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Abstract

When LLMs mediate social connections, their
assigned personas act as invisible social in-
frastructure. We demonstrate that altering a
single sentence in an LLM prompt reshapes
the macro-structure of a 500-person synthetic
network. Measuring network assortativity
across scales, a 70B parameter model amplifies
prompt-induced structural bias 15-fold com-
pared to an 8B model, a pattern replicating
across three model families. Furthermore, we
expose hidden demographic proxying: a per-
sona seeking emotional connection silently par-
titions the network by age, an effect unde-
tectable in standard logs. To address this, we
introduce a pre-deployment audit based on two
metrics, the Persona Assortativity Range and
the Persona-Driven Alignment Gap, enabling
structural red teaming of LLM-mediated com-
munity formation

1 Introduction

When an Al system recommends “people you
should know,” suggests groups to join, or matches
users in an online community, it does not merely
surface preferences; it constructs the social struc-
ture within which users live. LLM-powered agents
are rapidly replacing traditional collaborative filter-
ing as the mediating layer of recommender systems
(Peng et al., 2025), which makes the prompt that
configures the agent part of the platform’s infras-
tructure. The resulting topology determines who
influences whom, what information flows where,
and which populations are exposed to which others.
These are structural decisions with safety conse-
quences, yet unlike content moderation, no frame-
work exists to audit them.

Prior work establishes that recommendation
algorithms causally reshape network topology:
LinkedIn’s “People You May Know” altered job
mobility across 20M users (Rajkumar et al., 2022),
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friend-of-friend recommendation generates echo
chambers through topology alone (Santos et al.,
2021), and recommendation systems have con-
nected exploitation networks structurally (Thiel
et al., 2023). In each case the algorithm’s implicit
model of who belongs with whom, not its content
filter, produced the outcome.

LLMs introduce a new dimension. They pass
75-95% of theory-of-mind (ToM) tasks (Kosinski,
2024) and approach adult performance on broad
social-reasoning batteries (Strachan et al., 2024),
yet this competence is brittle (Ullman, 2023), leans
on shallow heuristics (a “Clever Hans” effect at the
response level; Shapira et al., 2024; Ranaldi and
Zanzotto, 2024), and is highly prompt-sensitive,
with cosmetic formatting changes swinging accu-
racy by up to 76 points (Sclar et al., 2024). At
the annotation level, Sarumi et al. (2025) already
find that persona-prompted LLMs selectively use
demographic attributes, partially reproducing hu-
man judgements but through demographic short-
cuts rather than genuine reasoning. When such rea-
soning mediates connection, the agent’s assigned
persona becomes the architect of network structure.

Research questions. Existing prompt-sensitivity
work measures variation in a single model response.
We instead ask whether the persona assigned to a
mediating agent leaves a measurable signature on
the whole network that emerges from hundreds of
its decisions. Concretely:

RQ1 Does persona shape network structure?

RQ2 Does model capability help or hurt?
RQ3 What is the hidden mechanism?

We addressed these questions by running five
dispositional personas that each differed by a single
sentence across two model scales (Llama-3 8B and
70B). Each agent mediated all connection decisions



for an identical 500-person synthetic population.'

By applying social network analysis as a diagnostic
tool for these LLM systems, our core contributions
are:

¢ Establishing that persona shapes network
structure (RQ1): We demonstrate that an
agent’s assigned persona acts as an invisible
architect of social topology, moving age assor-
tativity, with matched control conditions.

* Revealing the amplification effect of model
capability (RQ2): We show that increased
model scale (70B vs. 8B) sharpens prompt-
induced structural biases.

* Exposing the hidden demographic mecha-
nism (RQ3): We propose a pre-deployment
auditing protocol built from two statistics
over established measures: the Persona As-
sortativity Range, the persona-induced range
of Newman'’s assortativity (Newman, 2002),
and the Persona-Driven Alignment Gap, a
selected-versus-rejected contrast of sentence-
embedding similarity (Reimers and Gurevych,
2019). These instruments expose how mod-
els substitute genuine emotional reasoning
with demographic shortcuts like age-proxying,
mechanisms entirely concealed by standard
output logs.

2 Related Work

A mature body of literature establishes that tradi-
tional recommendation algorithms profoundly re-
shape social topology and user exposure (Rajkumar
etal., 2022; Suet al., 2016; Santos et al., 2021; Bak-
shy et al., 2015; Bail et al., 2018). While founda-
tional, this prior work primarily examines content
recommendation. A growing literature documents
the shift from these feature-based recommenders to
LLM-powered agent recommenders, in which an
LLM agent with a profile, memory, and planning
module makes the recommendation decision itself
(Peng et al., 2025) This research pivots to the un-
derlying network-formation layer, exploring how
social connections are explicitly constructed when
large language models serve as the algorithmic me-
diators.

As LLMs take on these mediating roles, their ca-
pacity for social cognition becomes a critical struc-

'All network files, the 500-persona  dataset,
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tural variable. Current research paints a picture of
highly competent yet brittle social reasoning. Mod-
els achieve impressive performance on theory-of-
mind tasks (Kosinski, 2024; Strachan et al., 2024),
yet they exhibit specific deficits in affective rea-
soning and fail catastrophically under trivial per-
turbations (Ullman, 2023; Sap et al., 2022). Schol-
ars frequently attribute this apparent competence
to shallow structural heuristics, often termed the
“Clever Hans” effect (Shapira et al., 2024; Ranaldi
and Zanzotto, 2024). Our study scales this critique,
extending the observation of heuristic shortcuts
from isolated response-level outputs to emergent
system-level macro-structures.

