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Abstract

Behaviour-change interventions unfold in social systems where people learn from others.
We develop a stylised agent-based model to examine how four canonical social learn-
ing rules — conformist transmission, informational prestige-biased copying, payoff-biased
copying and random copying — shape the impact of a simple seeding intervention. Two
arms evolve under identical conditions and learning rules, differing only in initial adop-
tion: both start with exactly 5% baseline adopters and the treatment arm additionally seeds
20% of the remaining non-adopters, yielding an exact 25% vs 5% contrast at f = 0. Across
homogeneous populations, 70/30 mixed ecologies and sweeps over the share of payoff-
biased learners, we track adoption trajectories and treatment—control lift; we also vary
payoft parameters, prestige informativeness and conformist thresholds in robustness anal-
yses. We find that the same seeding intervention can stall, drift or cascade depending on
the learning ecology. In the baseline specification, conformist dynamics exhibit threshold
effects that erase treatment gains, prestige-biased and random copying can preserve positive
final lift when diffusion remains incomplete and payoft-biased copying mainly changes the
diffusion regime rather than preserving large end-point gaps. Robustness checks show that
negative payoff premia suppress diffusion, weak or noisy payoft signals can generate treat-
ment advantages, prestige effects depend on how informative prestige is and conformist
treatment effects are concentrated in narrow threshold-boundary regions. These results
motivate policy heuristics that evaluate interventions relative to local diffusion poten-
tial, make successful outcomes visible when payoff cues matter and tailor seeding to the
prevailing mix of learning rules.

Keywords: social learning; interventions; diffusion; adoption; cultural evolution

Introduction

Behavioural public policy (BPP) has evolved from an initial focus on individual
choice architecture to a broader, system-oriented perspective attentive to spillovers,
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heterogeneity and dynamics. Meta-analytic evidence on nudges shows both promise
and variability, suggesting that average effects are modest and context-dependent
(Mertens et al., 2022). This motivates a shift from asking whether an intervention
works to why, for whom and under what social conditions (Griine-Yanoff et al., 2024;
Hallsworth, 2023; Veltri, 2026; Banerjee and Veltri, 2024) it works, consistent with dif-
fusion theory and networked thresholds (Granovetter, 1978; Watts, 2002; Centola et al.,
2018).

Two recent debates make this shift especially important. First, evidence from
large-scale nudge units and meta-analyses suggests that behavioural interventions
often produce modest and highly context-dependent effects when implemented at
scale (DellaVigna and Linos, 2022; Mertens et al., 2022). Second, the i-frame/s-
frame debate warns that BPP can become too narrowly focused on individual-level
choice architecture, while neglecting the social, institutional and normative systems
in which behaviour is embedded (Chater and Loewenstein, 2023; Connolly et al,
2025). Our approach is not to replace individual-level mechanisms with a purely
structural account, but to model the meso-level processes through which individual
learning and social context interact. Social learning ecologies are precisely such pro-
cesses: they translate local exposure, social proof, prestige and visible outcomes into
population-level diffusion dynamics.

A growing literature in BPP argues that an explicitly evolutionary perspective —
what Schimmelpfennig and Muthukrishna call the ‘fourth wave: cultural evolution-
ary behavioural science’ (CEBS) - is a natural next step (Schimmelpfennig and
Muthukrishna, 2025). CEBS explains population-level change as the product of trans-
mission dynamics, in which people use structured social learning strategies rather
than copy indiscriminately. In particular, conformity (disproportionately copying the
majority), prestige bias (copying high-status demonstrators) and payoff bias (copying
those who appear more successful), alongside baseline random copying, are expected
to dominate in different settings (Kendal et al., 2018; Jiménez and Mesoudi, 2019;
Brand et al., 2021). CEBS also foregrounds within-society heterogeneity: populations
are mosaics of overlapping cultural distributions, so the same policy lever may cascade
in one ecology yet stall or backfire in another (Molleman et al., 2014; Berg et al., 2024;
Schimmelpfennig and Muthukrishna, 2025).

