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Abstract. Algorithmic fairness is often treated as a static property,
overlooking that individuals may disengage from systems they perceive
as unfair. We introduce a dynamic notion of perceived fairness in a lend-
ing scenario that captures how repeated unjust denials and observation
of peer outcomes can drive applicants to opt out. Through a multi-agent
simulation framework on synthetic data, we measure how different fair-
ness metrics affect long-term population retention and feature dynamics.
Our results show that without fairness constraints, apparent fairness im-
provements arise from the selective opt-out of disadvantaged applicants
(survivorship bias). Demographic parity and equal opportunity reduce
immediate retention disparities but do not guarantee long-term fairness;
demographic parity, in particular, overcorrects participation dynamics,
accumulating long-term unfairness. We compare this against a causal
fairness model that achieves a balanced retention rate and lower long-
term unfairness. Our findings highlight the need to assess long-term fair-
ness in settings with endogenous participation, where individual decisions
are shaped by perceived fairness and peer effects, beyond static fairness
constraints.

Keywords: Long-Term Fairness - Social Influence - Agent-Based Sim-
ulation.

1 Introduction

Algorithmic systems are increasingly used for resource allocation decisions such
as lending and other public services, making fair treatment between demographic
groups a critical concern [2J6/9]. Fairness metrics (e.g., demographic parity) have
been proposed to equalize the outcomes between groups through statistical con-
straints [1J6]. However, prior research has shown that applying such metrics
over time can produce unintended effects, such as overlending to disadvantaged
groups or amplifying disparities, highlighting the need to study long-term fair-
ness dynamics [3I8/12]. Existing research on long-term fairness primarily model
feature dynamics, examining how decisions affect future applicant qualifications
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(e.g., credit scores) [3I8I12]. These studies adopt a decision-maker’s perspective,
assuming static participation, and overlooking that applicants may disengage
from systems they perceive as unfair. Spillover effects, where decisions about
some applicants influence the behavior of others, are also often ignored [TOJTT].
Satisfying group-level fairness is thus no guarantee that the outcomes are per-
ceived as fair by individual applicants [4U15].

Against this background, we ask: to what extent do lending decisions lead to
fairer outcomes over time when considering perceived fairness, feature dynamics,
and population dynamics? We address this question by evaluating long-term
fairness under endogenous participation driven by perceived fairness and peer
effects.

Building on work on perceived fairness in psychology and algorithmic decision-
making [I3JT4], we introduce a variation of this notion that captures both in-
dividual experience and social observation within a multi-agent simulation. We
define perceived (un)fairness as the extent to which applicants perceive outcomes
as favorable to themselves and their peer group. We introduce a fixed social net-
work through which applicants can observe peer outcomes. Applicants may opt
out following repeated unjust rejections or when they observe that their demo-
graphic group is denied loans more often than other group members. In the
lending context, the applicant’s opt-out behavior may refer to switching to com-
peting lenders, which could reduce the amount of customers and representative
data for the bank’s future decision models. This creates population dynamics
with opt-out behavior resulting from perceived unfairness. To evaluate these dy-
namics, we propose retention rate and retention disparity among demographic
groups as metrics that capture differential opt-out.

We evaluate our framework in a synthetic lending setting [7], comparing de-
mographic parity, equal opportunity, and causal fairness. Our results show that
perceived unfairness can induce selective opt-out among disadvantaged groups,
reducing measured unfairness through population change rather than improved
treatment. This "survivorship bias'[5] also occurs in baseline conditions without
fairness metrics. While demographic parity and equal opportunity reduce imme-
diate retention disparities, they do not guarantee long-term fairness. In contrast,
the causal fairness model [7] achieves balanced retention and lower long-term
unfairness. These findings highlight trade-offs between accuracy, retention, and
long-term fairness that are not observable in static settings. Our work empha-
sizes the need to jointly evaluate fairness constraints with endogenous partici-
pation dynamics to ensure that fairness interventions serve the citizens they are
designed to protect.

