured w.r.t. EXPLOIT, (since f;
is only used to make predictions for samples in EXPLOIT,).

Our final theoretical result shows that f;’s utility converges
to fopt’s utilitys as ¢ — oo since, for any ¢, f; is “accu-
rate” on EXPLOIT; and, as ¢ — oo, EXPLOIT; converges
to D. Intuitively, this is true because Algorithm 1 observes
the true labels of all samples with a positive probability.
Convergence-rate for group z depends on 7, Qexplore, and
o(z). Where 0(2) == mingex 9(z,2)/ (X4 .yep 9(2: %))
is the fraction of mass that function g assigns to group z.

Theorem 4.3 (Group-wise convergence to f7). Sup-
pose fo is (o — €, N)-feasible. For any a,e,0,7 € (0,1]
and Qexploit = O — €, Qexplore = &, Algorithm 1 sat-
isfies the following: if t > 1l/o(z) and n > |D| -
poly (Y/x,1/r,Y/min{e,a—<}) - log (1P|/6) then with proba-
bility at least 1 — 6, the utility of classifier fi learned by the
framework in t-th iteration is at least as large as the utility

of [Spe on samples in the z-th group drawn from p, i.e.,

Util,, (f¢,7,2) > Util, (fgpt,’y,z) —e.

Where the randomness at the t-th iteration is w.rt. the
randomness in S1,Ss, ..., Sy and Algorithm 1.

The convergence rate for the z-th group increases with o(z)
and, hence, choosing g that explores samples in z-th group
with higher probability improves the convergence rate on
the z-th group. This may be desirable in some contexts to
address historical biases (see Section 3 and Appendix A).
Finally, the following convergence bounds are a corollary
of Theorem 4.3: if n > |D| - poly (1/x,1/7, /min{c,a—e}) -
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Table 1. Comparison of all methods on the Adult (race) and German (gender) datasets. We report the avg. revenue per iteration (standard
error in brackets), avg. FDR, and avg. acceptance rate disparity (statistical rate). Parameter details are provided in Figure 2, 3 captions.

Adult - Protected attribute: Race German - Protected attribute: Gender
Revenue Stat. TPR Revenue Stat. TPR
Method (in thousands) FDR Rate Disparity | (in thousands) FDR Rate Disparity
Alg. 1 - no fairness constraint 71.5(12.6) .15(02) .02(02) .08 (.05) 6.4 (4.2) A1(07) .07 (.06) .08 (.07)
Alg. 1 - only exploit fairness 73.0(12.0) .15(02) .02(01) .08 (.05) 8.3(4.1) A1(.05) .04 (.04) .06 (.05)
Alg. 1 - only explore fairness 74.7 (12.0)  .15(02) .03(02) .07 (.06) 9.4 (4.3) A1(.05) .07 (.05) .08 (.07)
Alg. 1 - both fairness constraints ~ 74.1 (12.2)  .15(02) .01 (.01) .06 (.04) 8.8 (4.1) A1(05) .05(.04) .06 (.06)
Baseline - OPT-OFFLINE 75.7 (9.9) 14 (.02)  .03(.02) .12 (.08) 9.7 (2.7) A5(.04)  15(.04) .15(.05)
Baseline - FAIR-CLF 71.1 (1.4) 14 (.02)  .03(.02) .11(.08) 8.7(3.9) 13 (.05) .05(.05) .06 (.06)
KILBERTUS ET AL. 449 (14.1)  .12(03) .03(02) .09 (.07) 9.7 (5.4) 24 (.03) .11 (.09) .09 (.08)
YANG ET AL. -14.7(16.4) 35(.07) .12(.04) .12 (.06) -1.7.(9.7) 29 (.04) .08 (.14) .06 (.13)
RATEIKE ET AL. -17.2(8.1) .12(.01) .02(.01) .02 (.01) 2.2 (0.8) 2501 .04 (.02) .05(.02)

log (IPl/ss) and t > 1/, then with probability at least 1 — 4,
Util, (fi,7) > Util, (f$,7) —e. Le., f¢’s utility is at least

o
as large as that of f,; on the samples drawn from .

Key proof technique. The technical core of our analysis
is a generalization bound (Lemma C.1) showing that the
reweighted distribution 7,, in Step 3 of Algorithm 1 is a
good approximation of ; on EXPLOIT;. We show that if
n > |D|-poly (1/x, 1/, /min{e,a—c}) - log (IPI/o6), then at
any iteration ¢t and for any bounded function h: {0,1} x
{0,1} x [p] — [0, 1] the following holds: with probability
atleast 1 — 9, forall f € F

Enw\(X,Z)GEXPLOITt [h(f(X, Z), Ya Z)}
- EM(X,Z)GEXPLOITt [h(f(X, Z)a Y, Z)}

At any t, n,, is a product of three terms (see Step 3 of
Algorithm 1): (a) an indicator ensuring the support of 7,, is
EXPLOITy, (b) an estimate of y(x, z), and (c) an estimate
of Pr,[Y = y|(X,Z) = (x,2)]. If the estimates in (b)
and (c) are exact, then Equation (4) follows. We prove
that, with probability > 1 — §, both estimates are nearly-
correct for all (x,z) € EXPLOIT; with u(z,z) > ¢/|D|.
This implies that with probability > 1 — 6, 1, (z,y, 2) €
(1 £0(e))pu(z,y, 2) for any (z,z) € EXPLOIT; \ R and
y € {0,1}, where R = {(x, 2) | p(z,z) <¢/|p|}. That
is, 1, is a good approximation of y on EXPLOIT; \ R —
Equation (4) follows as p(R) < e. The proof of estimate
(b)’s accuracy is via the Chernoff-bound. For (c), if we show
that Uz;é L; has at least ko := poly (/<) - log (IP1/5) copies
of each (z,z) € EXPLOIT; \ R, then bound on estimate
(c) follows. Fix any (x,z) € EXPLOIT; \ R. Let N; be
the number of copies of (z,z) in L;. If N1, Ny,... are
independent, then existing concentration inequalities imply
the claim. The main challenge is that independence may not
hold as Algorithm 1’s choices depend on past observations.
To overcome this, we show that Ny, ..., Ny are mutually
independent, where T is the last iteration when (z, z) is in
the exploration region (as before, observed labels for (z, 2)
do not affect n,,). Appendix C provides a detailed proof.

<O0(). &

5. Empirical Results
5.1. Adult Income Dataset

We first evaluate our framework over the new Adult Income
dataset which contains demographic and financial data of
around 251k individuals from California (Ding et al., 2021).
The task is to predict whether an individual’s annual in-
come is above $50k. We use race and gender as protected
attributes. The dataset is almost evenly divided w.r.t. gen-
der, and for race, we limit the dataset to White (93%) and
Black/African-American (7%) individuals. See Appendix E
for feature and pre-processing details. We present results
for race in this section and results for gender are deferred to
Appendix E. We test our algorithm over 40 iterations and the
dataset is randomly split into 40 equal parts. The first part,
denoted by Sy, is used to construct the initial dataset, and
the i-th part is the input for the i-th iteration. We create an
initial dataset using Sy that simulates real-world biased data
settings. To do so, Sy is divided into a labeled subset Ly and
an unlabeled subset Uy, with L containing 90% samples
with class label 1 and only 10% samples with class label 0,
and Up=5p\ Lg. Lo represents decisions made by prior bi-
ased mechanisms (e.g., biased human decision-makers) that
primarily accepted samples for which accurate decisions
could be made. An initial logistic classifier (fj) is trained
to simulate these prior decisions. Assigning samples in L
with a dummy label of 1 and samples in Uy with a dummy
label of 0, we train fj to simulate past decision boundaries.

We use constrained logistic regression with adjusted thresh-
olds to compute f; at any iteration ¢. Utility is measured us-
ing the revenue,, ., (-) metric with ¢; = 500 and ¢ = 200.
The FDR constraint parameter o = 0.15. Performance
for different o and implementation details for the optimiza-
tion program are provided in Appendix E. We perform 50
repetitions using a random dataset split in each repetition.?

Link to code: http://github.com/vijaykeswani/
Fair-Classification-with-Partial-Feedback/


http://github.com/vijaykeswani/Fair-Classification-with-Partial-Feedback/
http://github.com/vijaykeswani/Fair-Classification-with-Partial-Feedback/
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Fairness constraints. As fairness can be incorporated in
both the exploration and exploitation components of Al-
gorithm 1, we obtain four variants of our algorithm: (a)
no fairness constraints, (b) only exploit fairness, (c) only
explore fairness, and (d) both exploit and explore fairness
constraints. For exploit fairness, we use the statistical rate
constraint; i.e., constrain the absolute difference between
acceptance rates across groups (see the last paragraph in
Section 3). When explore fairness is not used — variants (a),
(b) — the exploration function g is set to be g°f and when
explore fairness is used — variants (c), (d) — g is set to be
g™ Functions ¢, g™ are described in Section 3; see
Appendix E for details of sampling using these functions.

