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Abstract

Humans have been found to manipulate their inputs to algorithmic decision systems
to receive favorable outcomes. This has motivated a line of work on “strategic clas-
sification,” wherein algorithmic decision rules are selected to prevent undesirable
strategic responses. Prior works typically assume that the cost of such strategic
behavior is fixed and independent of the classifier’s decision. In practice, how-
ever, manipulation costs depend on past decisions: today’s algorithmic decisions
influence tomorrow’s costs of strategic response. To capture this dependency, we
propose to formulate the problem of strategic classification as a two-stage robust
optimization problem with a decision-dependent uncertainty set. We formalize this
problem, develop approximations and reformulations to solve it, and numerically
illustrate our algorithm’s ability to mitigate gaming of the algorithmic system.

1 Introduction

Machine learning algorithms are increasingly deployed in decision making systems, including
for making lending, hiring, recidivism, and school admission decisions. A key issue arising in
these systems is strategic behavior by humans, who can modify their inputs to the algorithm
(whether through genuine effort or by misrepresenting their features) to gain favorable outcomes
(14, [16L139, 146 151]]. This has led to a literature on strategic machine learning [21} 28 31} 137, 38]],
which studies the design of algorithms that can prevent “gaming” of the algorithmic system.

Much of the existing works in this area have assumed that both the decision maker and the agents
have full information about the system and decision boundaries [27, |34} 48, |56]]. Recent work
has started deviating from these assumptions, by considering agents with incomplete or biased
perceptions of the classifier [[10} [12, 22]] or classifiers uncertain about agent responses [l 41}, |44]].
(We review additional related work in Appendix [B). A type of uncertainty that arises in practice, but
remains unaddressed by this existing literature, is that classifier decisions can endogenously shape the
environment. Specifically, the choices made by a classifier influence the future costs that the agents
face when attempting to strategically respond to the algorithmic system in the future. For instance,
test-optional policies adopted by colleges during the COVID-19 pandemic reduced demand and prices
for test preparation in the following years, while simultaneously shifting spending toward alternative
costly signals such as essay coaching, and extracurricular activities [8, 130} 132, 54]. Thus, a school’s
decision today shape next year’s applicants’ response costs. Yet, the exact impact that this year’s
decisions will have on subsequent years’ costs is not fully known at the time of decision-making.

To capture such situations, we propose to formulate the classifier choice as a two-stage robust
optimization problem (TSRO) with decision-dependent and uncertain costs. In the first stage, the
classifier anticipates that its choices will influence future response costs by the agents; we model
this through a decision-dependent uncertainty set for the second-stage problem in our proposed
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formulation. We then develop approximations and reformulations to make the proposed problem
amenable to existing algorithms for solving TSROs, specifically the “Benders and Constraint and
Column Generation (C&CG)” algorithm of [55]. Through numerical experiments, we illustrate
how our dependency-aware classifier strategically sacrifices some first-stage performance to gain
second-stage robustness, reducing overall loss and limiting manipulations more effectively than a
dependency-unaware baseline.

2 Problem Setting and Preliminaries

We study the problem of strategic binary classification, where a firm makes accept/reject decisions
on agents with observable features z € X C R< and hidden true labels y € ¥ = {x1}. Let
(X,Y) ~ Pxy denote the joint distribution over the support X x ), with (z,y) a realization of
(X,Y). The problem unfolds over two stages, where a long-lived firm interacts with short-lived
agents (different populations in each stage). In the first stage, the firm selects a linear classifier
sign(87x), where 3 € B, and agents may strategically modify their features to gain acceptance
without altering their true label. Formally, the applicant can strategically alter their initial feature x to

#(8) i= arg mag [1(57% > O)u — ez, 8)] ()

where u > 0 is the utility from a positive classification, and ¢(x, Z) is the cost of changing x to &. An
agent responds strategically only if the modification flips the outcome to positive and ¢(z, &) < u.

We consider cost functions of the form c¢(z, &) = ¢(||& — z||z), where ¢ : R>g — R is a non-
decreasing function and ||& — z|y, := ||£% (& — z)|| where & € R%4*4 is a positive definite (PD)
cost matrix (3 > 0) which uniquely parametrizes the cost function, and || - || is the standard p-norm.
This cost function was initially proposed by [41]], and includes the previously studied £,-norm costs
(10} 131 [52], such as the widely used ¢s-norm [[12} 20l [27], as a special case. In matrix 3, each
diagonal element o; sets the relative cost of changing feature x;, while off-diagonal terms capture
correlations in feature-change costs. In the first stage, we assume the firm knows the cost function
c(x, &) via ¥o and uses it to anticipate agents’ responses when selecting 3. This stage, in isolation, is
a classic strategic classification setup [[1} 10} 21]] but with a more general cost model.

Our model differs from existing ones through its two-stage structure and their coupling: we assume
the firm’s first-stage decision influences the second-stage cost of strategic responses. Importantly,
while the firm anticipates this dependence, the exact impact is unknown at the time of the first-stage
decision. Formally, the second-stage cost of changing x to & is given by

o(z,2) = ¢ (|12 = zllsw) - @
That is, the second stage has a cost matrix % (w) € R?*9, defined as a function of a random vector
w € Ri whose components capture how the cost depends on the first-stage decision S.

Specifically, we introduce a decision-dependent uncertainty set €)(/3) from which the random vector
w is drawn. During the first stage, the firm’s uncertainty about the second stage is parametrized by
this set, containing all possible realizations of the cost-driving vector w that could arise given the
first-stage decision 3. We formally detail the firm’s model of this uncertainty set in Section[3] At the
beginning of the second-stage, a realization w is drawn from this set, which in turn realizes the cost
matrix for the second-stage according to

Z(w) = Q(9(w)) - Xo, 3)
where 3y € R?*4 is the first-stage cost matrix, and Q(g(+)) € R%*? is a matrix-valued transformation
that maps the element-wise scaling factors g(w;) into a full cost-scaling matrix. Each w; scales the
cost of feature x; and may also affect other features via the linear transformation QQ(g(-)). To keep
the structure tractable, Q(g(w)) is restricted to be component-wise linear, with bounded and strictly

positive scaling functions g(-) ensuring ¥(w) > 0, and g(w)~!/? is assumed to be linear in w. For
instance, in the special case when Q(g(w)) and g are both diagonal, and g(w) = w? or g(w) = w2,

the firm faces linearly scaled second-stage costs w;o; or 2%, respectively.