2 Method

In this section, we describe the lending environment and social network (2.1f), the
perceived fairness state and opt-out behavior (2.2)), the bank’s decision model
(2.3)), and the evaluation metrics (fairness and retention) (2.4)).
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2.1 Bank Loan Simulation and Social Network

Each applicant ¢ has a binary protected attribute S € {0,1} (e.g., age), a vector
of dynamic features X; € R (e.g., credit risk score at time t), and a ground-
truth label Y; ; € {—1,1} indicating whether the applicant can pay back (Y;; =
1) or default (Y;; = —1). At each time step, the lender makes a binary loan
decision D;; € {—1,1}, where D, ; = 1 denotes approval and D;; = —1 denial.
Each applicant then chooses the action A4, € {0,1} to apply (4;, = 1) or opt
out (4;; = 0) in the lending process. Our synthetic datapoint has [X;| = 2
non-protected features sampled from S-specific Gaussian distributions and Y
sampled from a ground-truth model. The detailed generation process for further
steps is given in Appendix

Instead of simulating the behavior of individuals in isolation, we model how
fairness is mediated through sequential social interactions. Applicants are em-
bedded in a fixed, undirected social network. This can take spillover effects into
account, where one applicant’s rejection can influence another applicant’s de-
cision to participate [I1]. Each applicant is connected to a predefined set of
neighbors N; with degree n = 10, where 80% of neighbors share the same pro-
tected attribute (S; = S; = s,j € N;) and 20% of neighbors belong to the other
demographic group (S; = s,5; = ¢',j € N;). We choose this ratio to reflect the
tendency for individuals to connect more often with similar individuals.

2.2 Perceived Fairness and Opt-out Behavior

Research on perceived fairness highlights two dimensions: whether individuals
view their own outcomes as just and whether they perceive the process as legit-
imate relative to others’ outcomes [I3JI4]. Inspired by this, we model perceived
fairness as a deterministic belief state formed by applicants, unobservable by the
lender, and separate from the fairness metrics used for evaluation. Furthermore,
we assume that applicants have full knowledge of their own application details
and history but observe only the decision outcomes of their peers.

At each time step t, an applicant ¢ observes the outcomes of its connected
neighbors N; to form a peer-outcome signal O;; € {0,1}. /\/’fgt C N; denotes
the subset of neighbors who are active at time ¢. The applicant computes the
jenset, g =5 1Dje=—1] .

GeNmg,=s e In this
equation, € in the denominator is a small constant introduced to prevent division
by zero when agent ¢ has no active neighbors of group s. The peer-outcome
signal O;; = 1 if rg, > r1_g,, otherwise O; ; = 0. This signal reflects whether
the applicant’s in-group experiences a higher rejection rate than the out-group,
generating a social spillover effect that influences perceived fairness. Let P;; =
D, +—1 store the last decision received from the bank.

We define perceived unfairness as U;; = 1[D;; = =1 A (P = —1AY;, =
1) V 0;; = 1)]. The first condition represents an applicant who can pay back
but is unjustly denied a loan in two consecutive time steps, while the second
captures if the in-group rejection rate exceeds the out-group rejection rate for a

observed rejection rate for each group as ry =
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rejected agent. The agent opts out A; ;41 = 0 if it perceives unfairness (U, ; = 1),
or because it is correctly identified as fraudulent (D;, = Y;; = —1). Figure
demonstrates an example of three consecutive simulation steps. As opts out at
to because it was correctly identified as fraud, which does not trigger perceived
unfairness. As opts out at t3 because it was denied a loan in two consecutive
time steps, and A; will opt out at the next step (¢4) due to spillover effects.

t1

Fig. 1: Blue and orange agents denote different protected groups. Dashed circles
represent A; ; = 0. v/ means application approved, x means application rejected.

2.3 Bank’s Decision Model

We evaluate three fairness constraints. Demographic Parity (DP) requires equal
approval rates between groups defined by the protected attribute, Equal Oppor-
tunity (EO) requires equal true positive rates between groups, and Long-term
Counterfactual Fairness (LCF) requires that an agent’s approval probability at
a future horizon t* be invariant to the protected attribute. The bank’s decision
model is optimized using Algorithm [I} The bank optimizes prediction accuracy,
while setting either DP, EO or LCF as upper-bounded constraints. These are
compared against a baseline model without fairness constraints.