Importantly for BPP, CEBS also raises governance and ethics questions (e.g. design-
ing with endogenous norm change rather than imposing it) and stresses evalua-
tion over longer horizons and beyond targeted groups - considerations our mod-
elling can surface by tracing spillovers and ceilings over time (Schimmelpfennig and
Muthukrishna, 2025). Empirical policy work already shows why these questions mat-
ter. Interventions that combine nudges with local social cohesion can outperform
standard measures in some neighbourhood contexts (Merkelbach et al., 2021), while
information interventions that seed socially recognised ‘gossips’ can diffuse more
effectively than random seeding (Banerjee et al., 2019). These studies illustrate that
behavioural policy often works through local learning ecologies rather than through
isolated individual choice alone. Before presenting our model, the ‘Cultural evolution’
section briefly reviews key concepts from cultural evolution that motivate the specific
social learning rules we study.
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We develop an agent-based model (ABM) to ask: how do different social learning
strategies condition the effectiveness of behaviour-change interventions? We compare
four canonical rules — conformist, prestige-biased, payoff-biased and random copy-
ing — under both homogeneous and heterogeneous population compositions. Our
design introduces an exact initial adoption asymmetry: both arms start from a 5%
baseline of adopters, but the treatment additionally seeds 20% of the remaining non-
adopters, producing a 20 percentage-point gap. We simulate N = 400 agents, use a
default horizon T = 150 (extended to T = 1500 for the slowest mixed ecologies
and to T = 500 for the random-dominant mixed ecology) and analyse time-resolved
adoption trajectories, final uptake and treatment-control lift.

Conceptually, the paper advances three claims. First, the effectiveness of behavioural
interventions cannot be understood without reference to the underlying learning
ecology. Holding constant the intervention, horizon and mixing structure, the same
seeding can fail, meander or cascade purely because people learn differently from one
another. Second, payoft-biased copying primarily changes the diffusion regime rather
than preserving large final treatment gaps: when payoff advantages are strongly pos-
itive, both arms can saturate and final lift collapses; when payoff signals are weak or
noisy, treatment effects may instead persist. Third, conformist and prestige dynam-
ics are highly conditional: conformity depends on the relation between seeding and
thresholds, while prestige becomes directional only when prestige is informative about
behavioural payoffs. We use these patterns to derive policy-relevant heuristics about
when to prioritise threshold crossing, visible outcomes, credible demonstrators or
broad seeding.

The contribution is therefore not to show for the first time that thresholds, cen-
tral actors or social cues matter. Rather, we place these mechanisms in a common
paired treatment-control simulation framework and ask how they change the shape
of intervention effects over time. This allows us to connect diffusion theory and BPP
evaluation: the same endpoint effect can arise from different mechanisms, and the
same mechanism can produce early lift, persistent lift or no final lift depending on
the ecology. In this sense, the model responds to calls for more mechanistic evidence
in behavioural policy (Griine-Yanoff, 2016) and for BPP research that can reason about
how behavioural agents respond to changes in the systems in which they operate (Van
Ryzin, 2021; Connolly et al., 2025).

The ‘Cultural evolution’ section reviews the cultural-evolutionary foundations of
the learning strategies we model. The ‘Methodology’ section describes the model
and simulation design. The ‘Results’ section reports results for homogeneous popula-
tions, mixed ecologies, payoft-share sweeps and robustness analyses. The ‘Discussion’
section discusses mechanisms, policy implications and limitations, and the final sec-
tion concludes the paper.

Cultural evolution

Cultural evolution is a broad, interdisciplinary framework that seeks to explain how
socially transmitted behaviours, ideas and norms change over time. Initially building
on analogies with biological evolution, it models population-level patterns as the aggre-
gate outcome of individual and social learning (Mesoudi, 2011). The field encompasses
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diverse theoretical and methodological approaches: some retain a close analogy with
biological evolution — emphasising selection, mutation and inheritance — while oth-
ers relax the analogy to focus on ecological and cognitive mechanisms that shape how
cultural traits emerge, spread and stabilise in specific environments (Sperber, 1996).
Despite this variety, cultural evolutionists share the view that cultural change results
from differential adoption, retention, transformation and transmission of informa-
tion, rather than being reducible to individual rational choice or static equilibria. In
this sense, cultural evolution offers economists and behavioural scientists a dynamic,
process-based account of how preferences, norms and innovations diffuse and stabilise.

