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Abstract

Individuals often aim to reverse undesired
outcomes in interactions with automated sys-
tems, like loan denials, by either implement-
ing system-recommended actions (recourse),
or manipulating their features. While provid-
ing recourse benefits users and enhances sys-
tem utility, it also provides information about
the decision process that can be used for more
e↵ective strategic manipulation, especially
when the individuals collectively share such
information with each other. We show that
this tension leads rational utility-maximizing
systems to frequently withhold recourse, re-
sulting in decreased population utility, par-
ticularly impacting sensitive groups. To mit-
igate these e↵ects, we explore the role of re-
course subsidies, finding them e↵ective in in-
creasing the provision of recourse actions by
rational systems, as well as lowering the po-
tential social cost and mitigating unfairness
caused by recourse withholding.

1 INTRODUCTION

When individuals interacting with automated systems
are denied a desired outcome (e.g., loan approval),
they may seek a means of reversing this decision to
obtain the desired outcome. This procedure is com-
monly referred to as recourse (Ustun et al., 2019). In
cases where the system’s decision rule is opaque (e.g.,

Proceedings of the 28
th
International Conference on Artifi-

cial Intelligence and Statistics (AISTATS) 2025, Mai Khao,

Thailand. PMLR: Volume 258. Copyright 2025 by the au-

thor(s).

lending), the system itself is responsible for supplying
individuals with recourse, i.e., a recommended feature
modification that is feasible and will result in that in-
dividual being approved.

When the feature modification changes an agent’s true
qualification rate (e.g., paying o↵ debt increases one’s
creditworthiness), providing recourse can benefit the
system. However, o↵ering recourse actions also ex-
poses information about the system’s decision rule, as
each action leads to a positively classified feature vec-
tor close to the decision boundary. This added trans-
parency creates opportunities for strategic individuals
to exploit the system’s decision rule by manipulating
their features, especially when they share their knowl-
edge about the decision rule with one another. For ex-
ample, platforms likeGradCafe for graduate school ad-
missions and LendingClub for loan applications allow
agents to see other applicants’ features. This enables
them to potentially misreport their features to mimic
those of others, thereby leveraging publicly available
information to their advantage (Bechavod et al., 2022;
Chen et al., 2020; Estornell et al., 2023b; Hardt et al.,
2016; Vorobeychik, 2023). Such feature manipulation
can often reduce both system and social utility since
it will increase the false positive rate. This creates a
tension in providing recourse, where the utility gained
from increased qualifications must be balanced against
the utility lost due to manipulation that exploits the
counterfactual information in recourse recommenda-
tions The consequence of this tension is that in many
settings, providing recourse to all, or even most, of the
agents may be suboptimal from a system’s perspective.
This sharply contrasts with the common assumption
in the algorithmic recourse literature, which typically
considers agents taking recourse actions without the
possibility of manipulation.

On the other hand, we can consider subsidies as a
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means to incentivize systems to o↵er recourse actions.
Subsidy (Hu et al., 2019), or government incentive,
is a type of government expenditure to financially
help individuals, households, and businesses in vari-
ous settings. Consider the small business administra-
tion (SBA) microloan program 1 in the United States
as a motivating example. This program provides small
loans to startups and small businesses and o↵ers tech-
nical assistance and financial training to help borrow-
ers succeed. In this work, we model subsidies that
lower each individual’s recourse costs, requiring the
agent to pay only a fraction of the original amount.
Compared with using penalty to disincentivize manip-
ulation (Blocki et al., 2013) or using auditing to in-
centivize recourse taking (Estornell et al., 2023a), the
main benefit of subsidies is that it requires no verifi-
cation power from the system, reducing the potential
harm caused by unintentionally impose large fines on
truthful agents. We add a more detailed discussion in
Section 2.

High-Level Overview of Our Model There are
two parties in our setting: a utility-maximizing re-
course system and a set of agents. Each agent is repre-
sented by a feature vector x 2 X . The system trained
a fixed, potentially opaque function f : X ! [0, 1]
to decide who to provide a resource (e.g., loan) based
on x. For negatively classified agents, the system de-
cides whether to provide a recourse action or not. The
central tension comes from the fact that agents can
both (1) lie about their features and manipulate them
to some publicly known positively classified features
and (2) take the recommended recourse actions that
change their true features. Only the latter leads to an
increase in the system’s utility. The publicly known
features come from either agents who are already clas-
sified positively, or agents who successfully obtain a
recourse action from the system. The latter is more
within the system’s control and could be an easier tar-
get for manipulation, as they are more likely to be
closer to the decision boundary. Thus, the system’s
main tool is to strategically withhold recourse actions
from some agents to maximize their utility. Based on
the relative cost of recourse and manipulation, agents
choose to take the recommended action or manipulate
known positively classified features. See Figure 1 for
a demonstration of our modeling framework.

Main Results We show that in many cases, the sys-
tem is incentivized to strategically withhold recourse
from most if not all, agents to prevent manipulation.
To our knowledge, this is the first work to challenge the
assumption that a utility-maximizing recourse system

1
https://www.hud.gov/program-

o�ces/housing/fhahistory

will naturally provide recourse without third-party in-
tervention (e.g., government regulation). As fewer
agents receive recourse, the social cost—the average
cost to achieve positive classification—rises. With-
holding recourse also limits legitimate paths to positive
classification, pushing more individuals toward manip-
ulation. This burden often falls disproportionately on
disadvantaged groups, worsening existing inequalities.
To address this, we explore recourse subsidies, a third-
party payment that reduces recourse costs, and find
them e↵ective in increasing recourse providing, reduc-
ing social costs, and mitigating unfairness.

The details for reproducing our experimental re-
sults can be found at https://github.com/UCSC-REAL/

Strategic-withheld-recourse.

2 RELATED WORKS

Our work is closely related to the literature on algo-
rithmic recourse, strategic classification, and fairness
in general. Due to the page limit, additional related
work on fairness and social cost in strategic classifi-
cation and recourse (Gupta et al., 2019; von Kügelgen
et al., 2022; Ehyaei et al., 2023; Estornell et al., 2023b),
transparency (Barsotti et al., 2022; Akyol et al., 2016)
and others can be found in Appendix B.

Recourse Much of the line of algorithmic recourse
(Ustun et al., 2019; Venkatasubramanian & Alfano,
2020; Karimi et al., 2020a; Gupta et al., 2019; Karimi
et al., 2020b; von Kügelgen et al., 2020; Chen et al.,
2020; Harris et al., 2022) focuses on the setting where
the requested recourse is guaranteed to be provided
out of ethical consideration (Venkatasubramanian &
Alfano, 2020). Our work is the first to challenge this
fundamental assumption and argue that without a
third-party’s intervention, a utility-maximizing algo-
rithmic recourse system may be incentivized to with-
hold recourse from some agents to prevent manipula-
tions strategically. We point the reader to Karimi et al.
(2020a) for a more detailed discussion of the concepts
and recent development of algorithmic recourse.

Strategic Classification Strategic classification fo-
cuses on the problem of how to e↵ectively make predic-
tions in the presence of agents who behave strategically
to obtain desirable outcomes (Hardt et al., 2016; Chen
et al., 2018; Tsirtsis et al., 2019; Levanon & Rosen-
feld, 2021; Dong et al., 2018; Chen et al., 2018; Zr-
nic et al., 2021). In this work, we use the standard
game-theoretic Stackelberg model proposed in Hardt
et al. (2016) to simulate the agent’s best response ac-
tions when choosing between recourse and manipula-
tion. Our work considers the imitation-based manip-
ulations: agents do not know the classifier f but are

https://github.com/UCSC-REAL/Strategic-withheld-recourse
https://github.com/UCSC-REAL/Strategic-withheld-recourse
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aware of a set of positively classified features and can
misreport their feature by imitating another agent’s
feature that is positively classified. Such copycat be-
havior has been well-known in the literature of game
theory, the behavioral economy, and strategic classi-
fication, e.g., (Bechavod et al., 2022; Barsotti et al.,
2022). While most of this line of work focuses on
agents being strategic and could potentially modify
their features to get a favorable prediction outcome,
our work focuses on when the system is being strate-
gic and potentially withholds recourse to the agents.