The mechanism driving these agent behaviors
is heavily influenced by persona conditioning.
Prompting models with specific personas is known
to reproduce human subpopulation distributions
(Argyle et al., 2023) and steer behavior along
stereotypical dimensions (Salewski et al., 2023). In
multi-agent settings, these conditioned models suc-
cessfully form emergent relationships (Park et al.,
2023). Sarumi et al. (2025) found that persona-
prompted LLM annotators selectively substitute
genuine reasoning with demographic shortcuts.

Three recent studies establish that persona
shapes emergent social structure in LLM systems.
Mehdizadeh and Hilbert (2025) show that LLM
agents naturally produce homophilic networks
based on social attributes alone. Li et al. (2024)
extend this to multi-agent interaction outcomes,
finding that persona-assigned demographic identity
biases trustworthiness and insistence across conver-
sation rounds. Fadaei et al. (2026) provide large-
scale observational confirmation: across 70,000
agents on a real platform, strong gender homophily
emerges spontaneously. All three establish that
the effect exists; none identifies which feature of
a persona drives it or provides tools to test this
before deployment. We address the mechanistic
question directly, showing that a single disposi-
tional sentence controls network topology and that
the operative criterion can diverge from the stated
rationale in auditable, predictable ways.

Our research built on these critical insights to
bridge language modeling and network science.
We reveal the structural analog of demographic se-
lectivity, showing how an agent’s stated emotional
rationale silently reduces to an age-based proxy
at scale. Furthermore, building on the baseline
homophily observed by Mehdizadeh and Hilbert
(2025), we establish that deliberate persona engi-
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neering serves as the precise lever controlling both
the degree and direction of algorithmic mediation.
Ultimately, we demonstrate that engineering a per-
sona steers not just individual agent behavior, but
the fundamental topology of the network itself.

3 Method

3.1 Persona Generation

We utilized 500 synthetic personas. Base demo-
graphics were sampled from NVIDIA’s Nemotron-
Personas-USA (Meyer and Corneil, 2025) (city,
state, ZIP, occupation, education). Gender used the
Nemotron sex field (96%) with 4% augmented as
non-binary; race/ethnicity was assigned from U.S.
Census 2020 state-level distributions. Ages span
0-95 (mean 40.0, SD 23.6). Each persona received
a 100-120 word first-person biography generated
by GPT-5.1-2025-11-13 (OpenAl) at temperature
0.9 to achieve lexical diversity conditioned on its
demographics. An example biography appears in
Appendix D. A detailed demographic summary (Ta-
ble 5) can be found in Appendix B, and the full per-
sona generation pipeline is outlined in Appendix C.
The biography and demographics are the only in-
puts matchmaking agents read; no numeric trait
or personality features are exposed to the agents.
The biography-generation model is from a different
family than either matchmaking model (Sec. 3.3),
avoiding any self-recognition confound in which a
model favors text in its own generation style.

3.2 The Five Personas (and a Null Baseline)

The agents differ solely by a one-sentence persona
(Table 1). To keep the paper readable we give each
agent a plain-language name describing what it
seeks, and note in parentheses the established re-
search construct it operationalizes. We treat the
single sentence as a minimal persona: the agent’s
identity compressed to its operative social value.
Two agents anchor the interpretation. Similar-
Background (homophily, the well-documented
tendency to bond with similar others) is the delib-
erate baseline for clustering: a persona that openly
asks for similarity. Shared-Life-Stage (affective
theory of mind, reasoning about others’ emotional
states) is the critical test: it asks for emotional kin-
ship and never mentions age, so if it nonetheless
sorts people by age, the model has substituted a
demographic shortcut for emotional reasoning, ex-
actly the failure Strachan et al. (2024) document.
We additionally run a content-free null persona

Population

500 personas - demographics + biography
GPT-5.1 - N=500 - age 0-95

v
Persona Injection

5 dispositions + null baseline

one sentence - template + population fixed
v
Matchmaking Agent

Llama-3 8B - Llama-3.3 70B
T=0.7 (3 trials) - T=0 robustness

v

Network Formation

Layer 1 Layer 2 Layer 3
primary triadic connect.
v
Audit

PAR - As alignment - permutation null

emotion probe - youth exposure

Figure 1: Method overview.

(“I connect with people”) that carries no disposi-
tion at all, isolating the model’s untreated baseline
tendency from the effect of any specific persona
content.

3.3 Network Formation

We run every persona on two open-weight mod-
els from one family at different scales, Llama-3
8B and Llama-3.3 70B (Grattafiori et al., 2024),
so that a model-capability axis is crossed with the
persona axis. Holding the family fixed while vary-
ing scale isolates the effect of capability from the
effect of provider-specific training. Each model
constructs networks from the identical population
through three layers (Figure 1). Crucially, every
agent shares one byte-identical task template; only
the persona clause is substituted. The template is



Table 1: The five dispositional personas (plain-language name; underlying research construct in parentheses). The
verbatim statement is the only input that differs across agents; the task template, candidate pool, and population are
identical. A content-free null persona (“I connect with people”) is run separately as the untreated baseline.

Agent name (construct)

Persona (verbatim prompt text)

Grounding

Different-Worlds (bridging)

Similar-Background (homophily)

Well-Connected (prestige)

New-Opportunities (weak ties)

Shared-Life-Stage (affective ToM)

“I believe the most valuable connec-
tions are with people from different
social circles and life experiences.”
“I connect best with people who
share my background, values, and
way of seeing the world.”

“I seek connections with people who
have broad social reach and are well-
connected in their communities.”

“I build connections that open doors
to new opportunities across profes-
sional and social boundaries I do not
yet have access to.”

