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Abstract

The usual definitions of algorithmic fairness focus on population-level statistics, such as demographic
parity or equal opportunity. However, in many social or economic contexts, fairness is not perceived glob-
ally, but locally, through an individual’s peer network and comparisons. We propose a theoretical model
of perceived fairness networks, in which each individual’s sense of discrimination depends on the local
topology of interactions. We show that even if a decision rule satisfies standard criteria of fairness, per-
ceived discrimination can persist or even increase in the presence of homophily or assortative mixing. We
propose a formalism for the concept of fairness perception, linking network structure, local observation,
and social perception. Analytical and simulation results highlight how network topology affects the diver-
gence between objective fairness and perceived fairness, with implications for algorithmic governance and
applications in finance and collaborative insurance.
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1. Introduction

Fairness in networked systems is often defined using population-level statistics, while individu-
als experience and evaluate fairness through local social comparisons. In many social, economic,
and algorithmic contexts, agents observe only the outcomes of their neighbors and infer fairness
from this limited information. As a result, perceived fairness may differ substantially from objective
fairness defined at the population level.

Network structure plays a central role in this discrepancy. Homophily, degree heterogeneity,
and clustering shape who observes whom and therefore how outcomes are locally compared. Even
when a decision rule satisfies standard fairness criteria globally, network topology may distort
local exposure and generate systematic differences in perceived fairness across groups.

This paper develops a concise analytical framework to study perceived fairness on networks.
We model perceived fairness as a local comparison between an individual’s outcome (or accep-
tance probability) and the average outcome observed in their network neighborhood. We then
analyze how topological features affect the gap between objective and perceived fairness.

Our results show that perceived fairness converges to objective fairness only when individuals
observe the entire population. At finite visibility, homophily and degree heterogeneity amplify
perceived discrimination, while clustering mitigates dispersion by stabilizing local averages. These
effects are structural and arise independently of any intentional bias in the decision rule.

1.1 Contributions

The paper makes four main contributions: (i) it formalizes perceived fairness as a network-
dependent operator; (ii) it establishes convergence to population-level fairness as visibility grows;
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2 A. Charpentier

(iii) it characterizes how homophily, degree bias, and clustering shape perceived discrimination;
(iv) it provides numerical illustrations highlighting these mechanisms.

1.2 Organization of the paper

The remainder of the paper is organized as follows. Section 2 reviews the related literature and
positions our contribution within the algorithmic fairness and network science strands. Sections
3 and 4 introduce the model, define our perception-based fairness operators, and establish the
main convergence results as visibility increases. Section 5 analyzes how network topology (e.g.,
homophily, degree heterogeneity, and clustering) shapes perceived discrimination at finite vis-
ibility. Section 6 presents numerical illustrations, discusses the mechanisms highlighted by the
theory, and draws policy implications for algorithmic governance in networked settings. Finally,
Section 7 concludes and outlines directions for future work.

2. Related literature
2.1 Group and individual fairness

The algorithmic fairness literature traditionally distinguishes between group fairness and individ-
ual fairness. Group fairness criteria, such as demographic parity (DP) or equalized odds, impose
constraints on outcome distributions across protected groups (Hardt et al., 2016; Barocas et al.,
2023). Individual fairness, initially proposed by Dwork et al. (2012), requires that similar individ-
uals be treated similarly. Recent work has extended individual fairness using counterfactual and
causal frameworks, focusing on invariance to hypothetical changes in sensitive attributes (Kusner
et al., 2017; De Lara et al., 2024; Zhou et al., 2024; Fernandes Machado et al., 2025). While these
approaches address important normative concerns, they do not model how fairness is perceived
in social contexts. Perceived fairness is inherently relational and group-based: individuals assess
their outcomes by comparing them to those of peers, often within socially defined categories. Our
framework complements individual fairness by focusing on exposure and local comparison rather
than counterfactual perturbations.