Subsidy, Penalty, and Auditing Our work relates
to interventions aimed at (dis)incentivizing strategic
behaviors. Most relevant is Hu et al. (2019), who
also studies strategic behavior using subsidies. Penal-
ties for misreporting (Hardt et al., 2016; Blocki et al.,
2013) o↵er another way to discourage manipulation,
encouraging agents to pursue recourse instead. Both
subsidies and penalties can be viewed as tools to shift
the balance between the cost of recourse and manip-
ulation — penalties raise the cost of manipulation,
while subsidies lower the cost of recourse. Estornell
et al. (2023a) explores auditing as an intervention to
promote recourse, assuming universal recourse avail-
ability. The implementation of penalties requires ver-
ification power, such as in tax systems where cross-
checking reported income deters misreporting. Subsi-
dies, however, could be financed by third-party entities
like governments or financial institutions. Incentiviz-
ing recourse through penalties is not ideal, as verifi-
cation can lead to false positives, unfairly penalizing
truthful agents. Audit-based systems (Estornell et al.,
2023a) typically impose large fines, which can harm
innocent agents if they are wrongly identified as ma-
nipulators. Subsidies avoid this issue. If the system
controls audits and subsidies alone, it will prioritize
its utility, which may not always align with the popu-
lation’s best interests.

3 PRELIMINARIES

Let X ⇢ Rd and Y ⌘ {0, 1} be a domain of features
and labels respectively. Let f : X ! Y be a fixed
binary classifier. A population of agents with features
X = {x : x 2 X} and labels Y = {y : y 2 Y}
are classified by f , which is unknown to the agents;
all agents desired to be positively classified (e.g., all
loan applicants desire approval). Denote the domain
of negatively classified features as X� ✓ Rd and the
domain of positively classified features as X+ 2 Rd, i.e.
f(x) = 0 for all x 2 X� and f(x) = 1 for all x 2 X+.
All agents prefer positive classification over negative
classification. Agents who have features x 2 X� have
two means of obtaining positive classification in the

next step, recourse and manipulation, which are de-
fined next.

Recourse Recourse provides agents who received
undesirable outcomes with recommended actions to
genuinely improve their outcome by modifying their
attributes (Ustun et al., 2019). Let cR : X ⇥X ! R+

be the cost of recourse, i.e. an agent with true features
x pays cost cR(x,x0) when modifying their features to
be x0. An agent with true feature x 2 X� has an
optimal recourse action 2,

xR(x) = argminx02X+
cR(x,x

0) (1)

s.t. f(x0) = 1, x0 2 A(x)

where A(x) represents the set of features an agent with
true features x can feasibly obtain, i.e., the actionable
recourse actions provided by the system. When agents
perform recourse, both their true features and true
qualification rate change, i.e., their true features be-
come xR(x), and their true qualification rate changes
from Pr(y = 1|x) to Pr(y = 1|xR(x)).

Manipulation In addition to recourse, agents can
also perform manipulations. Following Barsotti et al.
(2022), we focus on imitation-based manipulations:
agents do not know the classifier f , but are aware
of a set of publically revealed positively classified fea-
tures Z ✓ X+ (defined below) and can misreport their
feature by imitating another agent’s feature that is
positively classified and is publically revealed. For a
manipulation cost function cM : X ⇥X ! R+ the op-
timal imitation-based manipulation for an agent with
true feature x is

xM (x) = arg min
x02Z

cM (x,x0) (2)

Di↵erent from recourse, manipulation is simply a mis-
report rather than a change of one’s features, thus it
does not change Pr[y = 1|x]. However, since the sys-
tem only observes the reported features before classi-
fication, it does not know whether a report is truthful.

Feature Disclosure and Publicaly Revealed Set
Z We model the set of publicly revealed features Z ✓
X+ resulting from agents sharing information with
each other. In particular, Z consists of features that

2
Throughout the paper, we will interchangeably use the

terms ’recourse action’ and ’recourse feature.’ They both

refer to the feature vector that will be classified positively

after the agent’s taking a particular recourse action. In

other words, we assume that whenever an agent reveals

their recourse action, it also reveals their original feature

vector, which is equivalent to revealing the feature vector

that corresponds to the vectorafter the agent performs re-

course.
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f(x1) = 1
f(x2) = 0

f(x4) = 0, Rec(x4)
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The model prediction 
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Figure 1: Demonstration of our modeling framework.

Agents arrive simultaneously, and the system trains a clas-

sifier f : X ! Y for maximum prediction accuracy. Neg-

atively classified agents request recourse, and the system

selects agents for recourse provision to maximize utility

(Equation (3)). Positively classified agents and those pro-

vided recourse have a probability p 2 [0, 1] to reveal fea-

tures, contributing to the publicly revealed set Z ✓ X+.

Upon observing Z, agents execute final actions based on

Equation (5).

may come from two sets: 1) the revealed recourse ac-
tions recommended by the system (i.e., z 2 XR where
XR = {xR(x),x 2 X�}), and 2) the set of initial pos-
itively classified features (i.e., z 2 X+). Each element
is made public with a fixed probability p 2 [0, 1], and
all publicly revealed elements make the reveal set Z.
We represent the set of recourse actions that are ac-
tually revealed as ZR = {z 2 XR : Reveal(z) = 1}.
Here, Reveal(z) is a random indicator function that
equals 1 with probability p (indicating that feature z
is revealed) and 0 otherwise. Similarly, let Z+ repre-
sent the positively classified features that are actually
revealed: Z+ = {z 2 X+ : Reveal(z) = 1}. As a
result, Z = ZR [ Z+.

This captures real-life scenarios where negatively clas-
sified agents collectively gather information about clas-
sifier f by observing positively classified peers or those
who obtained recourse. Revealed recourse features are
particularly crucial as they lie near the decision bound-
ary, making them more likely targets for manipulation
than general positive features.

4 INTERACTION BETWEEN
AGENTS AND THE SYSTEM

Unlike the traditional recourse setting, where the sys-
tem is expected to provide recourse to any individual
upon request, without external regulation (e.g., gov-
ernment mandates requiring banks to o↵er recourse),
a utility-maximizing system may have incentives to
withhold recourse to prevent strategic manipulation
by agents. In this section, we introduce our modeling
framework to capture these dynamics.

A Motivating Example A bank publishes a classi-
fier to determine who qualifies for a credit card. Each

applicant (with feature vector x) is approved if the
bank’s model f predicts they can repay their loan. For
applicants denied a card, the bank may o↵er recourse,
i.e., a plan to improve their creditworthiness, such as
paying o↵ debt or increasing their income. These re-
course actions are provided through specific programs,
such as financial classes. Agents also have access to
an online forum where some applicants share their ap-
proved loan or recourse features. With knowledge of
both recourse actions and the forum, some agents may
misreport their features to match positively classified
ones in an attempt to gain approval without actually
taking the recommended recourse actions. As a result,
the bank may have an incentive to limit recourse to
individuals whose features are harder to manipulate
(e.g., features that are easier for the bank to verify).

We now formalize the dynamics between the recourse
system and the agents.