In summary, the dependence of the second-stage cost on the first-stage decision  can be expressed
as the following chain of mappings: 3 — Q(8) > w — X(w) = || - |nw) = c(z,2) . Note that
once the second stage begins, a linear classifier sign(3'? x) is chosen from some set B', after the
realization of the decision-dependent costs (i.e., second-stage agents’ costs becomes known to the
firm at the second stage). It is only the choice of the first-stage classifier 8 that must both limit
gaming in the present and anticipate its uncertain influence on future costs. We provide a motivating
example for our proposed model in Appendix
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3 The Firm’s Optimization Problem

To model the two-stage decision-making problem outlined in Section 2] we formulate the firm’s
problem as a two-stage robust optimization (TSRO) with a decision-dependent uncertainty set.

The learning objective. Recall that agents may respond to classifier 8 by modifying features from
x to £(3) (as shown in (I)). Define the change vector dx:(x; 8) := Z(8) — x, where the cost function
is parameterized by matrix 3. If no action is taken, dx (z; 3) is simply a zero vector.

The firm’s objective is to select a 3 that minimizes the expected 01 loss under strategic responses. For
each strategic agent (z, y) with cost matrix ¥, the incurred 0-1 loss is: £x (8" z, y) := 1{sign(8 " (z+
0s(x; 8))) # y}. Although well-defined, optimizing this expected 0-1 loss faces two challenges: the
non-convexity introduced by the sign function, and discontinuities in the agent movement dx;(x; 3).
The first is standard and addressed via surrogate losses (e.g., hinge loss), while the second is more
subtle and has been handled by prior work [34,41]] through a cost-aware strategic hinge loss:

gZ,s—hinge(ﬁTxv y) = maX{07 11— y(ﬁ—rx + U*Hﬁ”*,E} ) (4)
where . is the largest value satisfying ¢(u.) < u, and ||B]«x = supj;,,=1 BTv = |82,
is the X-transformed dual norm of 3, with || - ||« denoting the dual norm of the adopted p-norm.

Rosenfeld and Rosenfeld [41] formally show that this cost-aware strategic hinge loss is a valid proxy
for the strategic 0—1 loss: it always upper-bounds the true risk, and minimizing it yields uniform
generalization guarantees with error O(ﬁ) ensuring fidelity to the true loss. We likewise adopt the
cost-aware strategic hinge loss as the firm’s learning function in both stages, setting ¥ = ¥, in the
first stage and ¥ = X (w) in the second. Specifically, we will assume that the firm selects 3 to (in
part) minimize the following empirical risk evaluated on the /N training data points:

N
Ry (B) := %Zmax{o,l — 4 (BT zi + uBllx) }- )
=1

Modeling the uncertainty set. We propose to model a decision-dependent uncertainty set as
Q(B) = {w e RL : F(B)w < h + G}, (6)

where w represents the cost-driving vector (uncertain variable), and 8 denotes the classifier’s first-
stage decision vector. Here, h serves as a baseline constraint (e.g., capturing average budgets)
while the matrices F(3) and G capture how the decision S influences the structure and bounds of
the uncertainty set, respectively. Note that if F is a fixed (5-independent) matrix, the inequalities
constrain each cost component independently. In contrast, allowing F to depend on 3 means that the
classifier can alter how different cost components interact.

We provide a motivating example for this proposed model of decision-dependent uncertainty sets in
Appendix From a technical viewpoint, these polyhedral sets also allow us to reformulate the
two-stage robust optimization problem efficiently, using linear programs, as detailed later.

The two-stage robust optimization problem. We can now state the firm’s two-stage robust
optimization (TSRO) problem with decision-dependent uncertainty (DDU):

. . /
b (Rzo (B)F 2555y 50 2B oy o (8 >) | @
where Ry () is the empirical risk from (5), and () is the DDU set (@)). In words, the firm first
chooses 3 to minimize the cost-aware hinge loss under ¥y, while accounting for the worst-case
second-stage costs X(w) and anticipating that the adjusted classifier 8’ will minimize loss once w
is realized. Note that classifier choices may also be constrained, if desired. Specifically, we let
B={Be€R: A3 >b}and B'(B,w) = {# € R?: By’ > d — B3 — Ew}, which allow for
feature-importance restrictions, including allowable adjustments once w is realized.

4 Reformulating and Solving the Firm’s Optimization Problem

We next propose an algorithm for solving the firm’s TSRO with DDU in (7). Existing methods for
solving TSRO problems [7} 140, 55, I58]] cannot be applied directly due to structural differences in



our objective and uncertainty sets. We address this by approximating and reformulating the original
tri-level nonlinear model into a linear reformulation, enabling the use of the Benders and C&CG
algorithm from [55]]. Specifically, the “Benders C&CG" algorithm [55] works by formulating a master
problem that is iteratively refined with cuts from worst-case uncertainty realizations. This requires
converting the tri-level optimization problem into a single-level problem, typically by dualizing the
second-stage to yield a bilevel problem, and then replacing the lower-level problems with KKT
conditions. In [55], this procedure works as the second stage problem has a linear and decision-
independent objective function and decision-dependent constraints. However, our second-stage
problem in (/) does not meet these requirements, particularly as the uncertainty w enters directly into
the objective via the dual-norm term [|3’||, 5;(.,)- As a result, the dual feasible region varies with each
w, so dual extreme points cannot be reused across iterations, which prevents systematic Benders cut
generation in methods such as C&CG.

We begin by addressing this by first approaximating the 3-induced dual norm, leveraging the norm
equivalence theorem and /.,’s submultiplicativity to bound the dual norm, as follows.

Lemma 1. There exists a constant M > 0 such that, ||B||, s) < M||2(w) ™2 | oo || Blso -

We next linearize the max operator in (3) using slack variables, and then apply the McCormick
envelope method to handle the nonlinear product term arising from the application of Lemma [T}
ultimately obtaining a linear tri-level reformulation amenable to “Benders C&CG". The detailed
derivation can be found in Appendix [C}] With the reformulation in place, we can apply “Benders
C&CG,” which relies on the bilevel and single-level reformulations to construct the master problem,
together with the subproblem formulations and algorithmic steps detailed in Appendices [DHE

S Numerical Experiments

We evaluate our two-stage robust strategic classification framework with DDU costs on synthetic data.
More details on the experiment setup are in Appendix [G] In the first stage, our decision-dependent
(DD) classifier is obtained as detailed in Section %vhereas the decision-independent (DI) baseline
ignores cost dependence and minimizes the loss in (4)). In the second stage, both our DD classifier and
the benchmark DI classifier aim to minimize the loss in @) for the realized second-stage costs, but
the second-stage costs are different due to the difference in the two methods’ first-stage classifiers.