2.2 Networks, exposure bias, and topology

Network structure is known to bias local observations. A classical example is the friendship para-
dox, whereby individuals tend to observe neighbors with higher degree or attribute values than
themselves. Generalizations of this phenomenon show that any positively correlated attribute is
overrepresented in local neighborhoods (Wu et al., 2017; Cantwell et al., 2021). These exposure
biases distort inference and perception in networked systems. Recent work shows that network
topology can also distort standard operations performed on networks. Charpentier and Ratz
(2025) demonstrate that decentralized operations may lead to systematic biases driven purely by
structure. Our results extend this insight to fairness metrics, showing how homophily, degree
heterogeneity, and clustering shape perceived fairness independently of population-level parity.

2.3 Perceived discrimination and social comparison

In sociology and social psychology, perceived discrimination has long been recognized as a key
determinant of behavior and well-being. Empirical studies show that perceived unfairness affects
trust, motivation, and social cohesion (Pascoe & Richman, 2009; Schmitt et al., 2014; Brown
et al., 2006; Gonzalez et al., 2021). These perceptions arise through social comparison, typi-
cally based on local observations. Homophily and assortative mixing (McPherson et al., 2001;
Newman, 2003) create segregated local environments in which perceived fairness may diverge
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from population-level parity. Recent work studies alternative notions of homophily based on
similarity in continuous attributes, such as income, rather than group membership (Mayerhoffer
& Schulz, 2022). We focus on categorical homophily relevant to discrimination across protected
groups, while viewing attribute-based homophily as an important extension. Our contribu-
tion is to formalize perceived discrimination within a graph-theoretic framework, linking social
comparison, exposure bias, and network topology.

3. Model of perceived fairness
3.1 Setup and notation
Let G=(V,E,S) be a finite, simple, undirected graph with |V|=mn, adjacency matrix
A €{0,1}", and degrees d; = Zj Ajj. The sensitive attribute S; € {A, B} induces a partition
V=Va4UVps.

A (possibly randomized) decision rule is represented by a map h:V — [0, 1], where h(i)
denotes the acceptance probability of node i.

Given h, realized decisions are modeled by independent draws

H(i) | h ~ Bernoulli(h()), ieV,

and we write H € {0, 1}V for the realized decision vector. This allows us to distinguish (i) fairness
notions defined at the level of probabilities (k) and (ii) fairness notions defined at the level of
realized outcomes (H).

For i € V, denote the 1-neighborhood N(i) = { j: A;; = 1} and its r-hop expansion

NO():= {je V:3k <rwith (45); >0}, reN

3.1.1 Running example (job-market screening)

Think of A/B as two demographic groups applying to a program (or job), and let h(i) € [0, 1]
denote the (possibly biased) probability that applicant i is accepted. The realized outcome is
H(i) € {0, 1} with H(i) | h ~ Bernoulli(h(i)). Individuals compare their own outcome (or accep-
tance probability) to what they observe in their r-hop neighborhood, so network structure shapes
perceived fairness even when global acceptance rates are unchanged.

3.1.2 Objective (global) fairness
DP can be imposed either ex ante (on acceptance probabilities) or ex post (on realized
outcomes):

DPprob :  E[h(i) | Si = A] =E[h(i) | S; = B], 1
DPreai: P[H(i) =1]S;=A]=P[H())=1]S;=B]. )

When H(i) | h ~ Bernoulli(h(i)) and h is deterministic, (1) implies (2). We keep both notations
because the paper studies perceived fairness both at the probability level (h) and at the realized
level (H).

3.2 Local observation and perceived fairness

Individuals do not observe population averages; they observe outcomes in their r-neighborhood.
Define the r-neighborhood averaging operator for any vector x € R by

M. L '
& x] = NG > x(), reN 3)
jEN®)

(For r =1 we write &;[x].)
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3.2.1 Two notions of perceived fairness
We consider two closely related perception indicators.

(i) Perception based on acceptance probabilities.

FO Gl = 1{h(i) > £7[h] ). (4)
This captures the idea that an individual evaluates whether their chance of being accepted is at
least as high as the average chance observed among peers. In the running example, F;?Ob(i; h) indi-
cates whether individual i perceives their acceptance probability as at least the average acceptance
probability in their r-hop neighborhood.
(ii) Perception based on realized outcomes.