A central insight is that people do not learn randomly from others: they deploy
social learning strategies that bias when, from whom and what they copy (Laland, 2004;
Kendal et al., 2018). These strategies (often called transmission biases) are typically
divided into content-based and context-based (Boyd and Richerson, 1988). Content-
based strategies rely on intrinsic features of traits (e.g. copying a behaviour that
appears effective or salient), whereas context-based strategies rely on properties of
the social environment independently of a trait’s intrinsic features. The latter include,
for example, conformity (copying disproportionately the majority), prestige (copying
high-status or knowledgeable individuals) and payoft bias (copying those who appear
more successful). Such heuristics can generate complex, path-dependent dynamics
even in simple environments. At the same time, there is debate about how flexibly
and pervasively these strategies are used: empirical studies suggest that social learn-
ing is often context-specific, opportunistic and intertwined with communication and
reputation management, rather than the outcome of fixed, global rules (Molleman
et al., 2014; Morin, 2016; Acerbi, 2019). Clarifying when and why people rely on par-
ticular strategies remains essential for linking micro-level behaviour to macro-level
diffusion.

ABM provides a methodological bridge between these micro-level assumptions and
population-level outcomes (Acerbi et al. 2022; Smaldino, 2023). Within cultural evolu-
tion, ABMs have illuminated phenomena from the emergence of cooperation and the
maintenance of diversity (Henrich and Boyd, 1998; Mesoudi, 2018) to the diffusion of
innovations (Mesoudi, 2011). Closest to our aims, ABMs have examined the evolution-
ary conditions under which social learning strategies arise and how different strategies
generate distinct diffusion signatures. Building on this tradition, we operationalise
conformity, prestige, payoff bias and random copying as explicit decision rules and
test how they condition the effectiveness of seeding interventions in behaviour-change

policy.

Methodology

We develop a stylised ABM to examine how the same seeding intervention can have
different impacts depending on the prevailing social learning ecology. The model is
deliberately minimal: agents are embedded in a complete-mixing environment (no
explicit network structure) and can switch between two behavioural states, non-
adoption (g; (f) = 0) and adoption (g, (t) = 1), over discrete time steps. The purpose
is not to reproduce a specific empirical case but to identify how different learning
mechanisms shape treatment—control differences under common initial conditions.
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Model overview

Each simulation compares two arms that evolve under identical conditions and learn-
ing rules:

« Control: a small baseline share of adopters at t = 0.
o Treatment: the same baseline adopters plus additional seeded adopters at t = 0.

All subsequent changes in adoption arise endogenously through social learning.

Agents follow one of four canonical learning strategies drawn from the cultural-
evolution literature: conformist transmission, prestige-biased copying, payoft-biased
copying and random copying. The baseline model compares these strategies in homo-
geneous populations, in mixed 70/30 ecologies and in payoff-share sweeps. We then
examine robustness to payoff parameters, prestige informativeness and conformist
threshold settings.

Simulation conditions

We study four families of learning ecologies.

E1l: Homogeneous populations.

All agents use the same strategy (conformity, prestige, payoff-biased copying or ran-
dom copying). These baseline conditions serve as benchmark signatures that establish
each rule’s characteristic diffusion profile under identical seeding.

E2: Mixed 70/30 ecologies.

A dominant strategy accounts for 70% of agents, while the remaining three strate-
gies each account for 10%.

E3: Payoff-share sweeps.

We vary the proportion of payoff-biased agents, pyoor € {0,0.1,...,1.0}, while
allocating the remaining share equally across the other three strategies.

E4: Robustness analyses.

We vary (i) the mean and noise of payoff advantages, (ii) the correlation between
prestige and payoff advantage and (iii) conformist thresholds, slopes, baseline adoption
and seeding rates.

Outcome measures

Let A (t) = — SN 4, (t) be the fraction of adopters at time . We focus on the time-
N i=1

resolved lift of treatment relative to control,

AA (t) = A(trt) (t) _A(ctrl) (t) 7

as well as summary diagnostics: final lift AA (T), peak lift max,AA (t) and its tim-
ing, and time-to-threshold metrics in the treatment arm (e.g. the first ¢ such that
A (1) > 0.5).
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Replication design

For each condition, we run paired Monte Carlo replications. Within each replication,
agent attributes (strategy assignment, agent-level payoff advantage, prestige and base-
line adoption) are held fixed across arms; the only difference is whether the additional
seeding is applied at ¢t = 0. Unless otherwise stated, we report means across paired
replications (for E3 and the robustness sweeps, we use R = 50 per grid point).