Table [T] summarizes the results. The DD classifier incurs slightly ’ P
higher first-stage loss (25.36 vs. 22.80) but achieves far lower By ‘ wkeo(p D,)
second-stage loss (5.22 vs. 43.92). Overall, the DD approach re- > caem
duces both total loss (30.58 vs. 66.72) and manipulations (26.66 vs. 5@ 2%

66.46). This reduction occurs because the DD classifier anticipates
second-stage manipulation costs, making manipulation more diffi-
cult. As shown in Figure the uncertainty set (/3°!) admits larger Py 00 : &
w values than £2(3PP), implying cheaper manipulation under the DI o 2 4 6 & D 1
classifier. In contrast, Q(PP) restricts w < 1, so it both limits the _. )
reduction in second-stage costs and ensures manipulation remains Fligure L Secogg stage ““g?f'
consistently expensive. Moreover, the DD classifier accepts fewer tainty sets Q(5°7) vs Q(57).
unqualified manipulators, highlighting how anticipating DD costs improves robustness at (a limited)
expense of first-stage accuracy. Additional details are provided in Appendix

Metric First-stage Second-stage Total
DD DI DD DI DD DI
0-1 Loss 254+£1.01 228+091 52+£0.21 4394392 30.6 66.7
Manipulations 25.2+£1.02 228+0.78 14+£045 43.7+3.91 26.7 66.5
Qualified Manip. 28+042 38£035 06+£021 85+217 34 123
Unqualified Manip. 2244094 189+0.69 0.84+0.24 3514358 233 54.0

Qualified Accepted default 46.3+0.73 46.1£0.77 46.8+0.15 40.7+£2.18 93.1 86.8
Unqualified Accepted default 2.9+0.37 3.9+044 2.6+£0.11 88%£220 55 127

Table 1: Average + standard error across stages and totals.
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A Motivating Examples

A.1 Motivating Example: Strategic Cost Dependence in a Two-Stage Setting

A motivating example arises in school admissions. Empirical evidence suggests that shifting to test-optional
policies alters the market for preparatory services—such as tutoring for standardized tests— while increasing
emphasis on other components like extracurricular activities, which in turn affects the costs of modifying each
application component for students [32}147]]. In this context, the institution (e.g., a university) can observe the
current costs students incur to meet that year’s admission criteria; this aligns with our assumption that the costs
are known to the firm at the time of decision-making. The school also understands that its decisions during
the admission season this year (i.e., the weight placed on different application components) will shape the
strategic cost landscape for applicants in the following year. Although the exact nature of next year’s costs is
uncertain, the school can incorporate this decision-dependent uncertainty into its current admission policies to
better anticipate long-term effects.

This awareness is not merely theoretical. Elite institutions have explicitly acknowledged that their admissions
criteria impose significant long-term costs and influence strategic behaviors. For instance, it has been noted that
students often arrive academically exhausted, attributing it to the widespread belief that excessive AP coursework
is necessary for admission [15]. These reflections, echoed in the Harvard-based “Turning the Tide” report
[35]], illustrate institutional awareness that current admissions signals can fuel competitive overextension and
inequitable cost burdens on future applicants. This institutional perspective is reinforced by empirical evidence:
Grau and et al. [19] finds that admissions’ policies directly influence high school students’ academic effort, with
schools emphasizing particular criteria—such as GPA or extracurricular achievement—inducing students to
reallocate effort and preparation to align with those priorities.

A.2 Motivating Example: Decision-Dependent Uncertainty Set Modeling

To illustrate how decision-dependent uncertainty sets can be represented as a polyhedral set of the form (6),
Q) = {w € R} : F(B)w < h + Gf}.

Consider the college admissions example provided before: shifting emphasis from standardized tests to GPA
or extracurriculars can alter the strategic landscape. For example, de-emphasizing SAT scores (e.g., through
test-optional policies) may decrease demand for test prep (lowering SAT-related costs), while increasing demand
for tutoring in coursework or essay coaching [[301[32], thus raising those prices. The constraint F(8)w < h+Gg
captures this shift, where h may represent a tutorial class’s average price, G reflects cost adjustments driven
by the relative importance of different admissions criteria, and F(3) governs the structural relationships among
cost components, altering how increases in one type of preparation (e.g., GPA-related tutoring) constrain or
interact with others (e.g., extracurricular coaching).

B Related Work

Machine learning (ML) and Al increasingly influence decisions affecting strategic agents—individuals who
adapt their observable features to secure favorable outcomes. This “strategic behavior” has sparked growing
research interest. Early work assumes full information for both classifiers and agents, exploring settings where
agents manipulate inputs without changing true qualifications (e.g., [23} 34} 138l 148]]) or where they choose
between manipulation and genuine improvement (e.g., [3, 14} 21} 24} 27} 153]]).

More recent studies examine incomplete information. Some propose randomized classifiers to obscure decision
boundaries and reduce gaming [6l [17, 48]], with [[17] extending results beyond linear models. Others analyze
partial agent knowledge without randomization. For example, [10| 22| [25] explore strategic communication and
calibrated forecasts, while S} [18] study opacity and fairness implications of asymmetric information.

A separate line of work handles uncertainty in agent responses via online or sequential learning. These include
learning under unknown manipulations [33} 144f], unknown costs or preferences [1,[11]], or distributional shifts
[9} 26]]. Other models address robustness to uncertain manipulation costs using worst-case optimization or
distributionally robust methods [41} 43| 149].

Finally, studies show how decision rules shape manipulation incentives: lax oversight or platform design choices
can reduce manipulation costs and increase gaming [2|[29]. However, most strategic ML models still assume
fixed manipulation costs, overlooking how decisions themselves can alter them—highlighting the need to model
decision-dependent manipulation costs. Unlike prior work, our approach explicitly accounts for this dynamic.
We address the complexity of uncertainty in strategic behavior’s costs, recognizing that it depends on the
classifier’s decisions.



C Approximations and Reformulation Details for the Two-Stage Problem

Throughout this section, we provide details on the approximation and the reformulation steps, along with intuitive
interpretation and support for them in the context of strategic classification.