Baselines. We compare our approach to the following base-
lines: (a) KILBERTUS ET AL (Kilbertus et al., 2020), which
uses stochastic classifiers to assign a non-zero exploration
probability to every sample; (b) YANG ET AL (Yang et al.,
2022), which employs a bandit-type approach, first deter-
mining the likelihoods using a logistic model and then ad-
justing classifier thresholds to incorporate gathered informa-
tion; (c) RATEIKE ET AL (Rateike et al., 2022), which learns
an unbiased representation of the data using which an online
decision-making model is trained; (d) OPT-OFFLINE, i.e.
the ideal (unattainable in partial feedback setting) classifier
trained using i.i.d. samples from p; (¢) FAIR-CLF, which
implements a classifier, with statistical parity and FDR con-
straints, that is trained every iteration using the available
labeled data. Implementation details are provided in Ap-
pendix E. We report the mean and standard error of revenue,
FDR, statistical rate, and TPR disparity across protected
attributes. Iteration-wise (i.e., for each ¢, evaluate f; over
Si+1 using above metrics) and cumulative performances are
reported to determine short-term and long-term utilities.

Results. Table 1 presents the cumulative performance of
our algorithms for the Adult dataset. The table shows that
all variants of Algorithm 1 achieve high average cumulative
revenue while satisfying the given FDR constraint. Fairness
constraints also have an impact on revenue and fairness.
Using either explore or exploit fairness leads to an increase
in cumulative revenue. This is because both constraints
increase the selection of qualified minority group individu-
als, which leads to improved revenue. In terms of fairness,

Algorithm 1 achieves a low statistical rate for all variants.
Additional fairness is not necessary to achieve a small sta-
tistical rate here because the minority group form only 10%
of the dataset. Hence, any amount of non-trivial exploration
can improve the selection rate for this group. However,
using both explore and exploit fairness leads to the lowest
average TPR disparity, showing that additional fairness can
be useful in gathering accurate information.

Figure 2 presents the iteration-wise performance of our al-
gorithms. The first two plots show that TPR increases with
increasing iterations for all groups. TPR is also larger in
the initial iterations when using exploit fairness, but is over-
taken by or is similar to the TPR of Algorithm 1 with no
fairness constraints in the later iterations. Hence, fairness
constraints accelerate data collection in the initial iterations,
but once sufficient data is available, it seems to have a sim-
ilar TPR as the variant with no constraints. The third plot
in Figure 2 also shows that using exploit fairness results in
the smallest statistical rate. With gender as the protected at-
tribute, fairness constraints have a larger impact in reducing
these outcome disparities (see results in Appendix E).

Comparison to baselines. From Table 1, we can see that all
variants of Algorithm 1 have slightly smaller revenue than
OPT-OFFLINE baseline. This is expected since OPT-OFFLINE
is trained using samples from the dataset distribution, which
is unavailable in the online setting we operate in. When
using fairness constraints, our algorithms also achieve lower
statistical rates and TPR disparities than OPT-OFFLINE, ad-
dressing the biases in the underlying dataset. Algorithm 1
also outperforms the KILBERTUS ET AL and YANG ET AL
in terms of revenue, statistical rate, and TPR disparity. In
particular, the revenue for these methods is low because
of the high number of false positive errors. For RATEIKE
ET AL, FDR, statistical rate, and TPR disparity are small,
however, the cumulative revenue achieved is also quite low.
This is because their algorithm results in a large number of
false positives in initial iterations and, hence, extremely low
revenue in those iterations. By using FDR constraints, we
ensure that the number of false positive errors is small in
every iteration. Algorithm 1 also has better revenue than
the FAIR-CLF baseline, which, due to lack of any explicit
exploration, gathers outcome information at a slower rate
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than our framework. For additional assessments of our ap-
proach, Appendix E presents iteration-wise comparison to
OPT-OFFLINE, FAIR-CLF, and KILBERTUS ET AL.

5.2. German Credit Dataset

Next, we evaluate the performance over the German Credit
dataset (Hofmann, 1994) which contains entries of individu-
als who have taken credit and the task is to decide whether
credit risk associated with them is good or bad. We use gen-
der as the protected attribute (69% men, 31% women). Fea-
tures and pre-processing details are provided in Appendix E.
The original dataset contains only 1000 entries. Since this
is not sufficient for testing our framework, we sample with
replacement 500 entries from the dataset to serve as input
S, for iteration ¢. Other implementation details are similar
to Section 5.1. The utility is measured using revenue,, ., (-)
with ¢; = —500 and ¢ = 200.

Results. Table 1 presents cumulative performance. Algo-
rithm 1 with only explore fairness and Algorithm 1 with
both explore and exploit fairness constraints achieve higher
average revenue than other variants. Algorithm 1 with only
exploit fairness constraints also achieves lowest statistical
rate and TPR disparity but the fairness of all variants is
within one standard deviation of each other. Hence, us-
ing fairness constraints ensures both low disparity and high
revenue. Figure 3 presents iteration-wise performance and
shows that average TPR increases as we gather more infor-
mation. Using fairness constraints also leads to high TPR
for both groups implying that they accelerate data collection.
Statistical rate is smallest when exploit fairness is used.

Comparison to baselines. Table 1 further shows that cu-
mulative revenue using Algorithm 1 is smaller than that of
OPT-OFFLINE and KILBERTUS ET AL baselines. However,
these algorithms perform worse in terms of fairness and
FDR and lead to relatively larger statistical rates and TPR
disparities. Algorithm 1 with explore fairness or with both
fairness constraints also achieve higher revenue and similar
fairness as FAIR-CLF and RATEIKE ET AL. Overall, the
differences between our algorithm and baselines are rela-
tively smaller for this dataset (compared to Adult) since the
dataset size is much smaller here. Yet, we still see certain

improvements due to exploration.

6. Discussion and Conclusion

We provide a framework for data collection and learning that
obtains high prediction utility in every iteration and gath-
ers outcome data for previously unobserved samples. Our
framework ensures that false positive errors are bounded
and employs fairness mechanisms for improved exploration
of under-represented groups. We next discuss certain prac-
tical advantages. An expanded discussion on exploration
strategies, distribution and outcome shifts, multi-class clas-
sification, and limitations is presented in Appendix A.

Short-term gains and long-term utility. An important
advantage of our framework is that it uses both exploitation
and exploration strategies in every iteration. Using available
data to make accurate predictions over the exploit regions,
we ensure that the utility is high in every iteration. And by
randomly selecting samples in the explore region, we gather
data that improves prediction utility in later iterations. We
also provide exploration strategies that can lead to higher
utility over the explore region by using the available clas-
sifier (e.g. g = ¢™" leads to better utility over the Adult
dataset). With appropriate choices, our framework shows
gains in both short-term and long-term utilities.

Fairness. As discussed earlier, fairness can be incorporated
by training classifier f; to satisfy fairness constraints or by
using exploration strategies that encode fairness notions. In
practice, a combination of both could be the most effective
way of tackling biases. Fairness constraints when learning
ft can also encode an implicit form of exploration, since
they may encourage increased selection of minority individ-
uals to satisfy the constraints. However, as noted in prior
work (Kallus et al., 2020), implicit exploration using fair-
ness constraints may not be sufficient for collecting outcome
data about minority groups. In Section 5, we observe that
complementing fairness constraints in exploitation with fair-
ness strategies in exploration is the most effective solution
to reduce disparities. Hence, standard fair classification per-
formance can be improved by using additional exploration.
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Supplementary Material

A. Additional Discussion

In this section, we further discuss exploration strategies, distribution and outcome shifts, multi-class classification, limitations
of our analysis, and broader impact.

Outcome observations. Our framework assumes that for samples predicted positively at any iteration ¢, the true outcomes
will be observed before time ¢ 4+ 1. However, in real-world applications, outcomes for different samples might be observed
at different time intervals. For instance, loan default is defined as whether a loan was repaid or not within a certain number
of years. However, different people could repay at different times. We make the assumption that all outcomes are observed
before the next iteration for ease of analysis. Moreover, we also assume that the data observed is accurate whereas, in
practice, data inevitably has recording errors that can have adverse effects (Chen et al., 2019; Wang et al., 2020; Celis et al.,
2021; Keswani and Celis, 2023). Future work can further explore methods to model settings where samples are observed at
different time periods and possibly contains errors.

Other fair exploration strategies. We discussed a few exploration strategies in Section 3 that either assume no information
(uniform sampling), strategies that use the classifier (¢°'(x, 2) o< 8 + (1 — ) f¢(x, 2)), and fair exploration strategies that
use the classifier (¢ (z, 2) o< (B + (1 — B) fi(x,2)) - Pr, [Z = 2 | (X, Z) € EXPLORE,]). There are many other possible
choices of exploration strategies and we discuss a few other fair strategies here.