“I connect with people who can gen-
uinely understand and share the emo-
tional experiences of my current life

Granovetter (1973); Rajkumar et al. (2022)

Santos et al. (2021); Chaney et al. (2018)

Su et al. (2016); Kleinberg and Raghavan (2021)

Granovetter (1973); Rajkumar et al. (2022)

Strachan et al. (2024)

stage.”

the experimental control, the persona is the ma-
nipulation. Full prompt templates are provided in
Appendix E. We set matchmaking temperature to
0.7 to reflect realistic deployment sampling rather
than an artificially deterministic regime; because
this adds per-decision stochasticity, we run multi-
ple independent trials per persona, report means
with 95% confidence intervals, and use the permu-
tation null (Sec. 3.6) to separate the persona effect
from sampling noise. Appendix G reports a tem-
perature robustness check comparing deterministic
decoding (temperature 0) against the main condi-
tion (0.7), confirming that the structural ordering
across personas is preserved.

Layer 1 (LLM primary matching). Personas ar-
rive sequentially in random order. Each newcomer
is shown a fixed pool of 10 randomly sampled
existing members; holding the pool size constant
removes it as a source of variance across agents.
The agent receives the persona, the newcomer’s bi-
ography, and the candidate biographies, and returns
2-5 connection IDs.

Layer 2 (LLM triadic closure). Clustering (Gra-
novetter, 1973; Watts and Strogatz, 1998) is added
by the same LLM under the same persona deciding
whether friend-of-friend pairs should connect. No
hardcoded structural rules are applied at any layer:
every connection decision is made by the LLM,
so the clustering that emerges reflects the persona
rather than the procedure.

Layer 3 (connectivity). Bridge edges enforce a
connected graph (average path length < 6) (Watts
and Strogatz, 1998; Milgram, 1967).

3.4 The Persona-Driven Alignment Gap (As)

A persona could shape network structure in two
ways: by steering the agent toward candidates who
read like the newcomer in natural language, or by
bypassing the text and routing through a structured
demographic field such as age. So we need a mea-
sure that separates them.

The Persona-Driven Alignment Gap (As) is a
semantic measure, which operates in sentence-
embedding space. For every Layer-1 decision
we encode the newcomer’s profile ppew and each
offered candidate profile p; with a sentence-
embedding model (all-MiniLM-L6-v2; Reimers
and Gurevych 2019), using exactly the text the
agent sees (the demographic line followed by the
biography), and compute the cosine similarity
s; = cos(Pnew, i) The gap is the difference in
mean similarity between the candidates the agent
chose and those it passed over:

As = Sgelected — Srejected- (D

As > 0 means the persona pulls the agent toward
people whose profiles are semantically close to the
newcomer’s; As ~ () means selection is orthogonal
to semantic similarity; As < 0 means the persona
actively reaches across semantic distance. Because
the embedding covers the whole profile, As alone
cannot say whether the agent is reading the prose



or keying on the demographic line; the text-content
probe below decomposes exactly that.

3.5 Text-Content Probe

To determine what property each persona selects
on, we score every offered biography on three mea-
sures and compute the gap between selected and
rejected candidates (A = Sgelected — Srejected): (1)
expressiveness, defined as 1 — P(neutral) from a
fine-tuned distiIRoBERTa emotion classifier (Hart-
mann, 2022); (2) emotional vocabulary, scored
via the EMPATH lexicon (Fast et al., 2016) over
positive and negative emotion, joy, sadness, anger,
and fear; and (3) life-stage vocabulary, scored via
EMPATH over family, children, age, work, school,
marriage, and friends. ¢-statistics are one-sample
t-tests against A = 0.

3.6 Control Conditions

The headline claim is that the content of a persona
shapes structure, not the mere act of changing the
prompt. We support this with three controls, each
isolating one alternative explanation (Table 3), all
executed in this paper. (1) A permutation null
reshuffles ages across nodes to give a chance dis-
tribution for every structural metric at zero API
cost (Appendix F). (2) A content-free null per-
sona (“I connect with people”) tests whether any
persona sentence suffices or the disposition’s con-
tent is what matters. (3) The semantic-direction
contrast is supplied by the dispositions themselves:
Different-Worlds and Similar-Background are near-
antonyms at fixed task and population, so an ex-
plicit antonym persona is redundant, and was not
used.

3.7 Network Analysis

Our primary structural measure is age assortativity
(r), Newman'’s coefficient (Newman, 2002, 2003)
for how strongly a node attribute predicts its neigh-
bours’ attribute: in plain terms, the tendency of
people to connect with others of similar age. It
ranges from r = +1 (every edge joins same-age
people: perfect clustering by age) through r» = 0
(age is unrelated to who connects) to r = —1 (ev-
ery edge joins people of maximally different ages).
We also compute degree distribution, assortativity
on race, gender, and education, Louvain modularity
(Blondel et al., 2008) (how cleanly the graph splits
into communities), clustering, average path length,
and diameter, with focus on age-based mixing (the
dimension of greatest variation). We define the

Persona Assortativity Range (PAR) as the spread
in age assortativity (the highest » minus the low-
est 7) induced across the five personas on a fixed
population; it quantifies, in a single number, how
much swapping one sentence of persona can move
network structure. Formally,

PAR = — mi 2
glg(?“p) ;gg(rp) (2)

where P is the set of five dispositional personas
and ), is the mean age assortativity under persona
p. PAR is a deliberately simple range statistic over
an established measure; it is computable for any
system that assigns personas and logs connections,
and Appendix I shows it behaves consistently with
established segregation indices.

All analyses use NetworkX (Hagberg et al.,
2008); We run three independent trials per persona
and report means. To separate a real persona effect
from random sampling, we use a permutation null
(1,000 age reshuffles per network; full procedure
in Appendix F): the observed r is significant when
it falls beyond the resulting distribution (p is the
fraction of shuffles matching or exceeding it).