System: The system trains a classifier f : X ! Y to
maximize the prediction accuracy:

f = argmax
f2F

X

x2X

[f(x) = y]

A collection of negatively classified agents with fea-
tures X� ✓ X� will request recourse actions from the
system after receiving their prediction outcome. The
system first computes optimal recourse actions for all
negatively classified agents but only chooses to release
a subset of those recourse actions ZR ⇢ XR to the
public to maximize its utility, i.e., TP� FP:

max
ZR⇢XR

TP(S)� FP(S)| {z }
system’s utility

(3)

s.t. S = {z(x,Z) : x 2 X}| {z }
agent’s reported features (Eq 5)

(4)

Z = ZR [ Z+| {z }
all publicly revealed features

Here, TP(S) and FP(S) are the true positive and false
positive rates on the set of features after the agent’s
final actions. We assume that the system either knows
cR and cM , or can reasonably approximate these cost
functions when optimizing their objective. Intuitively,
this definition of system utility reflects a bank gaining
a utility of 1 for each repaid loan and �1 for each
defaulted loan.

Agents: Agents who are negatively classified will re-
quest a recourse action from the system. Upon seeing
the publically revealed features Z defined in Section 3,
agents who are provided with a recourse action adapt
their features from x to z = xM (x) or z = xR(x)
such that f(z) = 1, while minimizing the cost of the
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corresponding action. When both the recourse and
manipulation actions are greater than 13, the agents
will choose to stay with their original features x, which
corresponds to the do-nothing action. Agents who are
not provided with a recourse action will choose to ma-
nipulate or do nothing. The final action for already
positively classified agents is always the do-nothing ac-
tion.

Agent’s best response: Denote ⇣x 2 {0, 1} as an in-
dicator for whether agent x is provided with a recourse
or not (i.e., ⇣(x) = 1 when provided with a recourse
action). Then for all agents with f(x) = 0, their final
action is:

z(x, Z) =

8
>>><

>>>:

xR(x) ⇣x = 1 and cR(x,xR(x)) < min(1, cM (x,x0)),

8x0 2 Z

xM (x) ⇣x = 1 and cM (x,xM (x)) < min(1, cR(x,x0)),

8x0 2 Z, or ⇣x = 0 and cM (x,xM (x)) < 1

x ⇣x = 1 and cR(x,xR(x)), cM (x,xR(x)) � 1,

8x0 2 Z, or ⇣x = 0 and cM (x,xM (x)) � 1

(5)

Summary of System-Agent Interaction:

1. Agents arrive simultaneously, and the system
trains a classifier f : X ! Y for maximum pre-
diction accuracy.

2. Negatively classified agents request recourse, and
the system selects agents for recourse provision to
maximize utility (Equation (3)).

3. Positively classified agents and those provided re-
course have a probability p 2 [0, 1] to reveal fea-
tures, contributing to the publicly revealed set
Z ✓ X+.

4. Upon observing Z, agents execute final actions
based on Equation (5).

Our framework is intended to capture settings where
black box models are used for decision-making. Any
agent subjected to the decision rules will not have
direct access to the model but will still act in their
best interest. In these opaque settings, recourse pro-
posed by the system naturally o↵ers a way for agents
to learn more about the decision rule, thus increasing
their ability to game the system.

The following two definitions introduce key metrics
that will be used throughout this paper – the recourse
rate quantifies the proportion of negatively classified

3
The strategic agent’s utility for adapting their feature

from x to x0
is determined by the standard utility function

in the literature of strategic classification (see, e.g., Hardt

et al. (2016)), which is U(x, x0
) = f(x0

) � c(x, x0
). Thus,

when the cost of adaptation c(x, x0
) � 1, the utility will be

less than 0, in which case, the agent does nothing.

agents who opt to take recourse actions when pre-
sented with a disclosed feature set. The manipula-
tion rate captures the fraction of negatively classified
agents who choose to manipulate their features under
the same conditions:

Definition 1 (Recourse Rate) Let X� be the set of
features of negatively classified agents. For a given
set of disclosed features (i.e., recourse actions) Z, the
recourse rate rec(Z,X�) is defined as the fraction of
agents who choose to perform recourse when shown Z:

rec(Z,X�) =

P
x2X�

⇥
min
z02Z

cR(x,z0)<min
�
1, min

z002Z
cM (x,z00)

�⇤

|X�|

Definition 2 (Manipulation Rate) Let X� be the set
of features of the negatively classified agents. For a
given set of disclosed features (i.e., recourse actions)
Z, the manipulation rate manip(Z,X�) is defined as
the fraction of the n agents which choose to manipulate
when shown features Z:

manip(Z,X�) =

P
x2X�

⇥
min
z02Z

cM (x,z0)<min
�
1, min

z002Z
cR(x,z00)

�⇤

|X�|

5 SYSTEM UTILITY

Recall from the previous section, the system aims to
select a set ZR ✓ XR to reveal as recourse recommen-
dations simultaneously to maximize its utility (Equa-
tion (3)). We can first show that this problem is
NP-hard (Theorem 6 in Appendix C.2). Despite the
hardness of this objective, the system’s utility is sub-
modular in the set of provided recourse actions (The-
orem 7 in Appendix C.3). This characteristic enables
the system to employ standard submodular optimiza-
tion techniques to approximately get the optimal re-
course actions to disclose to k agents.

We can show that in expectation, the system benefits
from agents taking recourse actions:

Theorem 1 (System’s Expected Utility Changes)
The system’s expected utility (defined in Eq. (3))
increases for each recourse action taken by agents
and decreases for every manipulation action taken by
agents. When the classifier used by the system is bet-
ter than random guessing, which means that f(x) = 1
implies Pr[y(x) = 1|X = x] � 0.5, then the system’s
utility is monotonically increasing in each recourse ac-
tion taken by an agent in expectation but will be mono-
tonically decreasing in each manipulation action taken
by an agent.

However, this does not imply that the system is al-
ways incentivized to provide as many recourse actions
as possible, since agents might not always take them
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if they collude, which creates a natural misalignment
between the system’s utility and recourse o↵ering for
the system.

6 COST OF STRATEGICALLY
WITHHOLDING RECOURSE
SYSTEM

Having shown that the system could be incentivized to
withhold recourse from the agents, we now study the
consequence of such withholdings by examining the
social cost and unfairness as a result of the system’s
strategic actions.

Definition 3 (Social Cost of a Strategically Withhold
Recourse) Given a publically revealed set Z ✓ X+, the
social cost refers to the additional cost agents must
pay as a result of the system withholding recourse. De-
note xR(x) as the optimal recourse action provided by
a non-strategic system, and zR(x,Z) as the recourse
action that the agent takes given the revealed set Z,
then the social cost of a strategically withholding re-
course system is defined as:

cost(Z,X�) =
X

x2X�

�
cR(x, zR(x,Z))� cR(x,xR(x))

�

where zR(x,Z) = argminz2Z cR(x, z). For the re-
mainder of our results, we focus on univariate clas-
sifiers, i.e., the feature x is one-dimensional. There is
a natural correspondence between univariate and mul-
tivariate classifiers in the sense that one can imagine
the space of single-dimensional features as the scores
produced a multi-dimensional classifier f(x) 4. That
is, in the case when f(x) = [h(x) � ✓] for some score
function h and threshold theta, we can view f as a sin-
gle dimensional classifier acting on the space of scores
produced by h.

We also measure the disparities of di↵erent social
groups in terms of their di↵erences in 1) recourse ratios
(defined in Definition 1), and 2) social cost (defined in
Definition 3). Understanding the disparities in terms
of recourse rate and social cost among di↵erent groups
is crucial for addressing issues of unfairness in an al-
gorithmic recourse system Gupta et al. (2019); von
Kügelgen et al. (2022). These disparities often reflect
systemic biases and inequalities, impacting marginal-
ized communities disproportionately. In particular, as-
sume there are two groups of agents X(g0) and X(g1),
where g0, g1 represents their group memberships, we
are interested in the following quantities:

4
This follows similarly to Lemma 3.1 in Milli et al.

(2019).