If the classifier has very low accuracy or large biases over the EXPLORE region, it would not make sense to use it in the
exploration function. In such cases, if we still want to sample minority group individuals at a higher rate, then using the
uniform sampling function would sample groups proportional to their representation in the EXPLORE, region. Hence,
if these groups are under-represented in the EXPLOIT; region but over-represented in the EXPLORE; region, they would
be selected at a higher rate. Alternately, if the underlying population is demographically-imbalanced and the institution
wants to select an equal number of individuals from all groups for exploration, then it can use the exploration function
9(z,2) x 1/Pr, [Z = z | (X, Z) € S¢]. If the classifier does have reasonable accuracy for some EXPLORE; samples and
the institution wants to select an almost equal number of samples from all groups, then it can use the exploration function
g(x,z) < (B+ (1 —PB)fi(z,2))-1/Pr,[Z =2 | (X,2) € Sy

Depending on the context and application and question, different choices for g would be relevant and useful. Nevertheless, in
all settings, it is important to select a function that takes positive values and ensure all demographic groups are appropriately
represented among the explored samples.

Multi-class classification. We have mainly considered binary classification settings so far. However, our proposed algorithm
can be used for multi-class classification as well. Suppose the set of all class labels is )} and outcomes are observed only
if the prediction belongs to a subset )’ C ). In this case, at iteration ¢, Step 3 of Algorithm 1 can learn a multi-class
classifier over the labeled weighted data. The remaining steps, i.e., determining the EXPLORE and EXPLOIT partitions and
exploration remains unchanged. This is because computing weights for each sample (Step 6 in Algorithm 1) would once
again involve determining whether at least 7 fraction of previous classifiers would have predicted a label in set )’ - if yes,
this sample is put in EXPLOIT region, otherwise put it in EXPLORE region. With these simple modifications, Algorithm 1
can be used for multi-class classification settings.

Choice of hypothesis class. The choice of hypothesis class for Algorithm 1 is important. It encodes context-specific
knowledge, such as, whether individuals in different groups have similar or different distributions of features and labels.
On the one hand, if the distribution of features and labels is similar across groups, then we may want classifiers to not use
protected attributes for predictions. On the other hand, if the distribution of features and labels is different across groups,
then we may want the classifiers to use the protected attributes for prediction. Depending on the application and available
data, this choice can be made appropriately.

Sample complexity of theoretical results. Our theoretical results (Theorems 4.1, 4.2, 4.3) do not make assumptions on the
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underlying distribution p, as additional assumptions may reduce the practical usefulness of the framework. This results
in linear dependence on domain size | D|, which can be large. The difficulty in proving such bounds is that they rely on
training data being sampled i.i.d. from the underlying distribution . However, in any non-trivial data collection framework,
the specific samples collected are bound to depend on the observations made in the previous iterations. This dependence on
past observations violates the independence assumption.

That said, if the distribution  is known to satisfy additional properties, then the number of samples required by the theoretical
results may be reduced. For instance, suppose the underlying distribution is “smooth,” as assumed by generalization
guarantees of clustering algorithms (see Chapter 19 of (Shalev-Shwartz and Ben-David, 2014). In this case, one can first
cluster the samples in the domain D to obtain a set of clusters C' such that almost all samples in each cluster have the same
label, and then use our framework with C' as the underlying domain (see Theorem 19.3 (Shalev-Shwartz and Ben-David,
2014)). In this case, the dependence on |D| improves to |C|, which is always smaller and the ratio J%ll depends on the
desired accuracy and the “smoothness” of .

Limitations of empirical analysis. In our empirical analysis, we assume that the applicants arriving at every iteration are
sampled i.i.d. from the dataset distribution. However, the distributions for the Adult and German datasets are likely to be
different than the true population distributions. Since we do not have access to the true distribution and only have access to
the given dataset, we are only able to simulate the setting where the initial data available to the framework Ly is different
than the dataset distribution (i.e., treating dataset distribution as true distribution). Future simulations on settings where true
underlying distribution is available will be useful to assess the complete impact of exploration.

Distribution shifts. Algorithm 1 assumes that features arriving at the beginning of every iteration, S, Ss, . . ., S; sampled
from the true distribution u. In practice, this may not necessarily be true. Sample distributions can be different at different
iterations and even the underlying distribution y can change over time. Keeping aexplore in Algorithm 1 to be non-zero
for all iterations can ensure that a certain number of samples are explored every iteration. Future work can also study and
analyze other exploration strategies to find the most effective one for this setting.

Broader impact. Our framework provides a method to collect outcome information about relatively unexplored subpopula-
tions so that classifiers trained using observed data are accurate over the entire population and not just for subpopulations for
whom data is available. It is important to note that in our framework fairness is primarily ensured with respect to predefined
protected attributes. Our framework might not ensure performance parity for groups that are not explicitly defined as
“protected” and, hence, it would be crucial to first identify all group attributes with respect to which observation disparities
exist.

Secondly, exploration in settings like credit lending comes with risks. Providing a loan to a person who cannot pay it back
can be harmful to the person’s financial status and severely affect their credit score. We try to minimize this possibility by
incorporating the decision of classifiers learned on exploit region during exploration, but the stochasticity of exploration can
still make this scenario possible. While exploration stochasticity can be beneficial to the institution in terms of collecting
data about the entire population, it would also be useful to scout additional exploration strategies that minimize risk for
individuals and this can be a fruitful direction for future work on this topic.

B. Other Related Work

Approaches from related fields like active learning and fair classification can be employed in the partial feedback setting, but
suffer from some drawbacks that we discuss in this section.

Fairness classification. To reduce performance disparity across demographic groups, fair classification (Zafar et al., 2017a;b;
Agarwal et al., 2018; Celis et al., 2019a) and multi-armed bandit (Celis et al., 2019b; Patil et al., 2021) approaches can also
potentially be used. However, fairness constraints are informative of outcome bias only when evaluated over datasets whose
empirical distribution is close to the underlying population distribution. Since partial feedback results in distribution shifts,
the above assumption may not hold, and learning using only fairness constraints would not guarantee low disparity and high
utility (Kallus and Zhou, 2018). Our framework allows for supplementing fairness constraints with additional exploration to
address this issue.

Active learning. Active learning-based data collection approaches assume that labels can be queried for each sample at a

fixed cost (Cai et al., 2022; Li et al., 2022; Abernethy et al., 2022; Shen et al., 2022; Anahideh et al., 2022; Sharaf et al.,
2022). These approaches, once again, focus on achieving high long-term utility by addressing gaps in the available outcome
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(empirical) distribution. The main difference between our work and prior active learning approaches is the presence of
the FDR constraint which ensures that iteration-wise utility is also continuously high despite exploration. Additionally,
unlike the standard setup for active learning, our work assumes that labeling costs depend on the outcome and the classifier.
For instance, a false positive can be significantly more costly to the institution than a false negative (as in the case of loan
defaults).

The adaptive exploration approach of Yang et al. (2022) falls within the category of active learning and Section 5 demonstrates
the drawbacks of this approach - empirical analysis shows that the algorithm of Yang et al. (2022) achieves significantly
lower cumulative utility and higher statistical rate disparity than our framework.

Classification using selective labels. For judicial bail decisions, Kleinberg et al. (2018) train a model using past judges’
bail decisions with true outcomes only available for released defendants. Unlike our work, they do not incorporate outcome
information from positively classified samples into classifier training. De-Arteaga et al. (2018) suggest a similar approach
for data augmentation that exploits the human decision-makers’ decisions in regions where they are accurate and trains a
classifier for regions where they are not. Their approach also has additional drawbacks: it assumes that all decision-makers
have similar behavior, which is not true in our setting where the decision-makers are classifiers that can be different across
different iterations. Extrapolation (Coston et al., 2021) or reweighting (Li et al., 2020) methods for partial feedback settings
have also been proposed to impute the labels for unlabeled samples. Imputation of this form, however, assumes that all
samples are appropriately represented in the labeled data distribution. This assumption does not hold in settings where
historical biases have led to the under-representation of certain groups in the labeled data. Algorithms for ensuring fairness
in sequential decision-making tasks — modeled as Markov decision processes (MDPs) — are also relevant in this setting (Wen
et al., 2021). While these may be used for decision-making, their practical use may be limited by the assumption that all
involved individuals’ actions follow a known MDP.

Data augmentation. Beyond the data collection approaches discussed in Section 1, certain related methods often turn
towards other sources to obtain information about outcome data of under-explored populations. This includes methods
of data collection using human annotators (Li et al., 2022) or augmenting available data using third-party signals (Fong
et al., 2022); however, these approaches are often impractical as they can only provide proxies for the true outcomes, which
themselves can encode social biases (Srinivasan and Chander, 2021). One recent approach also studies how to distribute a
specified data-collection budget among different data sources (Kang et al., 2023). In this case, the data collection takes place
before the prediction phase and does not rely on the predictions being made. The main challenge of partial feedback setting,
however, is that data collection and learning are necessarily intertwined. For instance, in the credit-lending application,
banks require data on past loan repayment rates which themselves are determined by the predictions made by the bank (i.e.,
the loans it gives out). Prior approaches that do not account for this causal relation between prediction and data collection
are bound to be either ineffective in improving prediction performance and/or wasteful in data collection.