4 Results

4.1 Persona Induces Structure, and Scale
Amplifies It

Persona alone produced divergent topologies from
the identical population, at both scales, and the
effect grew sharply with model capability (Fig-
ure 4, Table 2). At 8B, age assortativity spanned
r = 0.016 to » = 0.058, an PAR of 0.042; the
permutation null places this spread at 102x the
spread expected from random age placement. At
70B the same five one-sentence personas spanned
r = —0.095 to » = 0.532, an PAR of 0.628,
a I5-fold increase, at 549x the null. At 70B,
four personas achieve significant positive assor-
tativity (p < 0.001, all three trials); Different-
Worlds achieves significant negative assortativity
(r = —=0.095, p < 0.001 on a two-tailed test),
meaning it systematically cross-connects people
of different ages. At 8B only Similar-Background
(p = 0.002) and Shared-Life-Stage (p = 0.005)
clear significance; the other three are indistinguish-
able from random placement. Race, gender, and
education assortativity were near-zero and showed
negligible persona-induced variation (PAR < (0.23;
racial PAR = 0.029), confirming that the struc-
tural effect is specific to age rather than a general



Table 2: Mean age assortativity r over three trials
per persona on an identical 500-person population, at
two model scales, plus the semantic alignment gap As
(Sec. 3.4) at 70B. Personas are ordered by 70B cluster-
ing. PAR is the across-persona range of r (excludes the
null baseline). All 70B values significant at p < 0.001;
at 8B only Similar-Background and Shared-Life-Stage
are significant. The content-free Null persona shows the
model’s untreated baseline.

Persona (construct) r r As
8B) (70B) (70B)
Shared-Life-Stage (aff. ToM) 0.058 0.532 0.047
Similar-Background (homophily)  0.052 0.394 0.045
New-Opportunities (weak ties) 0.016 0.321 0.033
Well-Connected (prestige) 0.016 0.118 0.007
Different-Worlds (bridging) 0.032 —0.095 —0.014
Null persona (baseline) 0.060 0.423 n/a
PAR (5 personas) 0.042 0.628 n/a

demographic-matching artifact. Appendix I bench-
marks these results against classical pre-LLM rec-
ommenders replayed on the identical candidate
pools: classical algorithms occupy a fixed band
(r = 0.28-0.31), the persona axis spans a range
twice as wide, and the assortativity signal agrees
with three established segregation audit indices
(Spearman p > 0.92).

The direction of the scaling matters (answering
RQ?2): the larger, more capable model does not
wash out the persona signal; it sharpens it. Ca-
pability and prompt-induced structural bias rise
together.

The untreated baseline is already homophilic.
The content-free null persona (“I connect with peo-
ple”) is not structurally neutral: it produced sig-
nificant age clustering at both scales (r = 0.060
at 8B, p < 0.003; » = 0.423 at 70B, p < 0.001).
At 70B this baseline sits just below Shared-Life-
Stage and above every other persona, meaning the
model defaults to sorting people by age and most
personas only modulate up or down from there.
Only Different-Worlds (bridging) pushes structure
below the baseline, and it is the sole persona to
invert it into negative assortativity. The practical
reading: an agentic connection system with a bland
or “neutral” persona is not bias-free; it inherits the
model’s built-in homophily.

4.2 Cross-Family Replication (Qwen,
Gemma)

We re-ran the complete pipeline (identical popu-
lation, prompts, protocol; three trials per condi-
tion) on Qwen-2.5 at 7B and 72B and on Gemma-
3-27B (Figure 3, Table 4; fallbacks 0.0%; all
values permutation-significant at p < 0.004 ex-
cept Well-Connected at Qwen-7B). Three findings
generalise. (1) The persona ordering is family-
independent: all five personas rank identically
in every model, Shared-Life-Stage tops every col-
umn, and its Qwen-72B value (r = 0.534) matches
Llama-70B’s (0.532), so the age-proxy mecha-
nism is not a Llama artifact. (2) Scale amplifi-
cation replicates in direction: within Qwen, PAR
grows 3.7x from 7B to 72B, mirroring Llama’s
15x; magnitude is family-specific, direction is
not. (3) The untreated baseline is homophilic
in every family (null-persona r = 0.171-0.430);
bridging inverts it only on Llama-70B (—0.095)
and Gemma-27B (—0.127), not Qwen-72B (0.119).
Gemma-3-27B reaches near-Llama-70B sensitivity
(PAR 0.597) at 2.6 x fewer parameters: capability,
not parameter count, drives amplification. These
runs also execute the antonym control (Sec. 3.6):
flipping one word’s valence in the bridging persona
swings r by up to +0.57, confirming semantic di-
rection drives structure.

4.3 Affective Disposition Drives the Strongest
Clustering

Shared-Life-Stage is never told about age; it is
asked only to connect with people who “share the
emotional experiences of my current life stage.
At 70B it nonetheless produced the strongest age
clustering of all five personas (r = 0.532, Fig-
ure 2), exceeding even Similar-Background, which
is explicitly instructed to match on background and
values (r = 0.394). The model routes “emotional
life stage” through age as a demographic proxy.
This is the behaviour Strachan et al. (2024) predict
for a system with intact cognitive but deficient af-
fective theory of mind (theory of mind being the
capacity to attribute mental and emotional states
to others), and here it surfaces not as an item-level
error but as a macro-structural signature: a prompt
that mentions no demographic category still parti-
tions the network by one. For a system designer
the lesson is concrete: empathic or relationship-
framed persona language is a hidden pathway to
demographic clustering that inspecting the prompt
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will not reveal.