2.4 Evaluation metrics

We evaluate fairness from two perspectives. From the lender’s perspective, we
measure accuracy (true positive rate at each step) and t-step (long-term). We
adopt the t-step definition from [7], which captures whether cumulative feature
trajectories create divergent outcomes between demographic groups over time,
where 0 is perfectly fair. To capture the population dynamics, we introduce
three retention metrics: the retention rate Rt = % Zfil A; ¢+, the retention dis-
parity At = |R7=° — R7=!| which captures the differential opt-out between the

S=0
groups, and the relative retention ratio p = % where values below 1 indicate
t

disproportionate opt-out for the protected group.



Long-term Effects of Fairness Metrics on Population Dynamics 5

Algorithm 1 Bank’s Decision Model

Input: X =[S, X] € R™>U+D 'y ¢ {—1,1}"
Parameters: Weight vector w = (ws, w1, ..., wq), intercept c, logistic function o
for each applicant ¢ at time ¢ do
it < o(wssi + 35 w; X7, +¢)
Di,t «— 21[pi¢ > 0.5] —1
end for
Solve: miny, . £(w,X) subject to C(w,X) <7
Optional Fairness constraints:
DP: | P(Dy=1]|5=0) — P(D:=1|5=1)| <71
EO: | P(D:=1]Y:=1,5=0) — P(D:=1|Y:=1,5=1)| <7
LCF: |P(Dy= =1|S=5,X=x2)—P(Di~=1S=s"X=2)| <7
return Optimized w*, c*

3 Preliminary Results

Accuracy The baseline achieves the highest accuracy (t5 = 0.734) across all
time steps compared to the fairness-aware approaches. EO has a slightly lower
accuracy (ts = 0.690) followed by LCF (t5 = 0.683) and DP (t5 = 0.685), sug-
gesting a modest accuracy trade-off when optimizing with fairness constraints.
Detailed results for comparisons between different methods that evaluate accu-
racy, long-term unfairness, retention rate, and retention disparity are provided
in the Appendix

Long-term fairness t-step Figure[2]shows that LCF achieves the lowest cumu-
lative unfairness across all time steps, demonstrating that incorporating multi-
step counterfactual reasoning into the fairness constraint [7] remains effective
even under population dynamics. In contrast, DP and EO constraints enforce
group fairness at each step but do not account for the cumulative feature trajec-
tories induced by their decisions. The resulting mismatch accumulates over time,
resulting in both DP and EO exceeding the long-term unfairness of the base-
line model without population dynamics, consistent with findings in [8]. When
comparing the simulation with and without population dynamics in Figure
the baseline and EO exhibit higher unfairness in a static setting when the full
population is retained. DP shows a higher unfairness with population dynamics
from step 4. LCF shows almost no difference between the settings, demonstrating
that long-term fairness does not depend on selective opt-out of disadvantaged
groups.

Retention rates Figure |3| shows that the baseline condition exhibits a severe
retention disparity between groups, with the protected group (S = 0) leaving at
a higher rate. This indicates a survivorship bias where long-term fairness seems
to improve because disadvantaged applicants left the system [5]. The relative
retention ratio (right axis) confirms this: the baseline ratio decreases and remains
below 1.0. While DP and EO reduce this gap, they do so inconsistently: EO
narrows but does not eliminate the imbalance, while DP reverses the disparity
so that the unprotected group leaves faster (relative retention ratio above 1.0).
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Fig.2: Long-term unfairness with (solid) and without (dotted) population dy-
namics for each fairness metric. LCF maintains near-zero unfairness in both
settings; DP has the highest long-term unfairness.

The LCF model achieves near equal retention with a ratio close to 1.0 throughout
while maintaining counterfactual fairness.
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Fig.3: Retention rates per group (left-axis) for S = 0 (red) and S = 1 (blue);
relative retention ratio (right axis) for S = 0/S = 1 (purple dashed), values
below 1.0 indicate disproportionate opt-out for S = 0. Baseline shows severe
retention disparity (A = 26.6%), LCF achieves near parity (A = 0.8%) and DP
reverses disparity.