C. Proofs
C.1. Proof of Theorem 4.1

In this section, we prove Theorem 4.1. For ease of reference, we restate Theorem 4.1 below.

Theorem 4.1 (Feasibility w.r.t. FDR constraint). Suppose fo is (o, \)-feasible (Assumption 2.3). For any ¢,6,7 € (0, 1],
Algorithm 1 satisfies the following at every iteration t: If n > |D| - poly (}/x, /7, /min{e,a—e}) - log (IPl/ss), then the
predictions made in the t-th iteration satisfy the a-FDR constraint with probability at least 1 — 6 w.r.t. the randomness in
S1,S82, ..., and Algorithm 1.

Recall that we assume that Assumption 2.3 holds with constants o, A € (0, 1]. This implies that the classifier fo € F
satisfies the a-FDR constraint and has a selection rate of at least ), i.e.,

Pr, [fo(X,Z) =1and Y =0
Pr, [fo(X, Z) = 1]

<a and Pr[fp(X,Z2)=1]> A\ 5)
o

Where we use Pr,[-] to denote Pr(x y,z)~,["] and E,[-] to denote E(x v, z)~p[-]-

To prove Theorem 4.1, given any ¢,6,7 € (0, 1], we need to show that if n is sufficiently large, then at each iteration
t € {1,2,...}, with probability at least 1 — ¢, the data collection and prediction framework in Algorithm 1, run with the
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parameters Qexploit ad Qexplore, Makes predictions that satisfy the (texploit + Ctexplore + O(€))-FDR constraint, i.e.,

Z(m,z)es,, I [:/y\(r,z) =landy = 0}
E(z,z)est I [@\(Z,z) = 1]

In particular, we will show that the following lower bound on n is sufficient

S Qexploit + Qexplore + 0 (5) . (6)

_12p) 1D
n r - 10g —.
- 3 acxplorc)\ & oo

)

TE

The main step in the proof is to establish the following concentration inequality.

Lemma C.1. For any bounded function h: {0,1} x {0,1} x [p] — [0, 1], any number t € {1,2, ...}, and any constants
g, 7,0 € (0,1], givenn > |D| - poly (Y/r, /e, 1/x, Yawpiore) - log (I1PV/(55)) at the t-th iteration 1y, is such that the following
holds

E, [hMf(X,2),Y,Z2)|(X,Z) € EXPLOIT
prlvyep, | B BUK2LY.2)| (X.2) 1 [ I
— E,[h(f(X,2),Y,Z) | (X,Z) € EXPLOIT]

Where n,, is the distribution defined in Step 3 of Algorithm I, EXPLOIT; is the exploitation region at the t-th iteration. The
expectations and probabilities are over the randomness in the draw of Sy, S1, . . ., St and the randomness in Algorithm 1.

Before presenting the proof of Theorem 4.1 we require the definition of the Vapnik—Chervonenkis (VC) dimension.

Definition C.2. Given a finite set A, define the collection of subsets F4 := {{a € A | f(a) =1} | f € F}. We say that F
shatters a set B if | Fg| = 2/Z]. The VC dimension of F, VC(F) € N, is the largest integer such that there exists a set C' of
size VC(F) that is shattered by F.

Proof of Theorem 4.1 assuming Lemma C.1. Fix any iteration t € {1,2,...}. Assume ¢ < \/3.? Consider the classifier f;
in Algorithm 1. Recall that Algorithm 1 uses f; for making predictions in the exploitation region EXPLOIT; and makes at
most ¢ positive predictions in the exploration region EXPLORE;, where

¢ = Z I [ft(xa Z) = 1] * Olexplore-

(x,2z)€S¢NEXPLOIT

Due to this, to establish Equation (6), it suffices to prove the following

Z(I,Z)GStﬁEXPLOITt Ife(z,2) =landy = 0] 10e
< Qlexploit + —-
Z(m,z)eStHEXPLOITt I [ft (1’, Z) = 1] A

®

First, we will express the above ration as a ratio of expectations over p using a standard generalization bound. Then, we
will use Lemma C.1 to complete the proof. Note that, we can bound the VC-dimension of F by |D|: VC(F) < |D|
(Shalev-Shwartz and Ben-David, 2014). Hence, using the standard generalization inequality in Section 28.1 (Shalev-Shwartz
and Ben-David, 2014) and the lower bound on n, we have the following bound: for any distribution ¢ over D

Pr |:Vf€]:,

JE WX, 2),Y, 2)] - E[(7(X, 2)., Z)]\ < z1-5

Setting ( to be the distribution y restricted to the EXPLOIT, and observing that S; has n samples drawn i.i.d. from p, we
deduce the following from the above inequality

Pr Vs Es, [h(f(X,2),Y,Z) | (X, Z) € EXPLOIT,] N ©
T B, (X, 2),Y,2) | (X, Z) € Exproimy] | '

*If € > A/3, we can set € = \/3. This only improves the guarantee we prove, and the lower bound on 7 is not violated as it depends
onmin{\/3,e}.
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Combining Lemma C.1, Equation (9) using the triangle inequality, and the union bound, we get the following bound

E,., [Mf(X,2),Y,Z) | (X,Z) € EXPLOIT]
— Eg, [W(f(X,2),Y,Z) | (X,Z) € EXPLOITY]

< 2| >1-246 (10)

Pr (Vyer,

Let & be the event that the following holds

E,, [hW(f(X,Z),Y,Z) | (X, Z) € EXPLOIT]
VfE]‘-v S 2e
— Es, [Mf(X,2),Y,Z) | (X,Z) € EXPLOIT]
The Equation (10) implies that Pr[¢] > 1 — 2. Conditioned on &, selecting
h(y1,y2,2) =I[y1 = 1 and y» = 0],
Equation (9) implies that
E,, [f:(X,Z)=1andY =0 | (X, Z) € EXPLOIT;]

Z(z,z)est NEXPLOITy I[f¢(z,2)=1and y=0]
| St MEXPLOIT |

< 2. (11)

Similarly, conditioned on &, for
h(yla Y2, Z) = ]I[yl = 1]7
Equation (9) implies that

Z(x,z)EStOEXPLOITt I[fi(z,2) =1]
|S¢ N EXPLOIT,|

E [f:(X,Z)=1]|(X,Z) € EXPLOIT;] — < 2e. (12)
Nw

Since f; is feasible for Program (2) in Step 3 of Algorithm 1, it follows that f; satisfies the following constraints

Pr,, [ft(X,Z)=1and Y = 0]
Py, [fi(X,Z) =1]

Now, we are ready to prove Equation (8).

Z(x,z)eSmEXPLOITt I[fi(z,2) =1and O(z,z) = 0] an, 12 Pr,, [ft((X,Z)=1andY =0] + 2¢

< Qexploit +€ and  Prfy(X,Z)=1]> X —e. (13)
N

Z(m,z)GStOEXPLOITt I [ft(x’ Z) = 1] N Prnw [ft(Xv Z) = 1] -2
_ Pr [fi(X,Z)=T1andY = 0] + 2¢ 1
Pr, (X, 2) = 1] L= pr =T
19 Pry, [fy(X,Z) = land ¥ = 0]+ 2 1
- Pr,, [fe(X, Z2) = 1] 1— 32
Pr,, [ft(X,Z)=1andY =0]+¢ <1+45)
= Pr,, [[(X.2) = 1] X))
(Using that (1 — 1_gm) <lt4zforallz €0, 1] ande < 2) (14)

An upper bound on the RHS of the above equation is as follows

Pr,, [ft(X,Z)=1andY = 0] + 2¢ 4e\ B Pr, [fe(X,Z)=1andY = 0] 4e 2 4e
b, (%.2) =1 '(”A) S LX) = 1] '(1 A) b (”)

A
Pr,, [ft(X,Z)=1and Y = 0] de de de
< Nw ’ 1+ = 14+ =
S Pn X2 =) X)) TR

(Using that 12~ < 2z forall z € [0, ] ande < 3)
(13) de 9e 1
< (Qexploit +€) - (1+>\> er . <1+)\>
14e )
< Qexploit + T (Using that 4e < AMa<l,and0< A<

Substituting this in Equation (13), implies Equation (8). The result follows as & holds with probability at least 1 — 2. O
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Remark C.3. Note that the above proof does not use Assumption 2.3. This assumption is only required to ensure that
Program (2) in Step 3 of Algorithm 1 is feasible forall ¢ € {1,2,...}.