4.4 What Each Persona Selects On (Semantic
Alignment)

The Persona-Driven Alignment Gap As (selected-
minus-rejected profile similarity) explains the as-
sortativity ordering at the level of individual de-
cisions (Table 2, last column). Shared-Life-Stage
and Similar-Background pull hardest toward bio-
graphically similar candidates (As = 40.047 and
+0.045; chosen on > 80% of decisions), which
is why they cluster most. Different-Worlds is
the only persona with negative alignment (As =
—0.014): it actively selects candidates less similar
than those it rejects, which is why it is the only
persona to produce negative age assortativity. Well-
Connected is near-orthogonal to profile similarity
(As = 40.007), consistent with its modest, reach-
driven clustering. The As ordering matches the
r ordering exactly, linking the macro-level struc-
ture (who ends up near whom) to the micro-level
selection criterion (what the agent is choosing on).

4.5 The Hidden Mechanism: Age Proxy, Not
Emotion (RQ3)

As shows Shared-Life-Stage selects similar pro-
files, but on what basis? Its persona asks for emo-
tional kinship, so a charitable reading is that it
reads emotional content in the writing. We test
this directly with two text probes on selected-vs-
rejected biographies (details in Appendix H): a
neural emotion classifier (expressiveness) and the
EMPATH lexicon (Fast et al., 2016) scoring both
emotional vocabulary and life-stage vocabulary
(family, children, age, work, school). The result
is decisive: across every agent the gap in explicit
emotional vocabulary between chosen and rejected
profiles is essentially zero or negative, and the gap
in life-stage vocabulary is consistently negative:
Shared-Life-Stage included (Ajife-stage = —0.0004
at 70B). The persona that asks to “share emo-
tional life stage” does not select profiles richer in
emotional or life-stage language; it routes “life
stage” straight through the single age number in
the demographic line, bypassing the text entirely.



This is the affective-ToM deficit of Strachan et al.
(2024) made structural: emotional reasoning col-
lapses to a demographic shortcut, and crucially
that shortcut is invisible in the model’s decision
logs; only a structural and mechanistic audit re-
veals it. A secondary finding emerges across all
personas: Different-Worlds most strongly avoids
life-stage vocabulary in its selections (Ajife-stage =
—0.00096, t = —16.1), consistent with its active
cross-age strategy extending to text cues, not only
demographic fields. Full per-persona probe results
are in Appendix H.

4.6 Disposition Propagates Beyond Primary
Selection

The persona is not confined to the first match-
ing step. In Layer 2 (triadic closure, deciding
whether two friends-of-a-friend should themselves
connect), 8B behaved almost identically across
personas (647-711 closures), but 70B differenti-
ated sharply: Different-Worlds accepted 1,055 clo-
sures versus only 307 for Similar-Background. The
larger model recognises that a friend-of-a-friend
pair is already structurally diverse and so closing
it serves a bridging goal, while homophily closes
only the similar pairs. Structural bias therefore
compounds through every decision layer the agent
touches, not just the one a designer is most likely
to audit.

5 Discussion

The contribution is not that a language model can
reproduce textbook network principles; that would
merely confirm the prompt was understood. It is
that the choice of persona acts as an undeclared
structural control on the system, that its effect
grows with model capability, and that the mech-
anism is invisible to the output logs a developer
would normally inspect. For teams building agentic
systems that position people relative to one another,
these are the actionable facts: persona text is infras-
tructure, a bigger backbone is not a safety margin,
and selection outputs must be audited alongside
selection criteria.

This reframes a known concern at a new level.
Prior critiques of LLM social reasoning operate
on single responses, the “Clever Hans” pattern
in which apparent competence rests on shallow
heuristics (Shapira et al., 2024; Ranaldi and Zan-
zotto, 2024). We show the same shortcut behaviour
imprints on emergent macro-structure: a persona

that names no demographic category still parti-
tions a population by age. Because that structure is
what users actually live inside, it is consequential
whether or not the underlying “understanding” is
genuine. We therefore argue that delegating social
mediation to LLMs requires structural red teaming:
adversarially probing not the model’s text but the
network its decisions build (Ganguli et al., 2022),
and we offer PAR and As as a first concrete instru-
ment for it.

5.1 Implications for Design and Deployment

We frame these as guidance for anyone building
an agentic system that mediates who connects with
whom: recommender agents, community match-
makers, multi-agent social simulators.

P1: A persona prompt is a structural actu-
ator A single dispositional sentence moved age
assortativity across nearly the full theoretical range
(PAR = 0.628 at 70B). The disposition a designer
writes into a system prompt silently selects a topol-
ogy and its exposure profile, so persona text should
be version-controlled and tested for structural out-
comes, not only for conversational tone.

P2: Scaling up the model is not a safety mar-
gin. The structural effect grew 15x from 8B to
70B. The common assumption that a more capable
model is a safer default is inverted here: upgrading
the backbone amplifies prompt-induced structural
bias rather than damping it. Capability gains must
be paired with structural auditing, not treated as a
substitute for it.

P3: Audit the structure and the mechanism,
not just the output. Output logs record which
candidates an agent selected; they cannot reveal
what property it selected on. Shared-Life-Stage
and Similar-Background produce nearly identical
selection logs, yet only the text probes reveal that
the former reaches the same age clustering through
a hidden age proxy rather than the emotional read-
ing its prompt requests. We propose PAR (does a
persona bias structure?), As (through what selec-
tion criterion?), and the emotion/life-stage probe
(is the stated rationale the real one?) together as
a pre-deployment audit protocol for Al-mediated
community formation.