Simulation set-up

Population, mixing and updating

Each run uses N = 400 agents. Unless otherwise stated, the default horizon is T = 150
discrete time steps. For the mixed 70/30 ecologies (E2), we extend the horizon to
T = 1500 when conformity or prestige is the dominant strategy, and to T = 500
when random copying is dominant, to make slower convergence visible. The popu-
lation is well-mixed: when an agent samples a demonstrator, it draws from the other
N —1 agents. Updates are synchronous: all agents compute a; (¢ + 1) from information
available at time ¢.

Initial conditions and intervention

At t = 0, we randomly select exactly 5% of agents to be baseline adopters in both arms.
In the treatment arm, we then seed an additional 20% of agents from the remaining
non-adopters. This construction yields an initial adoption level of 5% in control and
25% in treatment, i.e. an exact initial gap of 20 percentage points.

Learning rules
Agents are assigned one learning strategy for the duration of a run.

Conformist transmission.
Let A (t) be the global adoption rate at time ¢. A conformist agent adopts with
probability

pconf(t) = [1 + exp (7/86 (A (t) - m))]ila

with baseline parameters 3. = 10 and m = 0.5. The agent then sets a; (t + 1) = 1 with
probability p.ne (t) and a;(¢ + 1) otherwise. Because p.op¢ (¢) is non-linear in A (¢), it
implements disproportionate copying of the majority: when A (¢) > m, the majority
trait is copied more than proportionally; when A (t) < m, it is suppressed.

Prestige-biased copying. -

Each agent i is assigned an adoption payoff advantage 8; ~ V' (4, 0% ) with baseline
values & = 0.25 and o5 = 0.15. Prestige scores are then constructed to be positively
correlated with §; (baseline correlation p = 0.60) and normalised into strictly positive
weights. A prestige-biased agent samples a demonstrator j with probability propor-
tional to prestige and copies the demonstrator’s behaviour, a; (t + 1) = a; (t). Prestige
is therefore an informational but imperfect cue to behavioural advantage.

Payoff-biased copying.
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Each period, agents receive noisy realised payofts,
m(t) = a;(t)6; + (1), (1) ~ N(0,02),

with baseline payoft noise o, = 0.25. A payoff-biased agent samples a demonstrator j
uniformly and copies the demonstrator’s behaviour with probability

-1

Pcopy (ij)= [1 + exp (_Bp (Wj (t) —m (t>>)] )

with baseline sensitivity 3, = 4. If copying occurs, the learner sets a; (t + 1) = a; (¢);
otherwise, it retains a; (¢). Because copying is based on payoft differences rather than
on an absorbing adoption state, this rule is bidirectional: agents can adopt or abandon

depending on observed payoff differences.

Random copying.
A random copier samples a demonstrator j uniformly and sets a; (t + 1) = a; (t).
All implementation and figure-generation code is provided in model32.py and is

designed to reproduce the simulation conditions and figures used in this paper.

Results
Homogeneous populations

We first consider homogeneous populations, where all agents rely on the same social
learning rule. This comparison establishes the benchmark diffusion profile associated
with each ecology. Figure 1 shows the treatment and control adoption trajectories for
the four homogeneous learning ecologies.

Random copying provides the neutral baseline. Because agents simply copy a ran-
dom peer, there is no intrinsic directional force at the individual level. Yet the initial
treatment asymmetry can persist when diffusion remains incomplete. In the baseline
simulations, random copying yields the largest persistent final lift among the homoge-
neous ecologies: control ends at E [A) (T)] = 0.061, treatment at E [A"™) (T)] =
0.267 and final lift at E [AA (T)] = 0.205 (Supplementary Table 2).

Prestige-biased populations now exhibit directional diffusion because prestige is
informative about payoff advantage. Treatment still outperforms control, but the final
gap is smaller than under random copying: control ends at 0.062, treatment at 0.225
and final lift at 0.163. The treatment effect remains positive, but prestige tends to raise
adoption in both arms rather than preserve a large treatment-control separation.