Definition 4 (Disparity in Social Cost and Recourse
Ratio) The disparity in social cost and recourse ratio
for two groups g0, g1 are defined as:

Di↵(cost)(Z,X(g0),X(g1)) :=
���cost(Z,X(g1)

� )� cost(Z,X(g0)
� )

���,

Di↵(rec)(Z,X(g0),X(g1)) :=
���rec(Z,X(g1)

� )� rec(Z,X(g0)
� )

���

In the experiments section, we demonstrate that
these disparities can be quite common across di↵erent
datasets (see Figure 3). By quantifying and illuminat-
ing these disparities, we gain crucial insights into the
specific mechanisms of inequity and injustice within
algorithmic recourse systems.

7 THE EFFECT OF SUBSIDIES

To remedy the adverse population- and group-level im-
pacts previously observed, we investigate the use of
subsidies (rigorously defined next) and their impact
on recourse rate, social cost, and unfairness we de-
fined in the previous section. Subsidies correspond to
a global decrease in the cost of recourse. For exam-
ple, free educational material on financial literacy dis-
tributed to any agent petitioning the bank for recourse
will increase the ease at which that agent can perform
recourse actions.

Definition 5 (Subsidies)(Hu et al., 2019) A subsidy
0  ↵  1 is a scalar decrease to the cost of recourse.
For subsidy ↵, agents performing recourse pay only
(1 � ↵) · cR(x,x0) instead of the full cost of cR(x,x0).
We denote cR(x,x0;↵) = (1�↵) · cR(x,x0) as the new
recourse cost at subsidy level ↵.

Next, we demonstrate how subsidies can help increase
the recourse rate (Theorem 1) and system’s utility
(Theorem 3). Additionally, subsidies can mitigate
disparities in recourse rate di↵erences (Theorem 5)
and social cost di↵erences (Theorem 4) among vari-
ous groups.

We first show how subsidies influence the recourse rate.
Recall that subsidy reduces the cost of recourse from
cR(x,x0) to cR(x,x0;↵). With that, the recourse rate
becomes:

rec(Z,X�;↵)

=

P
x2X�


min
z02Z

cR(x, z0;↵) < min
�
1, min

z002Z
cM (x, z00)

��

|X�|
.

The key observation here is that with subsidy ↵, the
recourse cost reduces, but the manipulation cost re-
mains the same. Both optimal recourse actions xR(x)
and the optimal manipulation action xM (x) remain
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the same. With that, we can show that the recourse
rate is a monotonic function in subsidy – as the subsidy
level increases, the recourse rate will also increase:

Theorem 1 (Subsidy Influence on Recourse Rate)
Given a reveal set Z, the recourse rate rec(Z,X�,↵)
is a monotonically increasing function of subsidies ↵.

With subsidy ↵, the social cost for a given revealed set
Z becomes:

cost(Z,X�;↵) =
P

x2X�

�
cR(x, zR(x,Z;↵);↵)� cR(x,xR;↵)

�

where zR(x,Z;↵) = argminz2Z(1 � ↵)cR(x, z) is the
optimal recourse action given revealed set Z and a par-
ticular subsidy level ↵, and xR is the optimal default
recourse action provided by the system without any
strategic withholding. We can show that the social
cost is also a monotonic non-increasing function in the
subsidy level:

Theorem 2 (Subsidy Influence on Social Cost)
Given a revealed set Z, the social cost cost(Z,X�;↵)
is monotonically decreasing in subsidies.

Subsidies also help improve the system’s utility; under
some assumptions on the cost functions (i.e., mono-
tonic in the distance and only cross once), the system’s
utility is monotonic in subsidies as well:

Theorem 3 (Subsidy’s Influence on System’s Util-
ity) Given a revealed set Z, when both cR(x,x0) and
cM (x,x0) are monotonic in kx � x0k and only cross
once, the system utility is monotonically increasing in
subsidies.

Next we examine the di↵erence in social cost between
groups as a function of subsidies. We find that subsi-
dies are an e↵ective tool to mitigate disparities caused
by strategically withheld recourse.

Theorem 4 (Subsidy Influence on Social Cost
Disparity) With subsidy ↵, the disparity
in social cost for two group g0, g1 becomes:
Di↵(cost)(Z,X(g0),X(g1);↵) :=

���cost(Z,X(g1)
� ;↵)� cost(Z,X(g0)

� ;↵)
���

Given a revealed set Z, the social cost di↵erence
monotonically decreases in subsidies.

Intuitively, as we increase the subsidy level, the cost of
recourse decreases linearly as a function of the subsidy
level, making it increasingly cheaper to perform the
optimal recourse action. For both social groups, their
social cost approaches 0 as we increase the subsidy
level; as a result, the disparity in social cost between
the two groups also decreases to 0.

With subsidy ↵, for a given a revealed set Z, the dis-
parity in recourse ratio for groups g0, g1 is:

Di↵(rec)(Z,X(g0),X(g1);↵) :=
���rec(Z,X(g1)

� ;↵)� rec(Z,X(g0)
� ;↵)

���

where rec(Z,X(gi)
� ) is the recourse rate for a partic-

ular subgroup gi. We show that when subsidies are
su�ciently large, the recourse rate di↵erence is mono-
tonically decreasing in subsidies:

Theorem 5 (Subsidy’s Influence on Recourse Rate
Disparity) Given two groups g0 and g1 of relatively

equal negatively classified agents size |X(g0)
� | ⇡ |X(g1)

� |,
there exists a subsidy level 0  ↵⇤  1, such that
8↵ � ↵⇤, the recourse rate di↵erence monotonically
decreases.

This result follows that when recourse is free, i.e., sub-
sidies are maximized, all agents can perform recourse,
and the recourse rate di↵erence is 0. Thus, as subsidies
increase, there must exist a point (namely ↵⇤) when
both groups can take advantage of subsidies at pro-
portional rates, thus decreasing the gap between the
number of agents performing recourse in both groups.
We also verify empirically that for recourse rate dif-
ference, there indeed exists a peak subsidy value ↵⇤

where the recourse rate di↵erence increases before and
then decreases afterward (see Figure 4).

8 EMPIRICAL STUDIES

Setup We conduct experiments using three datasets:
1) Law School Wightman & Council (1998) dataset,
in which the objective is to predict whether a student
will pass the bar exam on the first attempt, Adult
Income Dua et al. (2017) in which the objective is to
predict whether an individual earns more than 50K
annually, and German Credit Yeh & Lien (2009) in
which the objective is to predict whether a given indi-
vidual will not default on their credit. In each dataset,
agents have constant utility over approved features,
i.e., the conventional recourse setting where ua(x) = 1
for all x; the principal (system) has utility up(x) = 1
when the agent is a true positive (y = 1, f(x) = 1) and
up(x) = �1 when the agent is a false positive (y = �1,
f(x) = 1). Qualification is predicted via Logistic Re-
gression (shown in this section) or Gradient Boosting
Trees (shown in the Supplement Appendix F).

Recourse and manipulation both carry an `2 cost,
namely cR(x, z) = kwR · (x � z)k2, and cM (x, z) =
kwM · (x� z)k2,where wR and wM are the weight vec-
tors for the cost functions. In our experiments, we
report outcomes over 100 runs using randomly initial-
ized wR and wM and resampled subsets of positive and
negative agents in the dataset in each run. We set the
probability that the agent discloses their feature pub-
licly at p = 0.7 for all experiments. When varying this
value, we observe similar results.
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Figure 2: Fraction of the population performing recourse (top row) or manipulation (bottom row). Each line corresponds
to a di↵erent subsidy ratio “sub”, i.e., the cost reduction applied to recourse.

Figure 3: Di↵erence in recourse rate (top row) and social cost (bottom row) between di↵erent sensitive attribute groups.
Each line corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.