P4: Diversity and safety are not the same
structural goal. The persona that maximises
cross-age mixing (Different-Worlds) simultane-
ously maximises unmediated adult contact for
young users: at 70B, 80% of connections made
for users aged <25 are to adults. Conversely, the



“empathic” persona (Shared-Life-Stage) produces
the deepest youth isolation (41% adult exposure)
through a hidden age proxy the designer cannot
see in the prompt. These outcomes represent op-
posite structural risks whose severity is platform-
contingent: bridging personas reduce age cluster-
ing but expose youth to unrestricted adult contact;
homophilic or empathic personas reduce that expo-
sure but deepen unsupervised peer isolation. Well-
Connected concentrates adult influence through
high-degree hubs (76% adult contact for youth);
New-Opportunities sits at a moderate 55% with no
clear directional risk.

6 Limitations, and Future Work

The main experiments use two Llama models, and
Sec. 4.2 replicates the persona ordering, the ho-
mophilic baseline, and the direction of scale ampli-
fication on Qwen-2.5 (7B, 72B) and Gemma-3-27B.
Effect magnitudes remain family-specific (Qwen’s
bridging persona does not invert to negative assorta-
tivity), and all five models are open-weight; closed
frontier families (GPT, Claude, Gemini) remain
untested. The other limitation is that candidate bi-
ographies were themselves written by a language
model conditioned on demographics, so bio text
and demographic attributes are correlated by con-
struction. As therefore measures alignment with
model-written text, which may overstate how much
a deployed system would key on free-text similarity
versus structured fields. Human-authored biogra-
phies would sharpen this measure; a validation sub-
set drawn from real-world profile corpora would
confirm that the demographic-shortcut behaviour
persists outside synthetic data generators.
Validating the audit instruments. We take two
steps toward establishing PAR and As beyond this
benchmark (Appendix I). First, the assortativity
signal that PAR summarises agrees with three es-
tablished structural audit indices, the Krackhardt—
Stern E-I index(Krackhardt and Stern, 1988), Cole-
man’s homophily index(Coleman, 1958), and Free-
man’s segregation index(Freeman, 1978) (Spear-
man p > 0.91 across all conditions). Sec-
ond, replaying the exact candidate pools from
our logs through classical pre-LLM recommenders
(content-based filtering and demographic nearest-
neighbour matching) shows the instruments trans-
fer unchanged to non-LLM systems, and yields a
benchmark: one persona sentence moves structure
across a range twice as wide as switching the entire

classical algorithm. Future work should study val-
idation on a deployed production LLM-agent rec-
ommender, where ranking, memory, and planning
modules may interact with the persona in ways our
single-agent pipeline does not capture. Moreover,
future work should investigate how adversarial at-
tacks, such as misinformation campaigns, exploit
this network formation.

Youth safety red-team probe. A direct ex-
tension of this work is to test whether the con-
necting agent can structurally detect subtle youth-
targeting signals embedded in adult profile biogra-
phies. The design would select 20 existing adult
personas (ages 30-55), replace only their biography
text with versions containing predatory language
(Hamm and McKeever, 2025) while keeping all
demographic fields identical, and measure whether
any persona systematically elevates connections
between flagged adults and youth nodes relative to
demographically matched non-flagged adults.

7 Conclusion

Engineering a mediating agent’s persona, changing
a single disposition, swings network topology mea-
surably from an identical population. We contribute
two auditing instruments, a Persona Assortativity
Range and a Persona-Driven Alignment Gap, and
argue that as LLMs mediate human connection, the
structures their personas build must be made visi-
ble, auditable, and subject to the scrutiny currently
reserved for content.

Data and Code Availability All thirty gen-
erated networks, the 500-persona synthetic
population (demographics and biographies), the
Layer-1 selection logs, and the complete analysis
pipeline (network formation, permutation tests,
semantic alignment, text probes are archived at
https://huggingface.co/datasets/
amircincy/PersonaAsInfrastructure.
The population is fully synthetic; no human-
subject data is included. Base demographic records
derive from Nemotron-Personas-USA (Meyer and
Corneil, 2025) and are redistributed under CC BY
4.0; the archive carries the same license.
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A Supplementary Figures and Tables

The Llama-only scaling detail (Figure 4), the
control-condition summary (Table 3), and the full
cross-family numbers (Table 4) are provided here.
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Figure 4: Age assortativity  per persona at two model
scales (Meta—-Llama—-3-8B-Instruct—-Lite and
Llama-3.3-70B-Instruct-Turbo)

Table 3: Control conditions and the alternative explana-
tion each rules out. All three are executed in this paper.

Condition Rules out

Permutation null Signal indistinguishable from chance

Null persona “Any sentence changes output” (content
VSs. mere presence)
Surface features: topology flips with se-

mantic direction

Antonym contrast

B Synthetic Population Demographics

The 500-person synthetic population was drawn
from the Nemotron-Personas-USA dataset and bi-
ographies generated by GPT-5.1-2025-11-13 (Ope-
nAl) conditioned on the demographic record. Ta-
ble 5 summarises the distribution. The popula-
tion spans the full age range (0-95 years), with
111 minors (22.2%, ages 0-17), making the youth
exposure analysis in Sec. 5.1 directly relevant to
real platform conditions. Age follows a near-
uniform spread by design; other attributes re-
flect US-population-proportional sampling from
the source dataset.