C.1.1. PROOF OF LEMMA C.1

Discussion of techniques. The generalization bound in Lemma C.1 shows that the reweighted distribution 7,, in Step 3
of Algorithm 1 is a good approximation of p on EXPLOIT;. Recall that this bound is as follows: if n > ng = |D| -
poly (1/x, /7, Y/min{e,a—e})-log (1PI/o5), then at any iteration ¢ and for any bounded function iz {0, 1}x{0, 1} x[p] — [0, 1]
the following holds

E [n(f(X,2),Y,2Z)]
Prlv ’ Nw|(X,Z)EEXPLOIT, ) ’ <0 >1-34. 15
r{ rer ’ - E;LKX,Z)GEXPLOITt [h(f(X, Z) YZ)] o (6) - ( )
At any t, n,, has the following product form
N (2, y,2) < I[(x,z) € EXPLOIT] - So,}.D.{St (X,Z) = (z,2)] SOPr [ x,Y, 2 U L; (16)

The first term ensures that the support of 7,, is EXPLOIT;. The second term is an estimate of y(x, z). The third term is an
estimate of Pr,, [Y =y | (X, Z) = (z, 2)]. If both of these estimates are exact, then Equation (15) follows. We prove that
the estimates are nearly-correct for sample (x, z) with a sufficient probability of mass under p. Consider the set R of all
samples that have a small probability mass under p: R := {(z, z) | u(z, z) < ¢/|p|}. The proof of the claim for the first
estimate is straightforward: the Chernoff bound and the union bound imply that if n > ng, then

Pr [v(x,z)eEXPLOITt\Rv gr (X,Z2)=(x,2)] € (1L¢) -,u(x,z)} >1-9. a7

The claim for the second estimate holds if Uf;é L; has at least kg = poly (/<) - log (IPI/s5) copies of each (z,z) €
ExXPLOIT; \ R. Under this assumption, standard techniques imply that

Pr

V(2,2)€ExpLoIT,\ B> SoPr l T, Y, 2 U L; ] (1+e¢) Pr Y=y|(X,2)=(z, Z)]] >1-4. (18)

3ty t

Together, Equations (17) and (18), imply that: with probability at least 1 — 0, 1, (x,y,2) € (1 £ O(¢)) - u(z,y, z) for
any (z,z) € EXPLOIT; \ R and y € {0,1}. That is, 7, is a good approximation of 1 on EXPLOIT, \ R. Since the total
probability mass of samples in R is at most ¢, the required generalization bound (Equation (15)) follows. It remains to show
that there are at least kg copies of each (x, z) € EXPLOIT; \ R in Uﬁ:é L; (which was used to prove Equation (18)).

Fix any (z,z2) € EXPLOITt \ R. Let N; be the number of copies of (x, z) in L; and N = Zl o IN; be the number of copies
of (z,2) in J'Z} ! L;. One can show that E[N;] = Q(n x g(z,2; f;)). Since (z,z) € EXPLOIT,, S 9@z fi) > 7
and, hence, by hnearlty of expectation E [N] > Q(n x 1) = k. Thus, it suffices to show that N > Q (E [N]) with high
probability. Here, N is a sum of 0/1 random variables Z;;: denoting whether (x, z) is the j-th sample in L;. If {Zij}i,j are
independent, then one may hope to prove the concentration of N via standard inequalities.

The main challenge is that, since Algorithm 1’s choices at the i-th iteration depend on past observations, independence
may not hold. Let T be the last iteration when (z, z) is in the exploration region. We overcome this using the fact that
{Z;; | i € [T],j € |L;|} are mutually independent because till (, z) is included in the exploitation region, labels observed
for (z, z) do not affect 7,, and, hence, Algorithm 1’s choices.

Proof of Lemma C.1. Recall the following definitions

o= mino,, where, Vz€[p], o,:=min minsex 9(2, % f) (19)

z€[p] fer Z(r [)E'Dg(x enf)

Fix any bounded function h: {0,1} x {0,1} % [p] — [0, 1], any number ¢ € N, and any constants £, 7,6 € (0, 1]. Fix any n
satisfying the following lower bound

S 12 |D| 1 o D]
T 7€ QexploreA & oo
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The proof is divided into three steps. In the first step, we show that, when D is finite and n is sufficiently large, with
probability at least 1 — 4, at each ¢, it holds that: for each (z, z) € EXPLOIT; satisfying pu(z, z) > ﬁ

s (0 Z) = (@ 2)] € 1+ &) ul@,2).

In the second step, we show that with probability at least 1 — §, at each ¢, it holds that: for each (x, z) € EXPLOIT, satisfying
n(z,z) > 5 andy € {0,1}

vz, ¥ SV KD =@l (£ Pr [V =y|(X.2)= (22)]

In the third step, we conclude the proof.
Step 1 (Prg,[(X, Z2) = (z,2)] € (1£¢)?- u(x, 2) for each (z,z) € EXPLOIT;): Fix any (, z) € D with u(z, 2) > ToT-

Since for each t, S; contains of n iid samples from p, it follows that the expected number of copies of (x, z) in S, say
Nw,z,h is

m@2) 215 19 1 |D|

E[Ng.t]=n- , > —  ——— - log —. 20
(Nazt] = n - p(z, 2) p RS = (20)

Moreover, the Chernoff bound implies that with a probability of at least

g2 12 1 |D| do
1-2 - ———log— | >1-2— Using that 0 < TexploreA < 1) (21
exp ( 5 722 aurore) og 5o ) > D] (Using that 0 < Tarexpl ) (21)
N, . ¢ lies in the following interval

[(1 —5)nu(a:,z),(1—|—5)nu(x,z)] (22)

Now the union bound over all z € D implies that with a probability of at least 1 — 2J0, the following holds: for all
(z,z) € EXPLOIT, satisfying p(z, z) > o1

Nz,z,t (2])é(22)

- (1+e)% p(z,2). (23)

Pr((X.2) = (2,2)] =

Step 2 (Prr,u..ur, [y | (z,2)] € (1 £¢€)%-Pr,ly| (z,2)] for each (z,z) € EXPLOIT,): Fix any (z,2) € D with
wu(z, z) > o7 Let Ty . € Nbe the last iteration where (x, z) is in the exploration region. Since g(z, z; f;) > o for each
1 € N, it follows that

T,.<o % (24)

For any ¢ € N, let N, . ; be the number of copies of (x, z) in S;. Let &, . be the event that

. 6 1 |D|
== = TE?  QexploreA o8 oo
The Chernoff bound and the union bound imply that
do 24 )
Prié,.]>1—Ty,x2+— >1—-2—.
1D |D|

Order the N, , ; copies of (z, ) in S; arbitrarily for each ¢ € N. Observe that each copy of (z, z) in S; (for any ¢ € [T}, ,])
is positively labeled with probability ctexplore - g(, 2; f;). Henceforth, we abbreviate g(x, z; f;) as g;(z, z). The event
that (x, ) is positively labeled in iterations 1 < 4,45 < T , are independent as till (z, z) is not in the exploitation region,
it does not affect Algorithm 1’s decision to positively label samples. Let Z; € {0, 1} be the indicator random variable that
the j-th copy of (z, z) in S; exists and is positively labeled for some 1 < i < T, .. Define

1 D
PRI 2

25
TE?  QexploreA oo (25)
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Conditioned on & . it holds that: forall 1 < j < A
T
Pr [Zj =1 | gx,z] =1- H (1 - gi(xa Z)aexplore/\)
i=0

T
>1-— H exp (—gi (2, 2) Qexplore\) (Using that e™® > 1 — x for all x € R)
i=0

T
=0

>1—exp (_Taexplore/\)
(Using that T is the last iteration when (z, z) is in the exploration region and, hence, Z¢T=o gi(z,2) > 1)

1
>1-— (1 — 2Taexplore)\) (Using that e™® <1 — & forall 2 € [0,1] and 0 < TaexploreA < 1)

1
= ETaexplore)\- (26)

Moreover, Z; and Z; are independent for all ¢ # j. Hence, the Chernoff bound implies that

A

1
P i
ITTAT T 279

1 1 A
Tacxplorc)\‘| > 1-—2exp <_3 ’ 1 : 27acxplorc>\>

(2) 1 _ 2€Xp N 7—Oéexplore)\ 10 |D|
4772 QexploreA s

2 12—, (Using0 <e < 1) (27)
Let P, , ; be the number of copies of (z, ) that are positively labeled in the first  iterations. Observe that P, , A > ZA

Thus, the union bound implies that with probability at least 1 — 24, for each (z, z) € EXPLOIT; satisfying u(x, z) >
least

\D\ at

D]

oo

copies of (x, z) are positively labeled in the first ¢ iterations. Since each positively lebled copy of (z, z) is inclded in
Ui;(l) L;, it follows that with probability at least 1 — 26, at least 525 log LD| copies of (z, z) are included in Uf;é L; for
each (x, z) € EXPLOIT, satisfying pu(x, z) > o7~ Suppose this event is é‘} “Consider (X,Y, Z) ~ p. Since conditioned on
(X,Z) = (z,2),Y is a bernoulli random variable with

3
Pzzt>PzzA>§€ 210g

Pr[lY =1] = P;r[Y =1|(X,2) = (x,2)], (28)

conditioned on &, it holds that

D (XY, Z)€ Lol UL |(X,Z)= () LY = Y]
P Y = X.7Z)= — ) 0 t Z)=(z,z .
(X7Y7Z)NL[)£L1U'~~UL,3 [ y | ( ) ) (wyz)] Px,z7t

Using standard concentration properties of sums of Bernoulli random variables and the fact that conditioned on &;,

Py.1 > 5% log 2L, it follows, that with probability at least 1 — %,
(28)
> Y=yl € (14e) Py -Pr[Y =1|(X,2) = (z,2)].
(X,Y,2)ELoU- UL |(X,2)=(,2) g
Thus, conditioned on event &%, with probability at least 1 — D] DI , it holds that
P Y = X, Z)=(z,2)] e 1xe)PrlY =1|(X,Z2) = (z, 2)].
v BT =y (X.2) = (@ 2] € £ PrlY = 1] (X,2) = (2, 2)
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The union bound now implies that, conditioned on &}, with probability at least 1 — 240, for an (z, z) € EXPLOIT; satisfying

w(z, z) > ﬁ, it holds that

v Pl Y =y (X2) = @ 2)] € (£ PY =11 (X,2) = (22)

This completes Step 2.