FO G H) == 1{ HG) = "[H]}. (5)
This is the literal “I was accepted vs my neighbors” comparison, and it is random even when A is
fixed. In the running example, F, (21(1'; H) captures whether the realized outcome of i (accepted or

not) compares favorably to the realized outcomes observed in their r-hop neighborhood.

Equations (4)-(5) clarify which object is being compared (probabilities vs realizations); this
distinction matters for convergence statements when / is randomized.

3.2.2 Fairness visibility (group-level perceived fairness)
For s € {A, B} define

. prob 1 . . .
Vist ™ (s; h) := Vi [()rr)ob(l; h), and Vlsieal(s; H):= YA Z Fﬁgl(z; H),
shievy ievy
{Af:“’b(h) — Vist™(4; h) — VisP™(B; h), ©
Al (H) = Vis'l(A; H) — Vis!(B; H).

We say visibility parity holds at depth r if A, =0.
3.3 Exposure operators and degree-weighting
Besides the node-average (3), it is useful to recall the edge-weighted mean

- 1

heage = 5~ > " dih(i), where m:= |E|. )

ieV
This identity will be the source of classical exposure biases (friendship-paradox-type effects) in our

perceived fairness gap: neighborhoods may over-sample high-degree nodes, hence over-sample
high-h nodes when h correlates with degree (see Proposition 5.2).

3.4 Asymptotics in neighborhood radius

We now formalize the idea that, on a connected graph, sufficiently large neighborhoods eventually
recover population-level information.

Proposition 3.1 (Visibility convergence). Assume G is connected and |Vs| > 1 for s € {A, B}. Fix a
map h:V — [0, 1].

(a) Probability-based perception. For each s € {A, B},

VisP (s, ) —> P(h(i) >h | Si=5s) as r — 00,
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- 1

where h:= Vi Z h(j). In particular, if h depends only on the group (i.e., h(i) =ha on V4 and
JjEV

h(i) = hg on V), then

prob

- — | Valha + |Valh
Vis; - (ssh) —> 1{hs > h}, with i — [ Valha + [Velhs

V]

(b) Realized-outcome perception. Let H(i) | h ~ Bernoulli(h(i)) independently over i € V. Then,
conditionally on h, for each s € {A, B},

E[Visi®(s; H) | h] —> ws(h) +po(h)  asr— oo,

= ”i | > h(i) and po(h) == P(H =0 h) = [ [(1 = h(j)). In particular, if po(h) =0
SUievy jeV
(e.g. if maxjey h(j) = 1), then E[Visieal(s; H) | h] — us(h).

where us(h) :

Remark 3.1. The limit in (a) compares decision probabilities h(i) to the corresponding local aver-
age and is therefore deterministic once h is fixed. By contrast, (b) compares realized outcomes H (i)
to a realized local average, hence remains random even when h is fixed; it is thus most naturally
stated conditionally on h (and, in particular, in conditional expectation). The two notions coin-
cide for deterministic rules (when H = h), while for randomized rules they may differ due to global
realization effects such as the event {H = 0}.

The proof is deferred to Section 4. On a connected finite graph, neighborhoods saturate:
N©(i) = V for all r > diam(G), so both visibility scores stabilize beyond the diameter. In the real-
ized case, the conditional expectation is obtained by a direct decomposition that isolates the edge
event {H = 0} (rather than an asymptotic law-of-large-numbers argument).

4. Analytical results and proofs

This section gathers the analytical arguments underlying the results stated in Section 3. In par-
ticular, it provides the proof of the convergence of perceived fairness as the visibility radius
grows.

4.1 Convergence of perceived fairness at large visibility radius
We start by recalling a simple but fundamental topological observation.