C.1 Approximation of the Dual Norm || - ||, 5;: Justification and Proof

Concretely, consider the empirical risk (3) appearing in the firm’s optimization problem:

N
Rx(B) := % Zmax {0,1 -y (ﬂTJSi + u.|Bll+m) }-
i=1

This risk contains terms of the form || 3||+,s, due to which the cost matrix X(w) introduces an input-dependent
geometry affecting the feasible region of the dual problem. Reformulating this norm constitutes a crucial
first step toward achieving a linear second-stage problem in which uncertainty appears solely in the feasible
region rather than in the objective. As discussed eatlier, this transformation is essential for enabling the use of
fixed extreme points of the dual second-stage problem, thereby facilitating bilevel decomposition and tractable
optimization. Specifically, we use Lemma([I]to upper bound the dual-norm term.

Lemma 1. There exists a constant M > 0 such that, || 5]+ s(w) < M||Z(w)_% oo 1Bl oo -

Proof. From the equivalence of norms theorem, in finite-dimensional spaces, we know that for any two norms
| - |le and || - ||» on R™, there exist constants m, M > 0 such that:

m||Blla < 18]y < M||Blla, VB € R™.

Noting that || 3|, sw) = ||E(w)” 2 B]|« by definition, and invoking the equivalence of norms theorem for the
{oo-norm, we have

_1
181+ 2() < M|[%(w) ™2 Blloo -

Additionally, recall that the induced matrix co-norm (the maximum absolute row sum norm) of a matrix
A € R¥*? s defined as

d
1Al = gggd; |ais|-

J
Using this definition, we observe that for the identity matrix gy q,

_1 1
[2(w) ™2 Bllee < [[E(w)™ 2 TaxaBlloo -
Indeed, by expanding the norm directly,

)

d
1 1
IS@) 2Bl = max | > S(w);? B
j=1
whereas
d
_1 1
12 (w) ™2 Laxablloe = max Y [S(w);;? B -
j=1
Moreover, since the £.-norm atisfies the submultiplicativity property, we have

IZ(w) ™% LuxaBlloo < (@)™ % [los - [ITaxablloo
= IZ(@) " #[loc - 1B]lco-

Applying this leads to the stated bound on the matrix-induced norm. O

Example. As a concrete example, consider the case where the primal norm adopted in the cost function is the
commonly considered ¢2-norm. Then, the dual norm is also an £2-norm, and the following equivalence holds:
1z]l2 < Vd| 2| for z € R%. Thus, we derive the upper bound:

1Blle,5) < VA IS@) "2 [l [18ll-

The upper bound in Lemma [I] provides a linearizable surrogate for the dual norm, which we will use to
reformulate the recourse problem with a fixed dual feasible set suitable for decomposition. While this bounding
argument is strictly necessary only for the second stage (since the cost matrix 3 (w) depends on the unknown
realization w), we will also apply the same approximation to the first-stage term. Doing so ensures a consistent
treatment of both stages and simplifies the subsequent linearization, making the overall problem more amenable
to bilevel decomposition.



Intuitive justification for approximating the dual norm. From a technical perspective, using the
proposed approximation of the dual-norm makes the uncertainty set of the second stage decision-independent,
simplifying the analysis. We also provide some intuitive support for this approximation in the context of strategic
classification.

As shown in Lemma 2.3 in Rosenfeld and Rosenfeld [41]], for a cost function of the form c(x,z) =
o(l2 — x| 53(o)), the quantity ||5'], 5.k represents the maximum possible score change resulting from

an agent’s strategic response to a fixed classifier 3. By approximating this term via the inequality
185w < M||E(w)_% lloollB"|lco, We obtain a conservative upper bound on the cost-aware strate-
gic hinge loss. For negatively labeled (unqualified) agents, y; = —1, the loss is upper bounded as:
53wy shinge (BT i, y:) < max{0,1 + (B Tai + u*MHE(w)’%HwHﬁ’HO@)}. In contrast, for positively
labeled (qualified) agents, y; = 1, the same approximation gives a lower bound on the hinge loss:

/ _1
U () shinge (BT @i, 1) > max{0,1 — (B "@i + u. M| S(w) 2 [|oo|| 8 |s0) }-

This asymmetry has important implications: the approximation leads to a more conservative (i.e., robust) response
to the manipulative behavior of unqualified agents, who pose a risk to classifier accuracy by altering features to
obtain a false positive. At the same time, it is less conservative toward strategic behavior by already-qualified
agents, whose feature manipulation only reinforces the correct decision. Therefore, this approximation supports
designing classifiers that prioritize robustness against harmful manipulation, which aligns with real-world
settings where accepting unqualified agents carries higher cost than misclassifying qualified ones.

C.2 Linear reformulation of the stage problems

Using the proposed approximation of the dual norm from Lemma|l] we can approximate the firm’s optimization
(7) as:

N
.ol T _1
g [ D max{0. 1 3s(8 " a1 + . MIZo o 31}

+ max min
weN(B) peB’ (B,w)

N
[% > max{0,1 - g (8 2 + w M5 (@)% |0l 8 lle) }] ®)

i=1

where, M is an appropriately selected constant depending on the p-norm adopted in the cost function. We next
linearize each of the first and second stage objective functions.

There are now two further issues that prevent the applicability of the Bender C&CG algorithm: (1) the infinity
norms and the max operator make the objective function nonlinear, and (2) the objective function of the second
stage is decision-dependent (note the appearance of the matrix X (w)); for the applicability of the Bender C&CG
algorithm, only the constraint set of the second stage (and not its objective function) can be decision-dependent.
We address these issues in these subsections.

C.2.1 Linearizing and removing decision-dependence in the second-stage objective function

We begin with the second-stage objective function. First, the max operator in the objective function is handled
via the introduction of slack variables s2 ; € R4, subject to the constraints

1
s2i > 0,and 52 > 1= yi (8" @i + w M| S(w) 72 [loo |8l |oo)-

Let s = (82,1,...,82,n) € Rﬁ denote the vector of slack variables at the second-stage Next, we linearize

the co-norm terms, by introducing slack variables ¢3,t5 € R, and impose the following constraints: —¢3 <

B <3, Vj€[l:d]and —t5 < Z‘::l[Z(w)_%]jr < t§, Vj € [1 : d]. This linearization of the infinity
norms introduces a bilinear product on the constraints on the slack variables sz ;; specifically,

s20 > 1—yi(B' T mi + u Mts - 13).