Recourse Rate and Manipulation Rate We be-
gin by examining the relationship between the fraction
of the population choosing to perform recourse and the
fraction choosing to perform manipulation as a func-
tion of the fraction of agents given a recourse action.
In Figure 2, we see that in general, as the percent-
age of agents who are provided a recourse action in-
creases, the recourse rate decreases while the manipu-
lation rate increases (this trend holds for each subsidy
value). Thus, when agents themselves can strategi-
cally select between recourse and manipulation, the
increased model transparency, created by providing
more agents with recourse actions, results in more
agents selecting to perform manipulation. Providing
more recourse actions to agents, does not necessarily
result in more agents performing recourse. Despite

this general trend, we also observe the e↵ectiveness
of subsidies. As subsidies converge to 1 (meaning re-
course carries no cost), the fraction of agents choosing
recourse converges to 1, while the fraction of agents
choosing manipulation converges to 0. While it may
be expensive in general to provide such subsidies, and
the question of how to balance this expense against the
system’s own utility remains open, these results indi-
cate that subsidies are an e↵ective avenue for broadly
promoting recourse and disincentivizing manipulation.

Disparity in Recourse and Social Cost Lastly,
we investigate how strategic system behavior causes
disparate impacts among sensitive groups. In our ex-
periments, groups are taken to be binary and are de-
fined by race in the Law School dataset (White and
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Non-White), by gender in the Adult Income dataset
(Male and Female), and by age in the German Credit
dataset (Young and Old). In Figure 3, we see the dif-
ference in the number of agents performing recourse
and social cost between groups. Higher values in these
plots indicate higher rates of recourse, or lower cost,
for White individuals in the Law School dataset, Male
individuals in the Adult income dataset, and Young in-
dividuals in the Credit dataset. First, strong subsidies
(particularly subs  0.4) result in a large decrease in
the disparities between groups for both recourse rate
and social cost. For less strong subsidies (subs � 0.6),
we see that the gap in recourse rate between groups
can increase. This is due to the fact that when subsi-
dies are less strong, only agents with already low costs
of recourse (primarily from the advantaged group) can
benefit from those subsidies.

9 CONCLUSION

In scenarios where agents can manipulate a system,
there is a reduced incentive for the system to provide
recourse due to increased model transparency. Con-
sequently, the system strategically withholds recourse
from some, leading to higher social costs, and dis-
proportionately impacting disadvantaged groups. De-
spite the inherent tension between the system’s utility
and its provision of recourse, subsidies emerge as a
viable tool to boost recourse-providing rates and al-
leviate group-wise disparities resulting from recourse
withholding.
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A Notation Table

Symbol Usage

X ⇢ Rd The domain of the feature x
Y ⌘ {0, 1} The domain of labels
X 2 Rn⇥d A set of features of n agents

Y 2 {0, 1}|X| The labels for the set of features X
x 2 X A random variable representing an example’s features
y 2 Y A random variable representing an example’s ground truth label

f : X ! Y a binary classifier, unknown to the agents
X�,X (0) ✓ X The domain of negatively classified features, i.e. 8x 2 X�, f(x) = 0

X+ ✓ X The domain of positively classified features, i.e., 8x 2 X+, f(x) = 1
X� ✓ X The set of negatively classified features, i.e. 8x 2 X�, f(x) = 0
X+ ✓ X The set of positively classified features, i.e., 8x 2 X+, f(x) = 1
X(gi) ✓ X The subset of features belongs to group G = gi

cR : X ⇥ X ! R+ The cost function of recourse
cM : X ⇥ X ! R+ The cost function of recourse

XR The set of all possible recourse actions
ZR The set of revealed recourse actions
Z+ The set of revealed positively classified features

Z = ZR [ Z+ A publicly revealed feature set
xR(x) The optimal recourse action for agent with feature x
xM (x) The optimal manipulation action for agent with feature x
z(x,Z) The agent’s final action

rec(Z,X) The recourse ratio for feature sets X given revealed set is Z
↵ 2 [0, 1] A subsidy level
u0 2 R The initial utility of a system without providing recourse

Table 1: Primary Notation
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B Additional Related Work

Recourse Recourse focuses on providing agents with the ability to contest or improve their outcome via a
modification to their attributes in a genuine manner (e.g., paying o↵ debt to increase creditworthiness) Ustun
et al. (2019); Venkatasubramanian & Alfano (2020); Karimi et al. (2020a); Gupta et al. (2019); Karimi et al.
(2020b); von Kügelgen et al. (2020); Chen et al. (2020); Harris et al. (2022). Much of this line of work focuses
on the setting where the requested recourse is guaranteed to be provided. As far as we know, our work is the
first to challenge this fundamental assumption and argue that without a third-party’s intervention (e.g., the
government regulation on the system’s recourse providing), a utility-maximizing algorithmic recourse system
may be incentivized to strategically withhold recourse from some agents to prevent manipulations. We point
the reader to Karimi et al. (2020a) for a more detailed discussion of the concepts and recent development of
algorithmic recourse. To our knowledge, even though the literature has previously introduced the concepts of
recourse, strategic manipulation, and subsidy analysis, we have yet to find any studies that explicitly highlight
how a recourse system might act strategically by withholding recourse to enhance its own utility. The originality
of our work, thus, is to address this gap. Some works have investigated the relationship between incentives/utility
and recourse, such as Fokkema et al. (2024), which finds that providing recourse can decrease classifier accuracy,
Estornell et al. (2023a), which investigates ways to ensure that given recourse actions are taken by agents, and
Olckers & Walsh (2023) which investigates the incentive compatibility of recourse.

Strategic Classification Strategic Classification focuses on the problem of how to e↵ectively make predictions
in the presence of agents who behave strategically to obtain desirable outcomes Hardt et al. (2016); Chen et al.
(2018); Tsirtsis et al. (2019); Levanon & Rosenfeld (2021); Dong et al. (2018); Chen et al. (2018); Zrnic et al.
(2021); Chen et al. (2023). Our work considers a specific type of strategic behavior, namely the imitation-based
manipulations: agents do not know the classifier f but are aware of a set of positively classified features and can
misreport their feature by imitating another agent’s feature that is positively classified. Such copycat behavior
has been well-known in the literature of game theory, the behavioral economy, and strategic classification, e.g.,
Bechavod et al. (2022); Barsotti et al. (2022). While most of this line of work focuses on agents being strategic
and could potentially modify their features to get a favorable prediction outcome, our work focuses on when the
system is being strategic and potentially withholds recourse to the agents.

Fairness and Social Cost in Recourse and Strategic Classification Fairness has been explored in the
literature algorithmic recourse and strategic classification. For example, existing works on fairness in recourse
emphasize the importance of equitable recourse and explore various remedying unfair recourse decisions Gupta
et al. (2019); von Kügelgen et al. (2022); Ehyaei et al. (2023). Fairness with the presence of strategic behavior
has featured studies that highlight the inequity that results from strategic behavior by individuals Hu et al.
(2019), as well as inequity (e.g., social cost) resulting from making classifiers robust to strategic behavior Milli
et al. (2019); Estornell et al. (2023b). Unlike previous work that primarily focuses on proposing fair classifiers
with the presence of strategic agents, our work uniquely demonstrates how the system’s strategic withholding
impacts the fairness and social cost for di↵erent societal groups.

Transparency Also related is work on transparency in machine learning. In particular, Barsotti et al. (2022)
find that the risks of transparent explanations are alleviated if e↵ective methods to detect faking behaviors are
in place. Unlike our modeling framework, they model transparency as how much noise is in the threshold of
a threshold classifier. Akyol et al. (2016) examines the impact of users’ strategic behavior on the design and
performance of transparent machine learning algorithms, quantifying the ”price of transparency” as the cost
ratio for the algorithm designer when users exploit transparency compared to when the algorithm is opaque.