C Full Persona Pipeline

We sampled 500 base demographic records from
Nemotron-Personas-USA (?), retaining city, state,
ZIP, occupation, and education. Gender used the
Nemotron sex field for 96% of personas, with 4%
re-sampled as non-binary to avoid a strict binary;
race/ethnicity was drawn from U.S. Census 2020

Table 4: Cross-family replication: mean age assorta-
tivity r (three trials) on the identical population and
prompts. Persona ordering is identical in all five mod-
els; Shared-Life-Stage is strongest everywhere. The
antonym control was not run on Llama.

small large / mid

Llama Qwen GemmalLlama Qwen
8B 7B 27B  70B  72B

Persona

Shared-Life-St. 0.058 0.200 0.470 0.532 0.534
Similar-Backgr. 0.052 0.144 0.350 0.394 0.386
New-Opportun. 0.016 0.127 0.247 0.321 0.359
Well-Connected ~ 0.016 0.088 0.089 0.118 0.247
Different-Worlds  0.032 0.087 —0.127 —0.095 0.119
Antonym control — 0.166 0.447 — 0.477
Null persona 0.060 0.171 0.365 0.423 0.430
PAR 0.042 0.113 0.597 0.628 0.416

state-level marginals. Ages span 0-95 (mean 40.0,
SD 23.6), giving wide age variation for assortativ-
ity to act on. For each persona we sampled Big-
Five (OCEAN) trait values and conditioned a first-
person biography on the demographics and traits
(the traits shape fone but are never shown to the
matchmaking agents). Biographies were generated
by GPT-5.1-2025-11-13 (OpenAl) at temperature
0.9, target length 100—120 words. Matchmaking
agents see only the demographic line and the biog-
raphy text.

D Example Biography

A representative generated biography (persona #0;
demographics: 62-year-old male, physician, high-
school education, Utica NY):

“I'm Mark, a 62-year-old physician based in Utica,
New York, where I’ve spent most of my career tak-
ing care of families in a small practice setting.
I came into medicine by a less traditional route,
starting with just a high school education and
working my way up over time, which keeps me
grounded and practical in how I treat people and
make decisions. I try to listen first, explain things
in plain language, and work with patients as part-
ners, not just cases. Outside the office, I enjoy
quiet evenings, local community events, and lend-
ing a hand where I can, whether that’s checking in
on an older neighbor or volunteering at a health
fair.”

The agent is shown the demographic line followed
by this text; no numeric trait or personality score is
exposed.

E Prompt Templates

Both templates are byte-identical across all agents;
only the {philosophy} slotis substituted with



Table 5: Synthetic population demographic summary
(N = 500).

Attribute Category n %
0—17 (minors) 111 222
18-25 51 10.2
Age aro 26-35 67 134
£e group 36-50 9 19.2
51-65 95 19.0
66+ 80 16.0
Male 259 518
Gender Female 222 444
Non-binary 19 3.8
White 295  59.0
Hispanic/Latino 92 184
Race/Ethnicity =~ Black/African American 59 11.8
Asian 31 6.2
Other/Multiracial 23 4.6
Less than high school 148  29.6
Education High school diploma 111 222
Some college/Associate 122 244
Bachelor’s or above 119 238
Employed 275 55.0
Employment Not in workforce 225 45.0
Age Mean = 40.0, SD = 23.6,
range 0-95

the one-sentence persona.

Layer 1: primary matching. System message:
“You are a matchmaking assistant. You output ONLY
a list of numeric IDs. No explanations, no names,
no reasoning. Only the IDs in the exact format
shown.” User message:

Your personal matchmaking
philosophy: "{philosophy}"

A new person is Jjoining this
community. Based only on your
philosophy and the biographical
information below, choose the
{n} best connections for them.

NEW MEMBER:
{newcomer}

CANDIDATES:
{candidates}

Output ONLY the IDs of your {n}
chosen connections in this exact
format, nothing else:
IDs: [idl, id2, ...]

Layer 2: triadic closure. System message: “You
are a matchmaking assistant. You output ONLY a
comma-separated list of pair decisions ... " User
message presents friend-of-friend pairs and asks
for YES/NO per pair, again prefixed by the same
{philosophy} line. Each newcomer sees a fixed
pool of 10 candidates; agents return 2—5 connec-
tion IDs. Layer 3 adds the minimum bridge edges

needed for a connected graph with average path
length < 6.

F Permutation-Test Procedure

For each network we hold the graph topology fixed
and randomly reassign the observed age values
across nodes, recomputing Newman’s numeric as-
sortativity each time. Repeating this 1,000 times
yields a null distribution of r under the hypoth-
esis that age is unrelated to who connects. We
report the z-score of the observed r against this
null and a one-sided p-value (fraction of shuffles >
observed, with add-one smoothing). The null mean
is =~ —0.003 for all conditions, confirming the test
is unbiased. The PAR null is the analogous spread
of null means across personas; the observed PAR
exceeds it by 102x (8B) and 549x (70B).

G Temperature Robustness

We re-ran all five personas with deterministic de-
coding (temperature O, one trial per persona) at
both scales. The rank ordering of age assortativ-
ity across personas is preserved exactly versus the
main condition (temperature 0.7), ruling out the in-
terpretation that structural divergence is sampling
noise rather than a persona effect (Table 6).

Table 6: Age assortativity  under deterministic (7'=0)
vs. main (7'=0.7) decoding. Ordering preserved at both
scales.

8B 70B
Persona T7=0.7 T=0 T=0.7 T=0
Shared-Life-Stage 0.058  0.087 0.532  0.536
Similar-Background ~ 0.052  0.052  0.394  0.386
New-Opportunities 0.016  0.048 0.321 0.291
Well-Connected 0.016 0.025 0.118 0.114
Different-Worlds 0.032  0.036 —0.095 -0.137

H Emotion and Life-Stage Text Probe

To test whether Shared-Life-Stage reads emotional
content or proxies age, we scored every offered
biography on three measures and computed, per
agent, the gap between selected and rejected candi-
dates (A = selected—rejected): (1) neural expres-
siveness (1 — P(neutral) from the emotion classi-
fier of Hartmann (2022); (2) EMPATH emotional
vocabulary (Fast et al., 2016) (positive/negative
emotion, joy, sadness, anger, fear); (3) EMPATH
life-stage vocabulary (family, children, age, work,
school, marriage, friends).