Lemma 4.1 (Neighborhood saturation). If G is a finite connected graph with diameter diam(G),
then for every node i € V and every r > diam(G),

NG =V.
Proof. Since G is connected, any node j € V can be reached from i by a path of length at most
diam(G). Hence j € N®(i) for all r > diam(G). U

Lemma 4.1 implies that, beyond a finite radius, all agents observe the same population-level
information. This observation underlies the proof of Proposition 3.1.

4.2 Proof of Proposition 3.1
4.2.1 Probability-based perception
Recall that

FO (s h) =1{h(i) = €7 (]},
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By Lemma 4.1, for all » > diam(G),
EN[h] Zh(]) =:h, VieV.
| ]eV
Therefore, for all sufficiently large r,

O (s h) = 1{h < h()).

pro

Averaging over nodes with S; = s yields

prob (s) =

> Uk <hG),

ieVs

|s|

which coincides with ]P’(h(i) >h|S;= s). This proves the convergence claim for probability-based
perception. O

4.2.2 Realized-outcome perception
We now consider the case where realized decisions satisfy

H(i) | h ~ Bernoulli(h(i)), ieV,
conditionally independent given h. By Lemma 4.1, for all r > diam(G)

FO (s H) = 1{H() > A}, =7 3" H).

jeV
Since H(i) € {0, 1} and H € [0, 1], we have the identity
1{H(i) > H} = H(i) + 1{H = 0}.

Indeed, if H > 0 then {H(i) > H} = {H(i) = 1}, whereas if H =0 then {H(i) > H} holds for all i.
Therefore, for all r > diam(G),

F(T)

real

(i H) = H(®i)) + 1{H = 0}.
Taking conditional expectation given h yields
E[Fi(is H) | ] = E[H() | h] + P(H =0 h) = (i) + po(h),
where {H = 0} = {H(j) = 0 Vj € V} and hence
po(h)=P(H{=0Vje V| h=]]a-hG).

jEV
Averaging over i € V; gives, for all r > diam(G),

> (1) + po(h)) = 11s(h) + po(h),

ieV;

E[Visi(s; H) | h] = Vi
S

which proves the claimed convergence as r — oo (the left-hand side is in fact constant for all
r > diam(G)). ]

4.3 Extension and discussion

4.3.1 Asymptotic regimes

Proposition 3.1(b) makes explicit a subtle but important “edge case” of realized-outcome per-
ception: when H =0 (i.e., when all realized outcomes are 0), every node satisfies H(i) > H and
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hence Fgll(i; H) =1 for all i. This event contributes an additive term po(h) = PH=0|h)=
[1jev (1 = h(j)) to the conditional expectation of the visibility score. On a fixed finite graph, this
contribution need not be negligible in general, and it is therefore natural to state the limit in terms
of 1us(h) + po(h).

In many network settings, however, the graph size is large and the mean approval rate is
bounded away from 0 in the sense that ﬁ Zjev h(j) > e for some ¢ > 0. In that regime, the event
{H =0} becomes exponentially unlikely since po(h)=[T;cy (1 —h(j) < exp(— Xcy h(j)) <
e~1VI¢, Consequently, the conditional expectation of realized visibility is well approximated by
is(h), which is the group-average decision probability.

The following corollary formalizes this approximation in a large-network regime.

Corollary 4.2 (Vanishing edge case). Assume we are in a regime where |V| — oo and there exists
& > 0 such that ﬁ 2 jev h(j) = € for all graphs. Then po(h) < e~V — 0, and thus

]E[Visﬁeal(s) |h] — us(h) asr— ocand|V]— oo.

4.3.2 Discussion

Corollary 4.2 shows that the discrepancy between probability-based and realized-outcome visi-
bility is driven by a rare global event (all outcomes equal to 0). Thus, once the overall approval
probability does not vanish, realized perception concentrates around the underlying probabil-
ity model, and the two notions of visibility become asymptotically aligned. Conversely, when
approvals are extremely sparse, the realized notion can be dominated by global randomness, which
motivates treating the H = 0 event separately (or, in applications, adopting a small regularization
of the threshold).

5. Topology and perceived discrimination

This section studies how network topology shapes perceived fairness at finite visibility radius.
While Section 3 shows that perceived fairness converges to objective fairness as r — 0o, the
present section focuses on the structural mechanisms that generate systematic gaps at small or
moderate visibility.