To preserve linearity, we adopt the McCormick envelope [36]], introducing an auxiliary variable z € Ry to
represent the bilinear term z = ¢ - 5, along with the corresponding envelope constraints. This relaxation is tight
in LPs and widely used in nonlinear programming [42], 50, [59]. McCormick envelope requires bounds on ¢ and

o _1 . o . . .
t5. Intuitively, | S(w) ™ 2 ||oo reflects the most cost-efficient direction of manipulation, while ||3’||c measures
classifier sensitivity; thus, their product captures the worst-case strategic impact on the firm loss. These bounds

'We note that despite the reformulation adding N (number of sample) constraints, this will not raise
computational issues as the algorithm will solve this problem in minibatches.
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can be derived from domain knowledge. For example, one may assume ||E(w)’% o < L, where c is the
minimal feature manipulation cost, and || 3||cc < ', where 3’ bounds the model coefficients. We denote these
bounds by 5 .5 and tg,max’ respectively. Finally, we decompose the second-stage classifier’s weight vector as
B =BT — B'~, where 8’7, 3/~ € R denote the positive and negative components of 3, respectively; note
that by adopting this choice, each of 3", 8’ is itself positive.

Putting these together, the linearized second-stage (“recourse") problem with second-stage feasible set B’ (3, w)
will be:

S2.i 9

6’*6’*52tqtgzNZQ ()

subject to:
S82,i 2 1-— Yi ((BH— - Bl_)Txi + U‘*MZ) 77: = 15 R Na (@)a)
ftq<ﬂ’.+fﬂ’f<t‘7,j:1,...,d, (@.b)
—t <Z[E )R <ty i =1,....d, (©@).c)
By(8* - B87)>d-Bi(8" - 57) — Ew, (©@-d)
tq < tg max? t;’ S t‘;,mmu (@e)
z S t2,maxt27 z S tg,maxt;}7 (@f)
z 2 tg,maxt; + t;maxtg - t‘;,maxtg,maxv (@g)
5;*’5;‘7752,1‘,15%7"13},2’ Z 077/ = 1, . '7Naj = 17 e ,d' (@h)

C.2.2 Linearizing the first-stage objective functions.

While not strictly necessary for the application of the Bender C&CG algorithm, we also linearize the first-stage
objective function of (§) for consistency and in order to later simplify the algorlthmlc solution. This will involve
linearizing the max operator with slack variables s1 = (s1,1,...,51,8) € R+ , linearizing the infinity norm
on A3 with slack variable ¢; € R, and representing the classifier’s weight vector as 3 = T — 37, where
Bt,B” € ]Ri denote the positive and negative components.

The resulting linearized first-stage problem with first-stage feasible set B is:

1
min NZSM (11
i=1

Bt.87 51,1
subject to:
T a\T -3
s1:>1—wy; (ﬂ - B ) xi"’“*MHzo ||<>ot1 )

i=1,...,N, (().a)

A(BY —B7) >, (@@)-c)
B t,s1,i >0, i=1,...,N, j=1,...,d ((TT).d)

C.3 Linear tri-level reformulation of the firm’s optimization problem

We now present the complete linear reformulation of our two-stage robust optimization problem under decision-
dependent uncertainty. The resulting tri-level linear optimization problem is:

1
min + max min — 82,4. 13
v1 €Sty N Z 81 weQ(B) v2 €ESta(w) N ; 2t ( )
Here, the first-stage and second-stage decision vectors are:

:(/8+’/87731’t1)’ U2 = (5 +7/37782?t§)’tg’z)7

the feasible set for the first-stage problem is:

L= {5+,5_,31,t1‘c0n5traints (M=) - (@)} ,
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and, the second-stage feasible set for any given w is:
Si2(w) = {B'", 87, 52,2,t4,t5 | constraints (@)-a)~(@D-) }-

To solve this reformulated problem, we can now adopt the Benders Column-and-constraint Generation (C&CG)
algorithm of Zeng and Wang [55]]. The application of this algorithm is subject to mild assumptions on (T3),
which we also assume: (i) For any 8 € B, Q(8) # 0; (ii) 2(8) is bounded, i.e., for any 8 € B, w; < oo V7;
(iii) The program min{+ SN | s1; + & 3N | 82 : 01 € St,w € Q(B), v2 € Se2(w)} has a finite optimal
value. Assumption (i) is required to maintain a valid two-stage framework. For example, if for a first-stage
firm’s decision 8 the uncertainty set turns out to be empty (Q(ﬂk) = ()), then the second-stage cost matrix
Y (w) is not defined, and the second-stage problem becomes undefined. Consequently, the two-stage problem is
trivially unbounded. Assumption (ii) ensures boundedness of the random factor w. This limits the influence of
the first-stage decision on the manipulation cost in the second stage. In other words, it is not possible to drive w
to infinity, which implies, by the definition of X(w) and our choice of g(w), that the second-stage cost cannot
be zero, and manipulation cannot be free. Finally, assumption (iii) helps detect infeasibility of (I3) through
its associated relaxation. By the definition of most two-stage optimization problems, a first-stage decision
B* is feasible if the second-stage problem is feasible for all w € Q(8*), and infeasible otherwise. Thus, the
two-stage problem is infeasible if no feasible first-stage decision exists. Hence, (I3) is infeasible if its relaxation
is infeasible.

D Master Problem Reformulation Derivations

According to Zeng and Wang [53]], a single-level reformulation of the linear tri-model in (T3) is required to
define the master problem. In this appendix, we will step by step derive this master problem following Zeng
and Wang [55] approach and reformulations. Specifically, this is achieved by first dualizing the linearized
second-stage (“resource”) problem in (9) (Appendix to formulate the bilevel reformulation, leveraging
the extreme points of the fixed feasible region. As noted by [S5], the resulting bilevel reformulation has a
lower level complex disjoint bilinear program, which can be solved by enumerating on the extreme points and
rays of the dual feasible region. This results in a linear bilevel reformulation (Appendix [D.2). Moreover, this
linear bilevel reformulation has lower-level linear programs for each extreme point and extreme ray (of the
dual second-stage (“recourse") feasible set), whose KKT condition-based sets are enumerated to formulate the
single-level reformulation (Appendix [D.3). By considering a subset of these extreme points and rays, we achieve
a relaxation of the large-scale single-level reformulation and a lower bound on its optimal value, that is, the
“Master problem” (Appendix [D.4).

D.1 Dualizing the second-stage (“recourse'') problem

As mentioned before, we start by dualizing the second-stage (“recourse") problem to have the bilevel reformula-
tion. Let X € RV*? where eachrow is z; , fori = 1,2,--- ,N,and Y € Z". Given s1, s2 € R". The row

1 . .
sum of 3(w)~ 2 in constraint ({©).c), can be written as

d

S Qlgw)),? T2

j=1

This is a sum of linear functions in w. For example, if both 3o, and Q(g(-)) are diagonal matrices, the row sum

1 1
simplifies to g(w;) ™ 2 . Under our assumption that g(w) ™ 2 is linear in w, the row sum is therefore linear
in w as well. More generalfy, this row sum can be expressed compactly in vector form as

—2
agdy *w,

. . _1 . .
where a4 encodes the coefficients induced by g(w) ™ 2. Below, we rewrite the second-stage problem in vector
form, annotating each constraint with its corresponding dual variable.