Step 3 (Completing the proof of Lemma C.1): Let R be the set of all samples (z, z) such that p(x, z) < o7

Ri={(02) € X bl Lo 2) < .

Since |S| < |D|, u(S) < e. Hence, the Chernoff bound implies that with probability at least 1 — J,

1
|R NS Sne—i—q/nslogg. (29)

Consequently, with probability at least 1 — 4, it holds that

9) neE + 1/ nelog %

Pr{(X,2) € B] <

n

T Qexplore A i
<e+é? ﬁ (Using that n > 13';?' : m -log %)
< 2. (Using that [D| > 1,0 < aAr < 1,ande < 1)

For any t, let ¢; be the event that the following holds:

gr[(Xa Z) € R] < 2, (30)
V(z,z) € EXPLOIT; \ R, Er[(X, Z) = (x,2)] € 1 +¢e)? u(x,2),

V(z,z) € EXPLOIT; \ R, LOUI?;ULt Y=vy|(X,2)=(z,2)] € (1%e) - l?tr[Y =1|(X,2) = (z,2)].

Steps 1 and 2 show that for each ¢,

Pr(9])>1—460—206 >1—60.
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Fix any classifier f € %, conditioned on ¢ the following inequalities hold

E [h(f(X,Z2),Y,Z)]| (X,Z) € ExpLOITy| — E[h(f(X, 2),Y,Z) | (X, Z) € EXPLOIT]

Nw n

- XY ) (POGY.2) = ()] - PHXY2) = (9] )

(z,z)€ExpLOIT; y€{0,1}

< > >

(z,z)€ExpLOIT, y€{0, 1}

< 2 X

(z,z)€ExpLOIT:\ R y€{0, 1}

LD

(z,2z)€EXPLOIT:NR ye{0,1}

= > >

(z,z)€ExpLOIT:\R y€{0,1}

LD IS

(z,z)€ExpLOIT:NR y€{0,1}

D OEEDD

(z,z)€ExpLOIT: \ R y€{0,1}

+ > Y |Prl(X.Y,2) = (,y,2)] - Pr[(X,Y, 2) = (2,9, 2)]
(z,z)€ExpPLOIT:NR ye{0,1} K a

< Y > [aEe)? 1] Pr(X,Y, 2) = (2,y,2)

(z,2z)€ExpLOIT: \R y€{0,1}

LD

(z,z)€ExpLOIT:NR y€{0,1}

<3e- Z Z Pr (X,Y,Z) = (2,9, 2)]

(z,z)€ExpLOIT: \ R y€{0, 1}

Pr{(X.Y, Z) = (2,y,2)] - Pr{(X, Y, Z) = (z,y, 2)]
o
(Using that the range of h is [0, 1] and triangle inequality)

Pl" XYZ) (!E,y,Z)]—l:;I‘[(X,}/,Z):(x,y72)]

Pr[(XaYvZ) = (m,y,z)] - IZI“KX7 Y, Z) = (amy,z)]

Prg, [(X, Z) = (2,2)] - Pryxv,z)~rou-ur, Y =y | (X, Z) = (2, 2)] ‘
- Pr,[(X,Y,2) = (z,y, 2)]

PI‘[(X, Y7 Z) - (l’,y,Z)] - P;I‘[(X,Y, Z) = (IL‘,y,Z)]

(1£¢)?Pru[(X,Z) = (2,2)] - Prx yzyon [V =y | (X, Z) = (2, 2)] ’
- Prﬂ[(XaKZ) = (x,y,z)]

Pr[(X7KZ) = (x,y,z)] - };r[(X7Y? Z) = (%y,z)]

(Using that (1 —2)? <1 —3zand (1 +2)? <1+ 3z forall z € [0,1])

DD

(z,z)€ExpPLOIT:NR y€{0,1}

<3+ > >

(z,z)€ExpLOIT:NR y€{0,1}
st 3 (B2 = ) B Y.2) - (50,0)])
(z,z)€BExpLOIT,NR y€{0,1} e :

<342+ > Y Pi(X,Y,Z) = (2,y.2)]. 31)

n
(x,z)€ExpLOIT,NR y€{0,1}

PI‘[(X,KZ) = (x,y,z)] - IZI‘[(Xv Y, Z) = (x,y,z)]

Nw

PI‘[(X, Y, Z) = (x,y,z)] - P:LI"[(X, Y, Z) = (z,y,z)]

It remains to upper bound 3, .\ cpxpiom,nr 2oyefo,1} PTn. (X, Y, Z) = (2,y, 2)]|. Towards this, observe that

S > Pr(X,Y,2) = (2,y,2)]

(z,2)€EEXPLOIT:NR y€{0,1}

- Y Y mED) =@ Pr Y =y (X,2) = (,2)

X,Y,Z)~LoUL;U---UL,
(z,z)€ExpPLOIT:NR ye{0,1} ( )~LoULa k
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<2 Z gr[(X,Z):(z,z)}

(x,z) EEXPLOIT:NR
= 21§r[(X, Z) € EXPLOIT; N R]

< 4e. (Using Equation (30))

Substituting this in Equation (31), implies that conditioned on ¢, for any f € .#

By, [0(f(X,2),Y,Z) | (X, Z) € EXpLOIT,] | _ .
— E,[h(f(X,2),Y,Z) | (X,Z) € ExpLoiTy] | = &

Since Pr[¥¢] > 1 — 64, the result follows by rescaling ¢ and € by 6 and 7 respectively.

C.2. Proof of Theorem 4.2

In this section, we prove Theorem 4.2. For ease of reference, we restate Theorem 4.2 below.

Theorem 4.2 (Fairness: Improvement in group-wise utility). Suppose fo is («, A)-feasible (Assumption 2.3) and F is
derived from B C {0,1}*. For any ¢, 6,7 € (0,1] and tuple -y, Algorithm 1 satisfies the following at every iteration t and
z € [pl: If n > |D| - poly (1/x, /7, /min{e,a—c}) - log (IP|/c6), then with probability at least 1 — §,

Utilp,t(fh e Z) Z Ogr?gt}il Util,u,t(fh v, Z) —&.

Where Util,, (f, z) is the utility of f over draws (X,Y,Z) ~  conditioned on (X,Z) € EXPLOIT, and Z = z. The
randomness at the t-th iteration is w.r.t. the randomness in S1, . .., S; and Algorithm 1.

Recall that we assume that Assumption 2.3 holds with constants a, A € (0, 1]. This implies that the classifier fo € F
satisfies the a-FDR constraint and has a selection rate of at least A, i.e.,

Pry, [fo(X,Z) #Y]
Pr, [fo(X, Z) =1]

<a and Pr[fo(X,Z)=1]> A (32)
o

Where, as in the rest of the proof, we use Pr,,[-] to denote Pr(xy, z)~,[-] and E, [-] to denote E(x v, zy~,.[-]. We also assume
that the hypothesis class F is derived from some base hypothesis class 5 C {0, I}X (Section 4). We need to show that for
any utility function Util and numbers a, A, d, and 7, if n is sufficiently large, then at every iteration ¢ € {1,2,...} with
probability at least 1 — 4, the classifier f; learned by the framework in Algorithm 1 satisfies

. S . ).
Util, ¢ (fe, 2) > Oér?gatx_l Util, +(fi, 2)

Where Util,, +( f, z) is the utility of classifier f over samples (X,Y, Z) ~ p conditioned on the facts that (X, Z) € EXPLOIT;
and Z = z. We will show that the following lower bound on n is sufficient

12|p] 1 D]
n 2 . .logi

. 33
T€3  Qlexplore oo (33)