Comparison with three closely related papers

• Comparison with Estornell et al. (2023a): the key distinction between these our work and Estornell et al.
(2023a) is that Estornell et al. (2023a) presumes the system will provide any agent with an optimal recourse
action and examines how auditing can dissuade agents from manipulating. In contrast, we do not consider
auditing, and instead focus on how a system may be incentivized to withhold recourse from certain agents.
While both papers examine the use of subsidies, our focus and model are distinct.

• Comparison with Fokkema et al. (2024): Fokkema et al. (2024) focuses on discussing the accuracy drop
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as a result of the system providing recourse, because it pushes users to regions of higher class uncertainty
and therefore leads to more mistakes. Our work, on the other hand, focuses on the incentive-compatibility
problem in an algorithmic recourse system. of the population

• Comparison with Olckers & Walsh (2023): similar to our work, Olckers & Walsh (2023) also studies when
it is incentive-compatible for a decision-maker to o↵er recourse. Unlike our setting, however, they primarily
operate on a simple toy model that assumes the applicant’s profitability is fixed.

C Proofs for Section 5

C.1 ILP for system when p = 1

We provide the ILP formula for the system to find optimal recourse actions when the revealing probability p = 1:

max
a2{0,1}|Zmax|,b2{0,1}|X�|

|X�|X

j=1

bj (maximize the number of agents performing recourse)

s.t. bjcR(xj , zR)  aicM (xj , zi) + (1� ai)
(only do recourse if all manipulation costs are greater)

bj  ajR (the optimal recourse action zjR for agent j must be revealed)

bjcR(xj , zR)  1 (the optimal recourse action zjR for agent j must be less than 1)

|Z|X

h=1

ah = k (the total number of revealed recourse action is k)

C.2 NP hardness of the System’s Optimal Recourse Providing Problem

Theorem 6 The problem of selecting the optimal set of recourse actions to recommend, such that the system’s
utility is maximized (Equation 3), is NP-hard, even when the probability of diclosure p = 1.

Proof 1 To demonstrate the intractability of this objective, we reduce from the known NP-hard problem Minimum
k-Union (MkU), an instance of which is defined via a universe of n elements U = {s1, . . . , sn},a collection of
n sets S = {S1, . . . Sm} with elements in U , and a budget k. The objective in MkU is to select an index set I
of size exactly k such that [j2ISj is minimized. Given an instance of MkU can be mapped to an instance of

simultaneous recourse as follows. Let X(0)⇥Z =
�
(x, zj) : si 2 U and Sj 2 S

 
, and define cR and cM as follows,

cR(x, zj) =

(
1 if i 6= j

0 if i = j
cM (x, zj) =

(
1 if si /2 Sj

1/2 if si 2 Sj

Under this construction of the cost functions, each agent x will perform recourse if and only if zi is revealed, and
the disclosure probability p = 1. In the case that zi is not revealed, the agent will elect to perform manipulation
when any zj is revealed where j 6= i and si 2 Sj. If neither criterion is met, the agent will elect to do nothing
(remaining negatively classified). Combining these cases, we see that revealing each zj causes exactly one agent
to perform recourse, namely xj, and causes all x (with si 2 Sj) to manipulate. Let I = {j1, . . . , jk} be the index
set of the revealed features, then the number of agents manipulating is equal to

��[j2I Sj

���k. Therefore providing
k recourse actions to agents while minimizing the number of agents manipulating is equivalent to minimizing�� [j2I Sj

��.

C.3 Submodularity of the System’s Utility

Theorem 7 The system’s objective function is submodular with respect to the size of the set of revealed features.

Proof 2 Given a revealed set Z ✓ XR, for agent with feature x 2 X�, let Sm(x,Z) := {z 2 Z : cM (x, z) 
cR(x, zR(x,Z))} be the set of manipulation features that are cheaper than the minimum recourse action zR(x,Z)
given the revealed set Z. Then the agent will perform recourse if and only if Sm(x,Z) = ;. Given the cost
function cM and cR, the principal can pre-compute each agent’s manipulation set Sm(x,Z).
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The probability for the manipulation set Sm(x,Z) to overlap with a given revealed set Z is P (x;Z) =
⇧z2Zm(x,Z)(1� p), where p is the disclosure probability for any criteria z.

The goal for the system is to select a disclosure set Z ✓ XR to minimize the overlap between Z and Sm(x,Z)
for all agents, namely:

min
Z✓XR

u(Z,X�) :=
X

x2X�

(1� P (x;Z)) =
X

x2X�

�
1�⇧z2Zm(x,Z)(1� p)

�
(6)

To ease the notation, we use u(Z) to shorthand u(Z,X�) since X� is fixed in our setting. To show that
Equation (6) is submodular, it is equivalent to prove that the objective function u(Z,X�) satisfies the diminishing
returns property, which means 8A,B ✓ Z with A ✓ B ✓ Z, and any criteria z 2 Z\B, we want to show

u(A [ {z})� u(A) � u(B [ {z})� u(B)

Only four types of agents could potentially contribute to the marginal gain for U when the revealed sets are A[{z}
v.s. B [ {z}:

1. when Sm(x, B [ {z}) = B [ {z}

2. when Sm(x, B [ {z}) = A [ {z}

3. when Sm(x, B [ {z}) = {z}

4. when Sm(x, B [ {z}) = B\A [ {z}

For the first three cases, we can verify that the two marginal gains are the same. For the last case, the two
marginal gains are:

u(A+ {z})� u(A) = [1� (1� p)]� 0 = p

u(B + {z})� u(B) = [1�⇧t2{B\A[{z}}(1� p)]� [1�⇧t2{B\A}(1� p)]

= p⇥⇧t2{B\A}(1� p)

 p

Since this holds for all agents, we show that adding a criterion z to a larger set B provides an equal or smaller
marginal gain in the objective function compared to adding it to a smaller set A, satisfying the diminishing
returns property. Therefore, the objective function defined in Equation (6) is submodular.

C.4 Proof for Theorem 1

Proof 3 Notice that only agents x 2 X(0) who are originally negatively classified would request a recourse from
the system in the first place, and both the recourse action and the manipulation actions that they are potentially
going to take will be positively classified by the system. From the system’s perspective, when the classifier is
non-trivial (better than random guessing), all positively classified x are more likely to have true label y = 1, and
all negatively classified x are more likely to have true label 0. When an agent with feature x takes recourse, the
expected system utility change is:

�(System’s Utility)(x ! zR) =
�

[y(zR) = 1, f(zR) = 1]� [y(zR) = �1, f(zR) = 1]
�
� 0

= 2Pr[y(zR) = 1|X = zR]� 1 � 0 (f is a non-trivial classifier, and f(zR) = 1)

Similarly, when the agent takes manipulation, the expected system utility change is:

�(System’s Utility)(x ! zM ) =
�

[y(x) = 1, f(zM ) = 1]� [y(x) = �1, f(zM ) = 1]
�
� 0

= 2Pr[y(x) = 1|X = x]� 1  0 (Since f is a non-trivial classifier, and f(x) = 0)

When the agent performs do-nothing, the system utility remains the same.
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D Proof for Section 6

We first prove a theorem on the monotonicity of social cost.

Theorem 2 (Monotonicity of Social Cost) When the recourse cost cR(x, x0) is monotonic in kx� x0k, and
consider a linear threshold classifier. The social cost monotonically decreases in the easiest obtained recourse
action.