T
min NSQ (14)
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Subject to

’ ’_ —

s2 HYOX)BT-87)+ (uMY)z > 1. (mo € RY)
/ . = —

~(BF =)+ T8 > 0. (m €RY)
’ . = —

(B —B7)+ 1t >0. (2 € RY)

?t‘z" > — agEgl/Qw. (m3 € RY)

Ty > 4,5, 7w, (ma € RY)

By(8t -8 ") >d-Bi(8"—B7)—Ew. (m €R")

- tg > - tg,maz (71—6 € R)

—t5 > —t5 mas (m7 €R)

— 2+ 5 mazts > 0. (ms € R)

— 2413 ants > 0. (m9 € R)

z = t%,mazt; - tg,maztg Z - t;’,muztgymag;- (7"10 S R)
8276,+7ﬂl7727t;7t3 20

Here, n denotes the number of constraints that characterize the feasible adjustment space of the classifier in the
second stage, as outlined in Section@

The following is the LP dual of the linearized second-stage (“recourse") problem:

max 1’ m + ag(ZJ%w)TW3 — ag(E;%w)Tml +(d—Bi(BT=p7) "7 (16)
— (Bw) ' 5 — t§ 1naw 6 — 15.maz 77 — t5 mazts mae T10
Subject to
T
T < N (@.a)
(Y ©X) mo+Bg w5 —m +m2 <0. ((T6).b)
—(Y@X)TW()—B;—TK'5+7T1 —me < 0. ((T8).c)
u*M(Y)Tm) — g — w9 + m10 < 0. ((T8).d)
Tr+ T — 76 + 15 masTs — £5 mazsm10 < 0. ((T8).e)
Trs+ Tma—mr + t3 mazT = 19 mazT10 < 0. ((T8).H

0, T2, 71,73, T4, T5, 76, T7, T8, 9, T10 2 0.

Let 7 denote the set of all dual variables, with each 7; for 7 = 0, .., 10 is in the proper dimension. Note that the
dual feasible region is independent of both the uncertainty in w and the first stage decision (3" — 57). Let the
feasible set of the dual-recourse problem be denoted by

II= {7r > 0, Equations @E@-}

D.2 Bilevel Reformulation

Given the dual second-stage problem from the previous section, we now proceed by writing the bilevel reformu-
lation of the linear tri-level problem (8).

N
o1 —1 _1 _
min — E $1,i + max {1T7r0 +ag(2y 2w) 13 —ag(Zy 2w) ma+ (d—Bi(BT —B7) ms (18)
Sa N3

_(Ew)Tﬂ5 — tg,max T — t;maz T — tg,maztg,ma;c T @ W € Q(/B),Tr S H}
Note, as discussed before, this bilevel reformulation has a lower-level complex disjoint bilinear program. Zeng

and Wang [S5] reformulate this as a linear bilevel reformulation by enumerating on the extreme points and
rays of II. Let Pr, R be the set of extreme points and extreme rays of I, respectively, with K, = |Pr]|
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and K, = |Ru|. By enumerating, we can further get a simpler but large-scale linear bilevel reformulation as
follows:

N
.1
mmNZsM +n (19)
=1
Subject to
v1 € Su, (@)a)
{n 2 lTﬂ-O + (d - Bl(ﬂ+ - ﬂ_))Tﬂ-5 - tg,maz' e — tg,maz 7 — t;’maltg,maz 10 ((@Db)

-

1 _1
+ reng()é){ag(Eo 20) '3 4 ag (=g 2w) " ma + (—Ew) 15} s w € Q(B), 7 € H}}Vﬂ” € Pu,

{11—70 + (d - Bl(BJr - ﬂi))-r’y5 - tg,maz Y6 — tg,max Y7 — tg,ma:ctg,maz Y10 (@C)

_1 _1
+ gmax {ag(¥ *9) 195 + ay (=2 2 9) ya + (-E9) "5} < O}W € Ru.

Note that the variable ¥ is an alias of w. Given the lower-level LPs appears in ([I9).5) and ({T9)-c), let
_1 _1

LP(3,U) : max{ay(X, *w) "Us+ag(—3, *w) Us+ (—Ew) " Us : w € Q(B)}. Using the KKT conditions

let OQ(3, ) denotes the optimal solution set of LP(j3, 7*). Then,

F(B)w" <h+G(8" - p57),
F(B) A" > +a925%77§ — agE(;%ﬂ'f — Exf
0.y = N @ (h+GET - 87) - F(@) ") =0, ’ on

_1
2

_1
Wk o (F(ﬁ)T/\k — g 2 7h +agX, Iwh + E%’;) =0

W', A¥ >0
where \* represents the dual variable of constraints (/). Similarly, we can define OV(f3,+") to be the set of
optimal solution for LP(3, 4') using KKT conditions.

D.3 Single Level Reformulation

The bilevel reformulation in the previous section (Appendix[D.2)) is also equivalent to the single-level optimization
problem in this section. Using the sets OS2 and OV defined in the previous section, we can write a single-level
reformulation,

N
1
min v ; S1,i+1 (22)

Subject to
v1 € S,

T & —\WT_k k wk k wk k
{77 2 1 o + (d - Bl(ﬂ+ - /8 )) 5 — tg’mg,x T — t2,maz 7 — t2,maztgymagc 10

_1 1
+ ag(Sg 2w®) 115 + ag(—%, 2w*) T 7f — (Ew)Twé}, k=1,---, Ky,
WA\ eoQB, ), k=1, K,
_ v !
{]-T’Y(l) + (d - Bl(ﬁjL - ﬁ ))T’Vé - tg,maz ’Yé - tQ,max ’V’l7 - t2,maactg,maz ’YiO
_1 _1
+ a’g(ZO 2{}l)T’Yé - a’g(EO 2{;1)1—7411 - (E{’I)T’Yé} S 0}7 l= 17 e 7K7'

FLehyeovpm), l=1,-- K,
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D.4 The Master Problem

As mentioned before, the single-level reformulation includes the use of all extreme points and rays of the
dual-recourse feasible region (II). Hence, for a subset of these extreme points and the extreme rays sets, we
have a relaxation of the single-level reformulation (@)) which is the “Master problem". Let 7511 C P, and
R C R be the subset of the extreme points and rays, receptively. We can lower bound the problems in the

following “Master problem'':

1
min N ;1 S1,i +1M
Subject to
v € S,
{n>1"m0+ (d—B1(B" = B7)) 75—t 10w T6 — t5maw T7 — t5.macth mas T10
+ ag(Eg%wW)Tﬂ'g + ag(—EJ%w")TW4 — (Ew™) 75} ¥ € P,
(W™, \™) € OB, =), Vi € Pr
{1770+ (d=B1(B" = B7) 75 — t4 1naw Y6 — t3.maw 17 — 3.maats mas V10
+ag(Z0 1) s — ag (50 29) Ta — (B9) T35} <0 ¥y € R
(¥7,€7) € OV(B,7]), V7 € R

E Formulate the Subproblems of C&CG

(23)

(@3).2)
(@3).b)

(@30
(@3-

(@3).)