Fix any two iterations t; > to. We use n(w, t) to denote the distribution 7),, in the ¢-th iteration. Since F is derived from
B, each hypothesis f; € Fis a tuple (fi1, fi2,- .., fip) of hypothesis from B. Using this and the fact that the classifier f;
learned by Algorithm 1 is an optimal solution of Program (2), it follows that the corresponding hypothesis f; ., for each
z € [p), is a solution to the following optimization program (which is an alternate version of Program (2) specifically over
samples in the z-th group): for each z € [p]

ft,z =arg ri?ea]):( Utﬂn(w,t) (fv’% Z) y (34)
st., Prowo[h#y|h=1,Z = 2] < exploit +€and Pr, [h=1,Z=2]> X —e¢.
Let 77 be the event that for both ¢ € {¢1,%2} and any h: {0,1} x {0,1} x [p] — [0,1]

Pr {erf, ‘ E,., [h(f(X,Z),Y,Z) | (X,Z) € EXPLOIT|

— Eu[hM(f(X,2),Y,Z) | (X, Z) € EXPLOIT| ‘ < 5} 21~
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By Lemma C.1 Pr[5#] > 1 — 24. Conditioned on .7#

Util, (ft,,7,2) = Z Vi l:;r [ft,(X,Z) =4and Y = jand Z = 7] (Using Definition 2.1)
4,j€{0,1}
> Y v Pro[fo(X,Z)=iandY =jand Z = z] — vie (Using Lemma C.1)
ijefoay T
> Z vij Pr [fu,(X,Z)=iandY =jand Z = z] — O(e) (Using ~;; is a bounded constant)
jeqoy Tt
= Utilyy(,1,) (ft1,7,2) — O(e) (Using Definition 2.1)

= Utilyy(,1,) (ftn,7,2) — O(e).

Where the last equality holds because f;, and f;, are feasible for Program (34) at the ¢;-th iteration and f;, is the optimal
solution of Program (34) at the ¢;-th iteration. Proceeding with the above chain of inequalities, it follows that

Util, (f,,7,2) > Utilyp sy (ftr 7, 2) — O(e) (Using Definition 2.1)
= E vij Pr [fi,(X,Z)=tandY =jand Z = z] — O(e)
o n(w,t1)
i,5€{0,1}

= Z Vi (Pr [ft,(X,Z)=dandY = jand Z = z] — 5) —O(e)  (Using Lemma C.1)
i,j€{0,1} a
= Z vi; Pr{f,(X,Z) =tandY = jand Z = z] — O(e)
,7€{0,1} a
(Using that y;; is a bounded constant)
= Util, (fy,7,2) — O(e). (Using Definition 2.1)

The result follows as .5 holds with probability at least 1 — O(J).

C.3. Proof of Theorem 4.3

In this section, we prove Theorem 4.3. For ease of reference, we restate Theorem 4.3 below.

Theorem 4.3 (Group-wise convergence to fg.,). Suppose fo is (a—¢, \)-feasible. For any c, ¢, 6, T € (0, 1] and ctexploit =
O — &, Qexplore = €, Algorithm 1 satisfies the following: if t > 1/o(z) and n > |D|-poly (1/x, /7, /min{e,a—c}) -log (IPl/s5)
then with probability at least 1 — ¢, the utility of classifier f; learned by the framework in t-th iteration is at least as large as
the utility of f5, on samples in the z-th group drawn from p, i.e.,

Utily, (fr.7y,2) = Utily, (oo, 2) — €.
Where the randomness at the t-th iteration is w.r.t. the randomness in S1,Ss, . .., Sy and Algorithm 1.
Since Assumption 2.3 holds with constants o, A € (0, 1], fo satisfies the a-FDR constraint and has a selection rate of at
least A, i.e.,
Pr, [fo(X,Z) #Y]
Pr, [fo(X, Z) =1]

Where we use Pr,,[-] to denote Pr(xy, z)~[-] and E,[-] to denote Exy, 7~ []. To prove Theorem 4.3, givene, 6, 7 € (0, 1]
and a function g: D x F — R>(, we need to show that if n and ¢ are sufficiently large (Equation (36)), then with probability
at least 1 — 4, the classifier f; learned by the data collection and prediction framework in Algorithm 1, satisfies the following
inequality:

<a and Pr[fp(X,Z2)=1]> A\ (35)
o

VzE[p]v Utﬂ,u(ftv v, Z) > Util#(fopt(a+a/)»'77 Z) —E&.

Where fé;v;ra/) is the optimal offline classifier defined in Equation 1. Theorem 4.3 claims that the following lower bounds
on ¢t and n are sufficient.

t > 1 and > 12|D] ! 1 D]
n . -log /.
~ o(2) = el agxplore)\ & 5o

(36)
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The bounds on ¢ and n serve different purposes. The lower bound on ¢ ensures that EXPLORE; has no samples from the
z-th group. The lower bound on n ensures that the classifier f;, trained over the samples in EXPLOIT; has a high utility on
samples from the z-th group drawn from the underlying distribution p.

Fix any index z € [p]. We first prove the first claim. Concretely, we will prove that with probability at least 1 — §, EXPLORE;
does not contain any samples (z, z) satisfying p(x, z) > 57~ Fix any sample (2, z) from the z-th group in EXPLOREy. In
each iteration ¢, where (z, z) € EXPLORE;, its weight w(z, z) increases by at least o(z) as the marginal distribution of L,

has density at least o(z) on (z, z). Hence, (z, z) can be in the exploration region for at most ﬁ iterations. Thus, after

t> ﬁ iterations all items from the z-th group are in the exploitation region.

Now, we can bound the utility of f; using Lemma C.1. Let 57 be the event in Lemma C.1, conditioned on .7Z°, we have the
following lower bounds

Utily, (fr,7,2) = Y. v Pr(f(X,2) =iandY = jand Z = 7] (Using Definition 2.1)
i,j€{0,1} :
> Z Yij <Pr [fe(X,Z)=iandY = jand Z = 2] — e) (Using Lemma C.1)
i,5€{0,1}
= Z Yi; Prfi(X,Z)=dandY = jand Z = z] — O(e) (Using +y;; is a bounded constant)
ijefoy
= Util,, (f,7,2) —O(e) (Using Definition 2.1)

= Utilnw (fo(gt+6)7 Vs Z) - 0(6)
Where the last equality is implied by the facts that fég: ") is feasible for Program (2), f; is the optimal solution of
Program (2), and Util,,, (-,, z) is the objective function of Program (2). Proceeding with the above chain of inequalities,
we get the following lower bound.

Ut (f7:2) > Y (Pr S (X,Z) = iand Y = jand Z = 2] — s) ~0(e)
i,5€{0,1} e
(Using Lemma C.1 and Definition 2.1)

> Z vi; Pr [fégjﬁ) (X,Z)=dandY =jand Z = z} — O(e) (Using v;; is a bounded constant)
"
,j€{0,1}

= Util, (fég:rﬁ), 7, z) —O(e). (Using Definition 2.1)

The result now follows as 7 holds with probability at least 1 — O(J).

D. Implementation Details

In this section, we provide additional details on how to implement Step 3 of Algorithm 1. Step 3 involves learning a classifier
that satisfies the FDR constraints and the fairness constraints if required. The classifier optimizes a given utility measure,
and we show to implement this program if the utility measure corresponds to accuracy or revenue first.

For accuracy, one can simply minimize a weighted logistic regression model over L;, with FDR and fairness constraints. To
implement this in practice (and for simulations in Section 5), we use Python’s SLSQP program. Alternately, any common
constrained optimization techniques can be employed here.

To learn a classifier that maximizes revenue, we first optimize a constrained optimization program to obtain a model that
accurately assigns likelihoods to all individuals and then adjust the classifier threshold over these likelihoods to maximize
revenue. We can accomplish this process in the following manner: Firs partition L; into two equal random parts: L; ; and
L 5. For learning likelihoods, we can again use constrained logistic regression, i.e., first learn the parameters w € R? of the
logistic model (d is the number of features) which minimizes the weighted log-loss associated with w over L; 1, subject to
the likelihoods satisfying the given a-FDR constraint. The constrained optimization program can again be implemented
using Python’s SLSQP function. Then, using L. 5, choose a likelihood threshold in [0, 1] (such that points with likelihood
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greater than the threshold are to be classified positively) which maximizes revenue,, ,. This method essentially corresponds
to choosing an appropriate threshold from the model’s ROC curve and has been used in other papers that optimize revenue
for lending settings (Gramespacher and Posth, 2021).

E. Additional Details and Results for Adult and German Datasets

In this section, we provide the implementation details and additional results for the Adult and German datasets which were
omitted from Section 5.

Description and pre-processing of Adult and German dataset. For the Adult dataset, each individual is characterized by
the following features: age, class of worker, educational attainment, marital status, occupation, place of birth, usual hours
worked per week past 12 months, gender, and race. We pre-process the dataset to ensure that it is limited to the subset with
only individuals belonging to the races white/Caucasian and black/African-American. All features, other than the protected
attribute are also scaled to have a mean of 0 and a standard deviation of 1.