Proof 4 Consider a 1-dimensional setting, where the system uses a linear threshold classifier f(x) = [x � ⌧ ].
In this case, the optimal recourse action for any agent is always the minimum recourse action that has been
revealed so far, namely zmin = minz2Z z. Recall the definition of the social cost:

cost(Z,X�) =
X

x2X�

(cR(x, zR(x,Z)� cR(x,xR)) ,where zR(x,Z) = argmin
z2Z

cR(x, z)

When the cost function is monotonic in the `2 norm, e.g., cR(x, x0) = wR · kx� x0k, we have

cR(x, zR(x,Z)) = wR · kx� zR(x,Z)k = wR ·min
z2Z

kx� zk = wR ·
✓
min
z2Z

z � x

◆

cR(x,xR) = wR · kx� xRk = wR · kx� ⌧k = wR · (⌧ � x)

Thus,

cost(Z,X�) =
X

x2X�

(cR(x, zR(x,Z))� cR(x, zR))

=
X

x2X�


wR ·

✓
min
z2Z

z � x

◆
� wR · (⌧ � x)

�

= |X�| · wR ·
✓
min
z2X�

z � ⌧

◆

As the size of Z gets larger (more recourse actions get revealed), minz2Z z will be non-increasing, which means
that cost(Z,X�) is monotonically decreasing.

E Proofs for Section 7

E.1 Proof for Theorem 1

Proof 5 Recall that given a revealed set Z, with subsidy ↵, the corresponding recourse rate becomes:

rec(Z,X�;↵) =

P
x2X�


min
z02Z

cR(x, z0;↵) < min
�
1, min

z002Z
cM (x, z00)

��

|X�|

In particular, with subsidy ↵, the cost of recourse becomes (1 � ↵) · cR(x, z0), the cost of manipulation remains
the same. Both optimal actions zR and zM remain the same.
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Thus, for the nominator, we have:

X

x2X�


min
z02Z

cR(x, z
0;↵)  min

�
1, min

z002Z
cM (x, z00)

��

=
X

x2X�


min
z02Z

(1� ↵) · cR(x, z0)  min
�
1, min

z002Z
cM (x, z00)

��

=
X

x2X�


(1� ↵) ·min

z02Z
cR(x, z

0)
| {z }

fixed

 min
�
1, min

z002Z
cM (x, z00)

| {z }
fixed

��

=
X

x2X�


(1� ↵) · min

z02Z
cR(x, z

0)
| {z }

fixed for a particular x

 min
�
1, min

z002Z
cM (x, z00)

| {z }
fixed for a particular x

��

=
X

x2X�


↵ � 1�

min
�
1, min

z002Z
cM (x, z00)

�

min
z02Z

cR(x, z0)
| {z }

fixed for a particular x

�

As ↵ becomes larger, this quantity will be non-decreasing. This implies that the recourse rate is a monotonically
non-decreasing function of subsidy for a given revealed set Z.

E.2 Proof for Theorem 2

Proof 6 Again, consider a 1-dimensional setting, where the system uses a linear threshold classifier f(x) =
[x � ⌧ ]. In this case, the optimal recourse action for any agent is always the minimum recourse actions that

has been revealed so far, namely zmin = minz2Z z. Recall the definition of the social cost with subsidy level ↵:

cost(Z,X�;↵) =
X

x2X�

�
cR(x, zR(x,Z;↵);↵)� cR(x, zR)

�
,where zR(x,Z;↵) = argmin

z2Z
(1� ↵)cR(x, z)

In the 1-dimension case, we have

cR(x, zR(x,Z;↵);↵) = (1� ↵) · wR · kx� zR(x,Z;↵)k = (1� ↵) · wR ·min
z2Z

kx� zk = (1� ↵) · wR ·
✓
min
z2Z

z � x

◆

cR(x, zR;↵) = (1� ↵) · wR · kx� zRk = (1� ↵) · wR · kx� ⌧k = (1� ↵) · wR · (⌧ � x)

Thus,

cost(Z,X�;↵) =
X

x2X�

(cR(x, zR(x;Z;↵))� cR(x,xR;↵))

=
X

x2X�


(1� ↵) · wR ·

✓
min
z2Z

z � x

◆
� (1� ↵) · wR · (⌧ � x)

�

= (1� ↵) · |X�| · wR ·
✓
min
z2Z

z � ⌧

◆

As the level of subsidy gets larger (↵ gets bigger, cheaper to perform recourse), cost(Z,X�;↵) will get smaller,
which corresponds to a smaller social cost.

E.3 Proof for Theorem 3

Proof 1 The system utility is defined as the di↵erence between true positive and false positive after agent’s
actions. Let Pr[Y = 1|X = x] be the true qualification rate given a feature X = x, and assume it’s also
monotonic in X. u0 is the system’s initial utility (before providing recourse).
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Let the recourse region RR and manipulation region RM are defined as:

RM = {x 2 X(0) : cM (x, zmin) < min(1, cR(x, zmin))}

RR = {x 2 X(0) : cR(x, zmin) < min(1, cM (x, zmin))}

where X (0) is the set of negatively classified agents. Then we have

System’s utility(zmin) = TP� FP

= u0 +

Z

x2RM

Pr(y = 1|X = x)dx

| {z }
TP from agents taking manipulation

+

Z

x2RR

Pr(y = 1|X = zmin)dx

| {z }
TP from agents taking recourse

�
Z

x2RM

(1� Pr(y = 1|X = x)) dx

| {z }
FP from agents taking manipulation

�
Z

x2RR

(1� Pr(y = 1|X = zmin))dx

| {z }
FP from agents taking recourse

= u0 +

Z

x2RM

(2 · Pr(y = 1|X = x)� 1) dx+

Z

x2RR

(2Pr(y = 1|X = zmin)� 1) dx

= u0 +

Z

x2RM

(2 · Pr(y = 1|X = x)� 1) dx+ (2Pr(y = 1|X = zmin)� 1)

Z

x2RR

dx

where zmin = argminz2Z z is the cheapest recourse actions.

Useful facts:

1. Suppose the classifier is a threshold classifier: f = [x � ✓], we can further characterize the X (0) = {x 2
X : x  ✓}.

2. the minimum value of zmin is ✓ (the decision boundary).

3. Since Pr[y = 1|X = x] is monotonic in x, 8x 2 RM ,Pr[y = 1|X = x]  Pr[y = 1|X = zmin]

When we change the subsidy level ↵, the two regions change as:

X (↵)
M = {x 2 X(0) : cM (x, zmin) < min(1, cR(x, zmin;↵))}

R(↵)
R = {x 2 X(0) : cR(x, zmin;↵) < min(1, cM (x, zmin;↵))}

where cR(x, x0;↵) = (1 � ↵) · cR(x, x0). As ↵ becomes larger, we should expect |X (↵)
R | to be larger and |X (↵)

M | to
be smaller.

When cR(x, x0) and cM (x, x0) are both monotonic in kx� x0k and only cross once. wlog, assume

cM (x, x0) = kx� x0k, cR(x, x0;↵) = ↵ · wR · kx� x0k+ b (0 < wR  1, b < 1to guarantee they only cross once)

we can further characterize the two regions:

X (a)
M = {x : x 2 [zmin �

r
b

1� ↵ · wR
, ✓]},X (a)

R = {x : x 2 [zmin �
r

1� b

↵ · wR
, zmin �

r
b

1� ↵ · wR
]}

which gives us the size for the two regions as:

���X (a)
M

��� = ✓ � zmin +

r
b

1� ↵ · wR
,

���X (a)
R

��� =
r

1� b

↵ · wR
�
r

b

1� ↵ · wR

For ↵ 2 [0, 1], the rate in which the size of X (a)
M and X (a)

R changes as a function of the subsidy level ↵ can be
expressed as:

@|X (a)
M |

@↵
=

1

2
· b1/2 · w · (1� aw)�3/2,

@|X (a)
R |

@↵
= �1

2

r
1� b

w
· a�3/2 � 1

2
· b1/2 · w · (1� aw)�3/2
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we can see the increase rate in the size of R(↵)
R is higher than the decrease rate in the size of R(↵)

M . This, together
with the fact that useful fact (3), tell us that the system’s utility will be a monotonically increasing function in
subsidy level ↵.