Subproblem 1 (SP1) The first subproblem (SP1) is formulated to check the feasibility of the current
first-stage 8™, which by definition is feasible if the recourse problem is feasible to all scenarios in the uncertainty

set Q(8%).

Ny (") = max min1'So+1"S; +17S; +17S3+17S,+17S5+S6+S7

weQ(B*)
+Ss +So +Sio
S.t.
So + S2,i + Ui ((5/+ — 6/_)T.’L’i + u*Mz) >1, i=1,...,N,

gl_(ﬁ,+_6/_)j2_tg7 jzly"'7d7
)

/

S5+ B2(8t —57)>d-Bif" - Euw,
gG - tg > _tg,maac

S'? - t(; Z 7t;j,ma:c

SS -z > 7t3),maxtg

Sg —z2 7tg,ma:ct§)
SlO + z 2 tg,mazt(g + t;},maztg - t;',maztg,maz

Sj 2, 800,81, 8 14,65 >0, fori =1,2,..,N ,forj =1,2,..,12.

(25)

Accordingly, the linearized tri-model in Equation (8) and all its equivalences are feasible for 8* if and only if

SP1 objective value is zero (ny(8*) = 0).
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[Case A]: When 7¢(8") = 0, meaning that the second-stage (“recourse”) problem is feasible for all
w € Q(B"), We then solve the second subproblem (SP2) to assess the worst-case performance of 8* by
identifying the worst-case realization w} and its corresponding recourse cost 75 (3™).

we(B*)

N
(SP2) 7.(8*) = max min {]{7 Z s2,; : Equation @E@-M)} (26)
=1

(SP2) can be addressed by reformulating the minimization problem via its KKT conditions or equivalently
through its dual problem. In both computational approaches, the optimal dual variables, denoted by 7*,
correspond to an extreme point of II. From the lower-level linear program in the bilevel reformulation, denoted
as LP(8, U), it follows that

né(ﬁ*) = 1T7T8 + (d - Bl(ﬁ+* - 5_*))T7r; - tq ﬂg - tg,maz W; - t;math 7l'IO (27)

2, max 2,mazx

+LP(B", 7).

[Case B]: Conversely, if n;(8") > 0, the optimal solution to (23)), denoted by w}, renders the second-stage
(“recourse") problem infeasible. In this situation, we solve the third subproblem (SP3), which corresponds to the
dual of the second-stage (“recourse") problem evaluated at wj.

(SP3) max {1T7l’0 + (d — B1(ﬂ+* — 57*))T7T5 — tg’m,lz e — t;mam 7 — t;maxt%maz T10 (28)

1
2

+agq(2S W;)TWS +ag(—%

1
2w) 'y — (Bwj) s € H}

Note that (SP3) is unbounded with respect to (8", w} ), its solution identifies an extreme ray of II, denoted by
~*, along which the objective value diverges to infinity. By convention, the corresponding worst-case recourse
cost s (3) is set to +o0.

F Benders C&CG Algorithm

When the two-stage robust optimization (2-Stg RO) problem has a decision-independent uncertainty (DIU)
set, classical Column-and-Constraint Generation (C&CG) iteratively solves a master problem by adding one
recourse problem per identified worst-case scenario. As shown in [55], for 2-Stg RO with decision-dependent
uncertainty (DDU) and a single-level reformulation (Appendix m), this strategy can be extended using a
parametric framework.

The resulting Benders C&CG algorithm dynamically generates worst-case scenarios and the corresponding
dual-based optimality or feasibility cuts, refining the master problem over iterations. Below are the algorithmic
steps:

1. Imitialization: Set lower bound LB = —o0, upper bound UB = +o0, iteration index k = 1, cut sets
P, R = 0, and choose a convergence tolerance € > 0.

2. Master Problem (MP): Solve the master problem in (23] (Appendix [D-4) to obtain candidate solution
(v’f,nk). SetLB = % ZiV:I s’f, + nk.

3. Subproblem 1 (SP1): For given 3", solve subproblem (SP1) in 3 (Appendix to compute 77 ( 6%)
and corresponding scenario w';.

4. Cut Generation:

* (Case A): If ;s (3%) = 0, solve subproblem (SP2) in (Z6) to obtain 1, (4*), scenario w¥, optimal
dual solution 7", Update Pr «— P U {7*}. Add optimality cuts from (23).5)-(23)-9).

* (Case B): If 7(8*) > 0, solve subproblem (SP3) in (28) to obtain extreme ray +*, and set
ns(8*) = +00. Update Rt + R U {7*}. Add feasibility cuts from (@Z3).d)—(C3)-9).

5. Upper Bound Update: Set UB* = L+ 3" sk, 4 5,(8¥), and update UB = min{UB, UB*}.

6. Convergence Check: If UB — LB < e, terminate and return 3" as the optimal first-stage solution.
Otherwise, increment k <— k + 1 and return to Step 2.
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G Details of the Numerical Experiments

‘We evaluate our two-stage robust strategic classification framework with decision-dependent uncertain (DDU)
manipulation costs, as described in Equation (I3).

We generate a synthetic dataset with two-dimensional features z € R?, sampled uniformly from [—10, 10).
Labels are assigned according to the linear boundary x1 + bxe = 2; specifically, y = 1 if x1 + 5z2 > 2,
and y = —1 otherwise. To model noisy environments, labels are flipped according to feature-dependent noise

[45,157]] with probability
2
Proise (z) = 0.5 exp(—(%) ) ,

so that points closer to the boundary are more likely to be mislabeled. The dataset consists of 5000 points. To
manage computational complexity, training uses mini-batch sampling with a batch size 100. All results are
averaged over 25 independent training runs with different random datasets.