5.1 Homophily amplifies perceived discrimination

We begin with the effect of homophily. Intuitively, when individuals are more likely to connect to
others from the same group, their local observations become less representative of the population,
which can amplify perceived differences even under global parity.

5.1.1 Setu
We consipder a K-group stochastic block model (SBM) with group proportions (my,. .., k).
Conditional on group labels, edges are independent and satisfy
P[Ajj =1]Si = Sj] = pin and P[Aj; =1 S; # Sj] = pout
with pin > pout (assortative mixing). We define the edge-level homophily index
Pin - Pout
pin + (K - 1)Pout

In the two-group case (K = 2), this reduces to p = (pin — pout)/(Pin + Pout)> and one may equiva-
lently parameterize pin, = p(1 + p) and pout = p(1 — p) for some p > 0.

0= €(0,1). (8)
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Our homophily index (8) is a normalized within-between contrast that coincides, in the
symmetric K-SBM with pi, = a/n and poyt = b/#n, with the spectral ratio (a — b)/(a + (K — 1)b)
(equivalently Xy/1; of the SBM connectivity matrix), which is standard in the community-
detection literature (Abbe, 2017, 2018). Note that assortative mixing with respect to categorical
labels is classically quantified via mixing matrices and assortativity coefficients (Newman, 2002,
2003). Here we use the normalized SBM contrast (8) as a convenient edge-level homophily index.

Proposition 5.1 (Homophily and perceived fairness). Assume DP holds at the population level,
E[h(i) | Si = Al = E[h(i) | S; = B]. Then, for small p, the group-level perceived fairness gap at depth
r=1, from Equation (6), satisfies

AV =CpT(h) +olp),

where C> 0 depends only on (s, wg) and T'(h) captures differences in local exposure across
groups.

5.1.2 Explicit form of " (h) (neighbor-exposure contrast)
Write us := E[h(i) | S; = s] for s € {A, B} and define the (depth-1) neighbor exposure

N e 1 1 .
hae(i) 1= Elh] = T > hi) = 7 ‘Z' h)).
JEN() JEN()

Let ;,L“br := E[hupe (i) | S; = s]. The quantity appearing in Proposition 5.1 can be written as
s q Y app 8 P

T(h) = (na — ) — (3" — 1g™). ©)

In particular, under DPp, we have s = up, hence I'(h) = —(/Lgbr - [Lgbr): the first-order

amplification is entirely driven by differential neighborhood exposure.

5.1.3 Remark (DP edge cases)

When DP is imposed in a way that forces us = up exactly, the mean-shift component of the linear
response cancels. A nonzero perceived gap at = 1 may then arise from higher-order terms and/or
degree-weighted exposure effects (friendship-paradox-type sampling).

5.1.4 A general assortativity/modularity bound (depth r = 1)
Let d € R” be the degree vector, m := |E|, and define the modularity matrix

dd’
B:=A——.
2m
Let s € {£1}" encode group membership (41 for A, —1 for B), and define the (normalized)
assortativity/modularity

1 7
== — s Bs.
Q 4m
Under DPpop and mild smoothness assumptions (implemented via a Lipschitz surrogate of the

threshold map in FY

br op)> there exists a constant C > 0 such that

E[AF]| = clalLip. (10)

Hence, higher assortativity/modularity amplifies perceived disparity even when population-level
parity holds.
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5.1.5 Interpretation

Proposition 5.1 shows that homophily generates a first-order amplification of perceived unfair-
ness, even when DP holds globally. The mechanism is purely structural: homophily changes the
composition of neighborhoods, thereby distorting local comparisons without affecting population
averages.

5.2 Degree bias and exposure effects
Homophily is not the only source of perceptual distortion. Even in the absence of assortative
mixing, degree heterogeneity can bias local observations.