For the German Credit dataset, the features are every individual’s credit amount, duration, installment rate in percentage of
disposable income, residential status, age, number of existing credits, number of people liable for, and gender. Once again,
all features, other than the protected attribute are also scaled to have a mean of 0 and a standard deviation of 1.

Additional parameter details for our algorithm. We implement the constrained optimization program using the method
described in Appendix D. For the SLSQP function (used to solve the optimization program), we use parameters ftol= 1e=3
and eps= le 3.

Implementation of ¢! and " exploration strategies in Algorithm 1. As described in Section 5.1, the exploration func-

tion g is either g (z, 2) oc B+ (1 — B) fi(w, 2) or g% (2, 2) o (B+ (1 —B) fe(z,2))-Pr, [Z = 2 | (X, Z) € EXPLORE],
depending on whether exploration fairness is used or not. Both functions require a choice of 5 which ensures that every
sample is assigned a non-zero exploration probability. We implement our approaches with 8 = 0, but instead of using binary
outcome f;(x, z) in the above functions, we use the likelihood derived from the logistic model (described in Appendix D).
Since the likelihood assigned by the logistic regression model is non-zero for every point, we ensure that g takes positive
values and simultaneously use classifier performance to assign exploration probabilities.

Implementation details for baselines. We implement the baselines to correspond to our iterative setting and we mention
the implementation details below.

OPT-OFFLINE. As mentioned earlier, the OPT-OFFLINE baseline is trained using the initial part of the split dataset, i.e., Sp.
This baseline simply maximizes revenue subject to the a-FDR constraint and is implemented using Python’s SLSQP
function.

FAIR-CLF. The FAIR-CLF baseline is trained to test an only exploitation algorithm with statistical parity constraints. It
maximizes revenue subject to the a-FDR constraint and statistical parity constraint and is trained over the available
labeled dataset every iteration. This baseline is also implemented using Python’s SLSQP function.

KILBERTUS ET AL. The algorithm from the Kilbertus et al. (2020) paper is implemented using the stochastic batch
gradient descent method, as suggested in their paper. We also use the demographic parity regularizer employed in their
paper. As they recommend, we also use a logistic regression model for the classifier in this algorithm. The parameter ¢
in their algorithm is set to be 0.6 (similar to their experiments), the batch size is kept to 128, the learning rate is 0.01,
number of iterations for gradient descent is also kept to 128. At every iteration, the parameters of the logistic model are
updated using stochastic gradient descent over B elements randomly sampled from the recently labeled elements.

YANG ET AL. The algorithm from the Yang et al. (2022) paper is implemented the code provided by the authors *. We had
to make certain modifications to the code to make it suitable for our setting and we list the modifications below. The
full algorithm presented in Appendix C of their paper uses a while loop over the entire dataset. However, since the
entire dataset is not available in our setting, we modify this step to a for loop over the iterations. In each iteration ¢, we
provide their algorithm with the batch of samples .S; that arrive at the beginning of iteration ¢. All other components of
their code are kept unchanged.

4https ://github.com/Yifankevin/adaptive_data_debiasing
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Table 2. Comparison of the overall performance of all methods on the Adult dataset with gender as the protected attribute. The average
revenue per iteration across all repetitions, average FDR, and average acceptance rate disparity (statistical rate) are reported along with the
standard deviation of all metrics in parenthesis.

Protected attribute - Gender

Revenue TPR

Method (in thousands) FDR Stat. Rate Disparity

Algorithm 1- no fairness constraint 75.6 (15.0) A5.02) .09 (.02) .15(.04)

Algorithm 1- only exploit fairness 78.1(124)  .15(.02) .07(.02) .07 (.03)

Algorithm 1- only explore fairness 77.9 (12.5) A5(.02) .08 (.02) .11(.05)

Algorithm 1- both fairness constraints 78.0 (13.0) 15(02) .07 (.02) .08 (.03)

Baseline - OPT-OFFLINE 80.4 (9.0) 15(02)  .10(.02) .15 (.06)

Baseline - FAIR-CLF 724(9.4)  .13(.02) .02(01) .03(.02)

KILBERTUS ET AL. 66.1 (12.1) 20(.03)  .15(.02) .23(.04)

YANG ET AL. 453 (11.6)  47(08) .09(.02) .02(.01)

RATEIKE ET AL. -17.1 (7.4) 12 (01) .02 (.01) .02 (.01)
—4— Algorithm 1 w/ no fairess constraints Algorithm 1 w/ exploit fairness —— Algorithm 1 w/ explore fairmess —$— Algorithm 1 w/ both exploit & explore fairness
% 04 2:04 é g gi; 1 ‘{_f
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Figure 4. Iteration-wise performance of all variants of Algorithm 1 (with or without each of explore and exploit fairness constraints) on
the Adult dataset with gender as the protected attribute. All algorithms can be seen to improve TPR for both groups.

RATEIKE ET AL. The algorithm from the Rateike et al. (2022) paper is implemented the code provided by the authors °.
We execute this baseline using the initial data and batch size configuration specified in Section 5. All other components
are kept unchanged and we use the same parameters as specified in the original code.

Additional results. Performance comparison over the Adult dataset with gender as the protected attribute. Overall
performance on the Adult dataset for gender protected attribute is presented in Table 2 and iteration-wise performance is
presented in Figure 4.

For gender, Algorithm 1 with exploit fairness achieves the lowest average statistical rate and true positive rate disparity
and highest cumulative revenue among all variants. Algorithm 1 with both explore and exploit fairness also has similar
performance. Hence, for both protected attributes, using both fairness constraints lead to high revenue while ensuring small
performance disparities.

Figure 4 present the iteration-wise performance of our algorithms. The first two plots in the figure show that TPR increases
with increasing iterations for all demographic groups. TPR is also generally larger in the initial iterations when using exploit
fairness, but is overtaken by or is similar to the TPR of Algorithm 1 with no fairness constraints in the final iterations. Hence,
fairness constraints can assist in accelerated data collection in the initial iterations, but once sufficient data is available, it
seems to have a similar TPR as the variant with no fairness constraints. The third plot in Figure 4 also show that using
exploit fairness results in the smallest statistical rate in all iterations.

Iteration-wise comparison of Algorithm 1 to baselines. We present plots for iteration-wise comparison of all methods and
baselines with respect to the following metrics: cumulative revenue, FDR, TPR disparity, group-wise TPR, and statistical
rate. We exclude the YANG ET AL and RATEIKE ET AL baselines from these plots as it achieves negative revenue and assigns
positive prediction to a large fraction of samples, which makes it difficult to analyze the performance of other algorithms

5https ://github.com/ayanmaj92/fairall
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Figure 5. Performance of all versions of Algorithm 1 (with or without each of explore and exploit fairness constraints) and baselines on
the Adult dataset with race as the protected attribute.

through the plots.

Figure 5 presents the performance of all methods over the Adult dataset with race as the protected attribute. Figure 6 presents
the performance over the Adult dataset with gender as the protected attribute. Figure 7 presents the performance over the
German dataset. All sets of plots show that the cumulative revenue from our methods are similar to the OPT-OFFLINE
baseline across all iterations. Furthermore, unlike other methods, the TPR of our method consistently improves with
increasing iterations. Baselines FAIR-CLF and KILBERTUS ET AL achieve high TPR in certain cases but in many settings,
their TPR stagnates or decreases with increasing iterations.

Variation in performance of Algorithm I with o The results presented in Section 5 used o = 0.15 for the a-FDR constraint.
We also present performance variation with respect to « over the Adult dataset. Figures 8 and 9 present the results for race
and gender protected attributes respectively. As « increases, the framework is allowed to make more false positive errors
which result in larger variability in revenue. However, across all iterations, our methods with appropriate fairness constraints
result in low performance disparity across protected attribute groups.
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Figure 6. Performance of all versions of Algorithm 1 (with or without each of explore and exploit fairness constraints) and baselines on
the Adult dataset with gender as the protected attribute.
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Figure 7. Performance of all versions of Algorithm 1 (with or without each of explore and exploit fairness constraints) and baselines on
the German dataset with gender as the protected attribute.
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Figure 8. Performance of all versions of Algorithm 1 (with or without each of explore and exploit fairness constraints) with respect to
different o parameters on the Adult dataset with race as the protected attribute.

—— Algorithm 1 - no fairness constraint +— Algorithm 1 - only exploit fairness —+— Algorithm 1 - only explore fairness ~ —$— Algorithm 1 - both fairness constraints

0200

0175

0150

s

0125
0100

0075

2
Statistical Rate

(in thousands)

0.050

R

0025

Cumulative Revenue
False Discovery Rate

0000
005 olo 0ls 020 025 030 0.05 0lo ols 020 025 030 005 olo ols 020 025 030

FDR constraint parameter a FDR constraint parameter a FDR constraint parameter a

Figure 9. Performance of all versions of Algorithm 1 (with or without each of explore and exploit fairness constraints) with respect to
different e parameters on the Adult dataset with gender as the protected attribute.
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