Table 7: Selected-minus-rejected biography score gaps
per persona (70B). All A, are positive and significant;
all Aemo and Ajife-gage are near-zero or negative. Shared-
Life-Stage has the lowest expressiveness gap despite
asking for emotional kinship.

Persona A expr A emo A
life-stage
® ® @®
Shared-Life-Stage +0.016 ~ —0.000072 —0.000402
(2.6) (-=1.7) (—6.6)
Similar-Background ~ +0.019  —0.000109 —0.000172
(3.2) (—2.6) (—2.8)
New-Opportunities +0.031  —0.000225 —0.000588
(5.3) (—5.3) (—9.6)
Well-Connected +0.038  —0.000213 —0.000574
(6.3) (—5.6) (—10.3)
Different-Worlds +0.033  40.000078 —0.000959
(5.5) (2.0) (—16.1)

Three findings follow from Table 7. (1) All
personas show a positive expressiveness gap
(Aexpr > 0, all significant). However we need to
considered that they are generated by the GPT-5.1-
2025-11-13 model from demographic templates,
expressiveness and demographic attributes are cor-
related by construction. We cannot rule out that this
gap reflects demographic proxying with expressive-
ness as a correlated byproduct rather than genuine
bio-text reading. Human-authored or adversarially
decorrelated biographies would be needed to re-
solve this. (2) No persona selects on explicit emo-
tional vocabulary (Ao < 0 or near zero for all):
emotion words do not drive selection, regardless of
the confound above. (3) All personas avoid life-
stage vocabulary in selections (Ajife-siage < 0, all
significant): none of the agents, including Shared-
Life-Stage, picks candidates whose biographies
contain more family, children, or work language.
This negative result is robust: even if expressive-
ness were a demographic proxy, there is no mecha-
nism by which demographic proxying would pro-
duce a negative life-stage gap. Different-Worlds
shows the strongest avoidance (t = —16.1), consis-
tent with its active cross-age strategy. Shared-Life-
Stage, despite asking for “emotional life stage,” has
the lowest expressiveness gap (+0.016) and a neg-
ative life-stage gap (t = —6.6): it bypasses bio
text and routes through the demographic age field
directly.

I Benchmark Against Pre-LLM
Recommenders and Established Audit
Indices

Two analyses address whether the audit instruments
generalise beyond a single LLM benchmark.

Convergent validity with established indices.
We recompute three standard structural audit mea-
sures on every network (five personas x two scales,
means over trials), using the same age bands as
Figure 2: the Krackhardt-Stern E-I index (Krack-
hardt and Stern, 1988), Coleman’s homophily in-
dex (Coleman, 1958), and Freeman’s segregation
index (Freeman, 1978). Table 8 shows all three
track Newman’s r closely (Spearman p = 0.92,
0.93, and 0.92 respectively, p < 1073, across the
ten persona—scale conditions). PAR therefore inher-
its the construct validity of established segregation
auditing; its added value is the persona-sensitivity
axis, which none of the classical indices addresses.

Table 8: Age-band structural audit indices per persona
(70B, means over trials). E-I is inverted in sign relative
to segregation (lower = more segregated). All three
established indices preserve the persona ordering that r
and PAR capture.

Persona r E-1 Coleman Freeman
Shared-Life-Stage 0.532  0.109 0.280 0.291
Similar-Background  0.394  0.273  0.185  0.186
New-Opportunities 0.321  0.299 0.170  0.170
Well-Connected 0.118 0463 0.039  0.065
Different-Worlds —0.095 0.589 —0.039 -0.016

Pre-LLM recommender benchmark. Because
the 70B selection logs record the exact candidate
pool of every Layer-1 decision, we can replay those
identical pools through classical pre-LLM recom-
mendation algorithms and audit the resulting net-
works with the same instruments: (i) content-based
filtering, selecting the k candidates with the highest
bio-embedding cosine similarity to the newcomer;
(i1) demographic nearest-neighbour matching, se-
lecting the k nearest candidates in a normalised
feature space of age, gender, and education; and
(iii) random selection as the chance floor. Each
baseline picks the same number of connections k
as the LLM did on the same pool, and graphs are
built from Layer-1 choices only (LLM graphs re-
built from the logs identically, which is why values
differ slightly from the full-network r of Table 2).

The benchmark findings follow (Table 9).



Table 9: Layer-1-only age assortativity r on identical
candidate pools (70B logs, means over three trials).
Classical recommenders occupy a narrow, algorithm-
determined band; LLM personas span a range twice
as wide, and only an LLM persona produces negative
assortativity.

System r (Layer 1 only)
Pre-LLM: random selection 0.012
Pre-LLM: content-based filtering 0.280
Pre-LLM: demographic matching 0.314
LLM: Shared-Life-Stage 0.453
LLM: Similar-Background 0.320
LLM: New-Opportunities 0.282
LLM: Well-Connected 0.092
LLM: Different-Worlds —0.145
Across-system spread (pre-LLM) 0.302
Across-persona spread (LLM) 0.599

(1) Classical recommenders produce a fixed,
algorithm-determined level of age homophily (r =
0.28-0.31); to change it, one must change the al-
gorithm. In the LLLM system a one-sentence per-
sona spans r = —0.145 to 0.453, a range twice
the spread obtained by swapping the entire classi-
cal algorithm. (2) Shared-Life-Stage (r = 0.453)
exceeds even the demographic nearest-neighbour
recommender (r = 0.314), an algorithm literally
built to match on demographic fields: the “emo-
tional” persona clusters by age more strongly than
explicit demographic matching does.
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