Proposition 5.2 (Degree bias at depth r = 1 (edge-weighted exposure)). Assume r =1 and define
&ilh]l = dl, jeN() (). Then the edge-weighted average neighborhood exposure satisfies

Cov(d, h)

= 1 1 W
Elh] = % Zd, Eilh] = % Zdl h(i))=h+ Eid] ,

ieV ieV
where h := L3 ey h(i), n:=|V|, 2m:= Y",.\, di, and E[d] =2m/n denotes the average degree
(for I ~ Unif(V)). In particular, E[h] > h iff Cov(d, h) > 0.

5.2.1 Interpretation

This is a fairness analog of the friendship paradox: when h is positively correlated with degree,
individuals are on average exposed to neighbors with higher acceptance probabilities. As a result,
groups that are overrepresented among high-degree nodes may appear advantaged even under
objective parity.

5.3 Clustering and variance reduction
We now turn to the role of clustering. While homophily and degree bias amplify perceived gaps,
clustering has an opposite effect.

Proposition 5.3 (Clustering dampens perceived dispersion). Fix a function h: V — R and consider
depth r = 1 neighborhood exposure

1 . .
&lhl = Z ‘Z h(j),  ieV.
JEN()

Let G and G’ be two graphs on the same vertex set V with the same degree sequence (d;)icy, and
define the exposure vectors

e(G) = (£°1h)) e(G) = (&7 [n))

Assume that there exists a doubly stochastic matrix C € RVIXIVI (e, Cl=1and1TC=1") such
that

ieV? eV

e(G) = Ce(G).
Then:
. 1 / 1
(1) The mean exposure is preserved: m Z e(G) = m Z ei(G).
ieV ieV
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(2) For every convex function ¢ : R — R,

—Z (ei(G)) mzwei(@).

ieV ieV
In particular, the dispersion of exposures cannot increase:
Var(e(G/)) < Var(e(G)).
The assumption e(G') = Ce(G) formalizes the idea that increased local clustering/overlap

makes neighborhood averages more similar by turning them into convex combinations of one
another.

5.3.1 Interpretation

Clustering creates overlapping neighborhoods, which stabilizes local averages. As a result, individ-
uals receive more similar signals about fairness, reducing extreme perceptions even when mean
differences persist. This highlights that not all forms of segregation have the same perceptual
impact: assortativity amplifies perceived gaps, whereas clustering smooths them.

5.4 Proof of Proposition 5.2
Recall that at depth r =1,

Z hG),  di= ING),  2m=)_d;
]eN(z) eV

Consider the edge-weighted average neighborhood exposure (equivalently, the average over all
directed neighbor observations):

— 1 ;
S[h] = ﬁ dz i ]Z%ZZ h(])
ieV i€V jeN(i)
Swapping the order of summation,
DY ki) =) k() ltie Vije N@} =) h()d;
i€V jeN(i) JEV jev

since in an undirected graph node j appears in exactly d; neighborhoods. Therefore,

_ 1 )
Elhl=—— > dih).

jev
To relate this to the node-average h:= + Z jev h(j), note that with uniformly random I ~ Unif(V)
we have E[d;] = and
- Eldih(I)] Cov(dp, h(I)) - Cov(d, h)
Elhl=———=EhD]+ ———F=h+ —.
(7] E[d;] (hD] + E[d;] + 2m/n

Hence E[h] # h whenever Cov(d, h) # 0, which is the claimed degree-bias (friendship-paradox-
type) effect.

5.5 Proof of Proposition 5.3
At depth r = 1, write the vector of neighborhood averages as

e:= (&ilh]),., =D 'Ah,
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where A is the adjacency matrix and D = diag(d;). Let Var(e) := % Yoiev (ei— e)? with e=
1 Z €;.

" "We formalize the effect of increased local clustering (with degrees held fixed) through the fol-
lowing sufficient condition: the new neighborhood-average vector ¢’ can be written as a mixing of
the previous one,

¢ = Ce,

for some doubly stochastic matrix C (i.e., C1 =1 and 1"C=1T7). This captures the idea that over-
lapping neighborhoods (stemming from triadic closure / increased clustering) make individuals’
local averages more similar, as each €] becomes a convex combination of nearby e;’s.