4 Conclusions and Future Work

In this work, we evaluate long-term fairness under endogenous participation
driven by perceived fairness and peer effects. We introduce perceived fairness
as an internal belief state that captures past experience and social observation.
Unlike prior studies that model feature evolution but assume static populations
[BI8I12], our framework integrates population dynamics driven by perceived fair-
ness, exposing trade-offs between accuracy, short-term fairness, and long-term
fairness. While the unconstrained baseline achieves the highest accuracy, it shows
high retention disparities, driven by selective opt-out of the protected group.
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Demographic parity and equal opportunity reduce the immediate retention dis-
parity, but do not guarantee long-term fairness. Demographic parity overcorrects
retention in earlier time steps, resulting in reverse long-term disparities. In con-
trast, the causal fairness model consistently achieves low long-term unfairness
with balanced retention rates between groups. Our findings emphasize the impor-
tance of a citizen-centric perspective in evaluating algorithmic decision-making:
when fairness interventions fail to account for how citizens perceive and react
to decisions, this may inadvertently drive the most vulnerable individuals out of
essential public services, undermining the fairness goals they aim to achieve.

To build on this workshop paper, we plan to validate our framework on real-
world datasets and study additional fairness metrics (e.g., predictive equality).
The current results are derived under the assumption of a fixed network degree
and group-mixing ratios. Future work will address these constraints by perform-
ing a sensitivity analysis on neighborhood size and the proportion of connections
between demographic groups. Moreover, we can extend this work by generalizing
the two-step denial memory to variable lengths, modeling dynamic social net-
works where peer groups evolve over time, and incorporating positive spillover
effects arising from favorable outcomes. Additional directions include introduc-
ing competing lenders to capture push-pull dynamics and modeling the lender
as a learning agent that optimizes long-term objectives, such as retention and
perceived fairness.
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A Appendix

A.1 Synthetic Dataset

We generate a 5-step synthetic dataset with 4000 agents for training and 1000 for
testing. At ¢ = 1, S is sampled with equal probability, and X; is sampled from
S-specific Gaussian distributions. The true repayment is sampled from a ground-
truth decision model Y; = o(hg,(-)), where o(-) is the sigmoid function, hg, (-)
is a fixed mapping of the probability of whether an applicant would default
P(Y;) = o(he=(X4,9)), Yz ~ 2 - Bernoulli(P(Y;)) — 1. D; is sampled from a
separate o(hg, (-)) as D; ~ 2-Bernoulli(P(D;))—1. X, 441 is generated according
to the update rule below:

Xig— X0 +b Dy =1Y; ;=1

Xit+1 =4 Xie+ A0, +b Dy =1,Y;, =1 (1)
Xit+b D;y=-1

where A controls the sensitivity of the update to the predicted decisions, and
b=2S5-b1+(1—25)- by is a small increment at each time step. The parameters
are set as A = 0.5, bp = 0.2, b; = 1.0.

A.2 Detailed Results Table

Table [0 lists the results of the evaluation metrics in our simulation.

Table 1: Accuracy, long-term unfairness (t-step), retention rate, and retention
disparity across fairness metrics over 5 time steps.

Metric Fairness Metric t1 to t3 ta t5
Baseline 70.4 73.5 725 71.8 73.4
LCF 68.5 70.1 69.9 68.7 68.3
Accuracy (%) EO 68.6 69.2 69.9 68.6 69.0
DP 67.7 67.4 68.1 68.4 68.5
Baseline 0.096 0.138 0.144 0.208 0.244
LCF 0.010 0.004 0.013 0.006 0.053
t-step EO 0.134 0.191 0.185 0.259 0.329
DP 0.270 0.300 0.333 0.505 0.610
Baseline 100 70.5 36.8 22.4 15.0
LCF 100 79.8 52.6 36.0 24.2
Retention (%) EO 100 79.1 50.8 33.1 224
DP 100 75.5 45.3 28.8 18.0
Baseline 0.0 26.6 22.0 17.6 14.0
LCF 00 08 32 08 1.6
Disparity (%) EO 00 42 12 66 3.6

DP 0.0 94 74 36 28
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