Agents receiving negative classification outcomes may strategically manipulate their features to achieve a
positive outcome, gaining benefit u = 1 in both stages. The manipulation cost is defined via the ¢2-norm with a
non-decreasing function ¢(r) = 0.17.

First-stage cost. The cost matrix is fixed and given by ¥¢ = diag(2, 5), where manipulation of feature z is
2.5 times more expensive than manipulating x1. The corresponding cost function is:

clw,2) = $(I52(@ - 2)|l2) = 0.1|Z5"* (& — 2))|2-

Decision-dependent uncertainty. To construct the decision-dependent uncertainty set, we fix the inter-
action matrix F to be constant and independent of the first-stage decision . As discussed in Section 2] this
choice ensures that the first-stage decision S only influences the bounds of the uncertainty set via G (3, rather
than altering the relative interaction between w; and ws. The resulting decision-dependent uncertainty set is
therefore Q(8) = {w € R% : Fw < h + Gj}, with

e wefl] o= ]

The diagonal entries of G are chosen larger than the off-diagonal entries, reflecting that 3; primarily governs
the cost of manipulating its corresponding feature x;, rather than z; with i # j. Finally, we seth = (1,1) " to
capture average manipulation cost, which in the school admission analogy corresponds to the average expense of
accessing cheating resources (e.g., buying leaked exams).

For instance, w1 + 2wz < 14 561 + 262 and 3w1 + w2 < 1 4 B1 + 582, where the right-hand sides directly
scale with 3. Thus, higher weights on particular features expand the feasible set of manipulation costs, reflecting
that strategic agents can more easily exploit heavily weighted features.

Second-stage cost. The second-stage classifier faces the cost ¢(z, #) = 0.1]|2(w)*/2(& — x)||2, where
S(w) = diag(g(w1), g(w2)) - B, g(w) = 2. Smaller w; increase g(w;), raising the manipulation cost of
feature 7. Together with (), if 8; > 0 (feature valued positively by the classifier), the greater the 3;, the w;
has a larger feasible upper bound, making it cheaper to manipulate when w; > 1. Conversely, if 3; < 0, the
greater the (3; in the negative, the w; tends to have a smaller upper bound, increasing the manipulation cost.

First-stage training procedures: (i) Decision-dependent aware classifier (3°P), obtained using our two-
stage robust optimization framework with DDU costs. (ii) Decision-independent (unaware) classifier (8™,
trained using mini-batch gradient descent (batch size 100) to minimize the strategic hinge loss of Rosenfeld and
Rosenfeld [41] under fixed cost 3o. Note that convexity is essential for the gradient descent method. Therefore,
we include a regularization term, specifically Rs, () + Aregt«|| ||+, 50, since the cost-aware strategic hinge
108s 45 s-ninge in @) is generally non-convex. By Proposition 4.3 of Rosenfeld and Rosenfeld [41]], adding this
regularizer and choosing Az > Pp,, (Y = 1), guarantees convexity.

Evaluation Protocol. We assess performance using the following metrics: (i) Average total 0-1 loss across
both stages, (ii) Per-stage average 0-1 loss, (iii) Average qualified and unqualified (default-accepted), (iv) Total
manipulations, and (v) Qualified and Unqualified manipulations accepted. Reported error bars correspond to
the standard error of the mean, computed as the sample standard deviation across repeated runs divided by the
square root of the number of repetitions.

For testing, we generate 25 instances per run, each consisting of 100 new test points sampled from the 5000-
point dataset. In the second stage, the true w* is drawn from Q(8"P) or (8" depending on the model. The
second-stage optimal classifiers 5'°° (aware) and 8’°' (unaware) are both obtained using mini-batch gradient
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descent on the strategic hinge loss in @) with extra regularizer for convexity as discussed before, with cost
matrix ¥(w"). Each model is trained across 10 replicas and averaged for stability. Final performance of the
second stage is averaged over 10 realizations of w, with 25 test instances per realization.

In our experiment, we are not restricting the value of 8 and /3', meaning we don’t have any of
AB>b,and B23 >d— B2 — Ew.

‘We implemented the Benders C&CG algorithm using Python and GurobiPy. Results show that the decision-
dependent (DD) classifier alters manipulation costs in the second stage in a way that improves accuracy compared
to its decision-independent (DI) counterpart.

As reported in Table[T] the second-stage average total 0-1 loss for the DD classifier is significantly lower than
that of the DI baseline. This stems from the DD classifier’s design, which explicitly considers how first-stage
decisions affect later manipulation costs. Specifically, Concretely, the average second-stage 0—1 loss under DD is
5.22, compared to 43.92 for DI. Similarly, the average total manipulations are 1.42 under DD and 43.66 under
DI. Among manipulated agents, the DD classifier accepts only 0.6 qualified and 0.82 unqualified individuals,
versus 8.53 and 35.11 under DI.

This reduction occurs because the DD classifier anticipates the effect of its decisions, making manipulation
costlier, thereby making manipulation more difficult. Figure illustrates this: Q(B"") contains much larger
values of w than (8°P), reflecting cheaper manipulation under DI. Moreover, Figure [2[shows that w € Q(8°°)
is always strictly less than 1. Thus, it both limits the reduction in second-stage costs and ensures manipulation
remains consistently expensive.

In contrast, Table([T]also reveals that the DD classifier performs worse in the first stage. Its average 0-1 loss is
25.36, compared to 22.80 for DI classifier. This trade-off arises because the DD classifier deliberately sacrifices
first-stage accuracy to mitigate second-stage manipulation, whereas the DI classifier—being unaware—optimizes
solely for immediate outcomes. For instance, under DD, the average total manipulations reach 25.24 (22.44 un-
qualified and 2.8 qualified agents), whereas DI yields 22.80 manipulations (18.92 unqualified and 3.80 qualified).
This caused the dependency-aware model to con-
sistently achieves lower total averages across all
stages compared to the dependency-unaware model.
Specifically, the overall average total 0—1 loss under
dependency-aware is 30.58, substantially lower than
66.72 for the dependency-unaware model. Likewise,
the overall average total manipulations are reduced
to 26.66 under dependency-aware, compared t066.46
for the dependency-unaware. These results confirm
that by accounting for decision-dependent manipula-
tion costs, the dependency-aware model effectively I - . ‘ :
reduces both classification loss and the extent of ma- 0.0 0.1 0.2 0.3 04
nipulations across stages.

Figure 2: Decision-dependent set Q(577)
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