Let P:=1— %IIT be the centering projection. Since Cl=1 and 1'C=1", we have PC=
CP and P¢’ = PCe = CPe. Moreover, any doubly stochastic matrix is a convex combination of
permutation matrices (Birkhoff-von Neumann theorem), hence it is a contraction in ¢, on the
subspace {1}*:

ICx|l2 < lIx]la forall x such that 1T x=0.
Applying this to x = Pe gives
IPe'll2 = IC(Pe) 2 < | Pell2.
Finally, since Var(e) = % ||Pe||§, we obtain
Var(e') < Var(e),

that is, the dispersion of neighborhood averages cannot increase under such mixing. This formal-
izes the variance-reduction intuition: higher clustering creates overlapping neighborhoods, which
stabilizes local averages and attenuates extreme perceived deviations.

5.6 Discussion

Taken together, these results show that perceived discrimination is shaped by multiple, distinct
topological features. Homophily and degree heterogeneity amplify perceived unfairness by dis-
torting local exposure, while clustering mitigates dispersion by stabilizing neighborhood-level
observations. These mechanisms operate independently of population-level fairness and explain
why objective parity may coexist with persistent perceived discrimination.

6. Numericalillustration and discussion

This section provides a numerical illustration of the mechanisms identified in Sections 3-5
and discusses their interpretation and implications. The simulations are intended as qualitative
illustrations rather than exact tests of the theoretical results.

6.1 Numerical illustration

We simulate networks with n nodes partitioned into two groups A and B with proportions
(74, wp). Edges are generated according to a two-group SBM: conditional on group labels, pairs
(i, j) are connected independently with probability pi, if S; = S; and pout if Si # S;. We parameter-
ize homophily by p € [0, 1) by setting pin = p(1 4 p) and pout = p(1 — p) (Section 5), where p > 0
controls the overall density. We vary p on a grid in [0, pmax] and generate multiple independent
graph realizations for each value. Unless stated otherwise, we fix n =400 and (4, 7g) = (0.5, 0.5),
and we use R independent graph realizations per value of p.
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6.1.1 Assigning acceptance probabilities
For each simulated graph, each node i is assigned an acceptance probability h(i) € [0, 1] according
to one of the following scenarios:

o Group-based rule: h(i) depends only on S; (e.g., h(i) = ha on V4 and h(i) = hp on Vp).

o Degree-based rule: h(i) depends only on the node degree d; through a monotone mapping
(e.g., a normalized degree score in [0, 1]).

o Mixed rule: h(i) combines a group component and a degree component. Specifically,
we set

h(i) = T(a B8P (i) + (1 — o) h%°8(i) + &), (11)

where o € (0, 1), [1(x) = min{1, max{0, x}} clips to [0, 1], and ¢&; is a small mean-zero noise
term. In the experiments we take & = 0.7. We instantiate the group component by drawing
h&P (i) ~ Beta(4, 2) if S; = A and h8'P(i) ~ Beta(2, 4) if S; = B, and we set h%8(i) to be an
increasing normalized function of d; (e.g., rescaled ranks or d;/ max; dj).

Unless stated otherwise, DP is not imposed exactly in these simulations (so the global gap may be
nonzero).

6.1.2 Quantities reported
For each simulated network we compute: (i) the global (probability—based) fairness gap

global( |V | Z h(i) — — |V | h(i),

ieVp

and (ii) the perceived fairness gap at visibility radius r = 1, Aﬁ’mb(h) = Pmb (As h) — Prob(B h)
(Equation (6)). Results are displayed across realizations; in Figure 1, each pomt corresponds toone
network realization and the solid line is a LOESS smoother.

6.1.3 Main observation
Figure 1 plots the perceived and global fairness gaps as functions of the homophily index p.
For small to moderate values of p, perceived unfairness increases approximately linearly with
homophily, consistent with the first-order expansion in Proposition 5.1. At larger values of p,
the perceived gap may decrease as neighborhoods become nearly homogeneous, reducing cross-
group comparisons. This non-monotonic behavior does not contradict the theoretical results,
which characterize local behavior around p = 0.