E.4 Proof for Theorem 5

Proof 7 Recall from the proof for the recourse rate with subsidy, for a particular reveal set Z and a given set of
negatively classified feature set X�, we have:

rec(Z,X�;↵) =

P
x2X�

1


↵ � 1�

min
�
1, min

z002Z
cM (x,z00)

�

min
z02Z

cR(x,z0)

�

|X�|

To ease the notation, let’s define �(x) =

P
x2X�

1


↵�1�

min

�
1, min

z002Z
cM (x,z00)

�

min
z02Z

cR(x,z0)

�

|X�| . Plug the expression into the definition
for the disparity in recourse ratio for two groups g0, g1, we have:

Di↵(rec)(Z,X(g0)
� ,X(g1)

� ) =
���rec(Z,X(g1)

� ,↵)� rec(Z,X(g0)
� ,↵)

���

=

����������

P

x2X
(g1)
�


↵ � 1� �(x)

�

|X(g1)
� |

�

P

x2X
(g0)
�


↵ � 1� �(x)

�

|X(g0)
� |

����������

when the size of the two groups are similar, namely when |X(g0)
� | ⇡ |X(g1)

� |, we can roughly approximate the
recourse di↵erence by:

Di↵(rec)(Z,X(g0)
� ,X(g1)

� ,↵) u

�������

X

x2X
(g1)
�


↵ � 1� �(x)

�
�

X

x2X
(g0)
�


↵ � 1� �(x)

�
�������

We make the following observation:

• When ↵ = 0: it corresponds to the situation where no subsidy is provided. This is the original disparity

Di↵(rec)(Z,X(g0)
� ,X(g1)

� ).

• When ↵ = ↵max = 1, it corresponds to when the cost of recourse is 0, in this case, everyone takes recourse,
which means the recourse di↵erence is zero. Since 1� �(x)  1 = ↵max is also an upper bound on the value
1 = �(x) for all x 2 X�.

For each group g0 and g1, if we rank x by their 1��(x) value, then as we move ↵ from 0 to 1, all the points that
are to the left of the ↵ will be counted towards [↵ � 1��(x)]. Thus the disparity will depend on the distribution
of 1��(x), which will mainly depend on the distribution of x, as well as the cost functions cR and cM . However,

we are guaranteed to at least find an 1 < ↵⇤ < 1, such that after ↵ > ↵⇤, there is only one x 2 X(g0)
� such that

↵ � 1� �(x) is true. In this case, increasing ↵ will only leads to decreasing in the disparity.

E.5 Proof for Theorem 4

Recall the statement of Theorem 4:

Theorem 3 (Subsidy Influence on Social Cost Disparity) With subsidy ↵, the disparity in social cost for
two group g0, g1 becomes:

Di↵(cost)(Z,X(g0),X(g1);↵) :=
���cost(Z,X(g1)

� ;↵)� cost(Z,X(g0)
� ;↵)

���
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Given a revealed set Z, the social cost di↵erence monotonically decreases in subsidies.

Proof 8 Recall the definition of social cost di↵erence:

Di↵(cost)(S,X(g0)
� ,X(g1)

� ) :=
���cost(S,X(g1)

� )� cost(S,X(g0)
� )

���

Again, consider a 1-dimensional setting, where the system uses a linear threshold classifier f(x) = [x � ⌧ ]. In
this case, the optimal recourse action for any agent is always the minimum recourse actions that has been revealed
so far, namely zmin = minz2Z z. Recall from the proof for social cost with subsidy, we have for a particular set
X :

cost(Z,X,↵) = (1� ↵) · |X| · wR ·
✓
min
z2Z

z � ⌧

◆

Plug it back to the definition of social cost di↵erence at a certain subsidy level, we have:

Di↵(cost)(Z,X(g0),X(g1);↵) =
���cost(Z,X(g1))� cost(Z,X(g0))

���

=

����(1� ↵) · |X(g0)
� | · (min

z2Z
�⌧)� (1� ↵) · |X(g1)

� | · (min
z2Z

�⌧)

����

=

����(1� ↵) · (|X(g0)
� |� |X(g1)

� |) · (min
z2Z

�⌧)

����

which is monotonically decreasing as ↵ increases.

F Additional Experimental Results

Additional Experimental Setup To optimize the system’s utility and select the optimal set of features to
reveal, we use the local search-based method provided in Orso et al. (2015).

Experiments Compute Resources All the experiments were run on a MacBook Pro with Apple M1 chip and
8GB memory. To finish 100 runs on the adult and law datasets for 5 di↵erent subsidies, it took roughly 3 hours;
the German credit dataset will take roughly 5-6 hours.

F.1 Additional result on recourse rate di↵erence between groups as a function of di↵erent
values of subsidies

In Figure 4, we see the recourse rate di↵erence between groups as a function of di↵erent values of subsidies.
This figure serves to outline the parabolic nature relationship between subsidies and recourse rate di↵erence.
As mentioned previously, only those with already low recourse costs can benefit from subsidies for smaller
subsides. Thus we see that smaller subsidies can initially result in greater disparity between agents, however,
as subsides increases, they eventually decrease disparity to rates which are lower than the disparity without
subsidies (sub = 0). Thus when deciding the amount of subsidies to choose, it is important for systems to be
aware of the potential negative impacts (larger disparities between groups) that can result from smaller subsidies.

F.2 Additional Results Using Gradient Boosting Classifier

In this section, we present further empirical findings obtained by employing a Gradient Boosting Decision Tree
as the training method. Overall, we observed similar behavior compared with training and logistic regression.
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Figure 4: Recourse rate di↵erence as a function of subsidy with 95% confidence intervals. Each line corresponds to a
di↵erent percentage of the population with provided recourse actions.

(a) Law (b) Adult (c) Credit

Figure 5: Fraction of the population performing recourse, with 95% confidence intervals. Each line corresponds to a
di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.

G Boarder Impact

Boarder Impact: By shedding light on the complex dynamics of recourse provision in automated systems, our
paper challenges existing assumptions and reveals significant implications for both individuals and society as a
whole. The identification of the natural tension between providing recourse and system exploitation highlights
the delicate balance that must be maintained in algorithmic decision-making. This insight has profound conse-
quences for fairness and equity, as strategic recourse withholding disproportionately a↵ects vulnerable groups.
Furthermore, the proposed framework o↵ers a novel approach to analyzing the interplay of transparency, recourse,
and manipulation, providing a valuable tool for future research in algorithmic fairness and accountability. The
findings underscore the urgent need for policy interventions, such as recourse subsidies, to mitigate the adverse
e↵ects of system behavior on marginalized populations. Ultimately, this paper not only advances our theoretical
understanding of algorithmic decision-making but also o↵ers practical solutions to address the systemic biases
inherent in automated systems.

(a) Law (b) Adult (c) Credit

Figure 6: Fraction of the population performing manipulation, with 95% confidence intervals. Each line corresponds to a
di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.
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(a) Law (b) Adult (c) Credit

Figure 7: The system’s utility as a function of the population percentage with provided recourse, with 95% confidence
intervals. Each line corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.

(a) Law (b) Adult (c) Credit

Figure 8: The social cost as a function of the population percentage with provided recourse, with 95% confidence intervals.
Each line corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.

(a) Law (b) Adult (c) Credit

Figure 9: Di↵erence in recourse rate between di↵erent sensitive attribute groups with 95% confidence intervals. Each line
corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.

(a) Law (b) Adult (c) Credit

Figure 10: Di↵erence in social cost between di↵erent sensitive attribute groups with 95% confidence intervals. Each line
corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.
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(a) Law (b) Adult (c) Credit

Figure 11: The social cost as a function of the population percentage with provided recourse, with 95% confidence intervals.
Each line corresponds to a di↵erent subsidy ratio “subs”, i.e., the cost reduction applied to recourse.
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