In summary, the simulations are consistent with a positive local dependence on p (as cap-
tured by Proposition 5.1), but also show that at high homophily the perceived gap may saturate or
decrease.

6.2 Interpretation and policy implications

We now discuss how the proposed framework should be interpreted and how it may inform policy
analysis.

6.2.1 Perceived versus objective fairness

Perceived unfairness is not a substitute for objective fairness criteria such as DP or equality of out-
comes. Rather, it captures how individuals experience fairness through local social comparisons.
As shown in Sections 4 and 5, objective parity may coexist with substantial perceived unfairness
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Amplification of Perceived Fairness Gap by Homophily

0.6
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< == Global fairness gap
== Perceived fairness gap
0.2

0.00 0.25 0.50 0.75 1.00
Homophily index

Figure 1. Perceived and global fairness gaps as functions of the homophily index p. Each point corresponds to one net-
work realization; solid lines show LOESS smoothing. For small to moderate homophily, perceived unfairness increases
approximately linearly, while non-monotonic behavior may arise at high homophily due to neighborhood homogenization.

when network structure distorts local exposure, and conversely low perceived unfairness may arise
in highly segregated settings despite persistent demographic disparities.

6.2.2 Why perceptions matter

Perceptions of fairness influence behavior, trust, and participation in social and economic sys-
tems. Even when decisions satisfy formal fairness constraints, persistent perceived unfairness
may undermine legitimacy or compliance. Our results provide a structural explanation for such
mismatches by showing how network topology shapes local observations.

6.2.3 Policy objectives

Policy objectives concerning outcomes and perceptions are conceptually distinct. For realized out-
comes, the goal is to reduce disparities in expected values while improving outcomes for all groups.
For perceptions, the goal is to reduce systematic differences in how fairness is experienced locally.
Our framework is intended to inform the latter objective by identifying how network features such
as homophily, degree heterogeneity, and clustering affect perceived fairness. It does not advocate
relaxing outcome-based fairness constraints.

6.2.4 Limits and extensions

Finally, we emphasize that reducing perceived unfairness through segregation or informa-
tion restriction is not a desirable policy solution. While such mechanisms may mechanically
reduce perceived gaps, they do so by limiting exposure rather than addressing underlying
inequalities. Future work could extend the present framework to attribute-based homophily,
dynamic networks, or learning processes, and study how perception and behavior co-evolve over
time.
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7. Discussion and extensions

This paper studies perceived fairness as a network-dependent phenomenon. While objective
fairness criteria are defined at the population level, individuals evaluate fairness through local
comparisons shaped by network structure. Our results show that these two perspectives may
diverge systematically.

7.1 Interpretation

Perceived unfairness is not a substitute for objective fairness. Low perceived unfairness may
coexist with substantial demographic disparities in segregated networks, while perceived unfair-
ness may persist even under DP. The framework highlights this potential misalignment without
advocating any normative trade-off.

7.2 Policy implications

Policy objectives concerning outcomes and perceptions are distinct. Reducing disparities in
expected outcomes remains essential, but addressing persistent perceived unfairness may require
complementary interventions that modify exposure or information aggregation. Network struc-
ture thus plays a critical role in how fairness is experienced.

7.3 Extensions

Several extensions are natural. Future work could study attribute-based homophily, dynamic or
adaptive networks, and learning processes in which perceptions feed back into behavior. Another
direction is to couple perceived fairness with endogenous network formation.

7.4 Conclusion

Perceived fairness is a structural property of networked systems. By formalizing how topology
shapes local comparisons, this paper provides a unified framework to study the gap between
objective and perceived fairness in social and algorithmic networks.

8. Conclusion

We proposed a mathematical framework linking network structure and perceived fairness. Our
analysis highlights how local perception can deviate from global fairness even when algorithms
are unbiased in aggregate. Future research will connect these theoretical insights with empirical
data from collaborative or decentralized systems.
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