In conformist populations, diffusion again fails to take off under the baseline seed-
ing design. Because both arms remain below the threshold region of the logistic
response, adoption collapses towards zero and the final treatment effect is null.

Finally, in payoff-biased populations, the baseline parameterisation drives both
arms to full adoption by the end of the horizon. The treatment arm reaches high adop-
tion earlier, but as both arms converge to A (T) = 1, the final lift collapses to zero.
This should not be interpreted as a mechanical consequence of an absorbing adop-
tion rule: the robustness analyses below show directly that payoff-biased learners do
not necessarily diffuse the target behaviour when payoff differences are weak, noisy or
negative.
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Figure 1. Homogeneous population adoption trajectories under four social learning rules. Each panel
shows the fraction of adopters over time in the treatment arm (25% adopters at ¢t = 0) and the control arm
(5% baseline adopters) for conformist, prestige-biased, payoff-biased and random-copying populations.
Light lines display individual Monte Carlo runs; dashed lines plot the replication mean trajectory and solid
lines the replication median for each arm (N = 400, T = 150, paired seeds, 100 replications per strategy).

Mixed populations

We next turn to mixed ecologies, where one learning rule dominates (70% of agents)
and the remaining 30% is split evenly among the other three. Figure 2 presents the
treatment and control adoption trajectories for the four 70/30 mixed ecologies.

The most consequential pattern concerns random- and prestige-dominant mix-
tures. A 10% minority of payoff-biased learners does not mechanically force all mixed
ecologies to saturation. Instead, final lift depends on whether the dominant ecology
itself preserves incomplete diffusion.

Conformity-dominant mixtures still stall. Even over the extended horizon
(T = 1500), both arms remain close to zero and final lift vanishes. This sug-
gests that under the baseline threshold and seeding combination, a small minority of
non-conformists is insufficient to push the system across the conformist boundary.

Prestige-dominant mixtures behave very differently. Because prestige is now infor-
mational, both arms climb to high adoption over the long horizon: control ends at
0.896 and treatment at 0.931. The final lift is positive but modest (0.034), because
informational prestige raises diffusion in both arms.

Payoff-dominant mixtures also converge to saturation in both arms, again eras-
ing end-of-horizon lift. In contrast, random-dominant mixtures preserve the largest
residual gap, although the gap narrows when the horizon is extended. With T = 500,

Downloaded from https://www.cambridge.org/core. IP address: 79.31.108.194, on 12 Aug 2026 at 12:51:58, subject to the Cambridge Core terms of
use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/bpp.2026.10046


https://www.cambridge.org/core/terms
https://doi.org/10.1017/bpp.2026.10046
https://www.cambridge.org/core

Behavioural Public Policy 9

70/30 mixtures ( palred regllcat\onsﬁ
= Control (median) ent (median)

70/30 mix, dominant: Conformist (T=1500) 70/30 mix, deminant: Prestige (T=1500)

g
=3

o
w

o
o

Adaption Aft)
Adoption Aft)

o
=

o
1
d—

=
o

0 200 400 600 800 1000 1200 1400 600 800 1000 1200 1400
t t

70430 mix, dominant: Payoff (T=150) 70/30 mix, dominant: Random (T=500)

=
=)

=] o
o @

o
&
Adoption At)

Adaption Aft)

o
1

0.0

Figure 2. Mixed population adoption trajectories for 70/30 compositions of social learning rules. Each
panel shows the adoption paths in the treatment arm (25% adopters at t = 0) and the control arm (5%
baseline adopters) when one rule is dominant (70% of agents) and the remaining 30% is split evenly
among the other three strategies. Light lines display individual Monte Carlo runs; dashed lines plot the
replication mean trajectory and solid lines the replication median for each arm. Simulations use N = 400
agents; the horizon is T = 1500 for the conformity- and prestige-dominant panels,

T = 500 for the random-dominant panel and T = 150 for the payoff-dominant panel.

control ends at 0.689, treatment at 0.780 and final lift is 0.091. In this ecology, the treat-
ment advantage persists because background diffusion remains incomplete in control,
but longer observation shows gradual catch-up.

We therefore use T = 1500 for the conformity- and prestige-dominant panels, T =
500 for the random-dominant panel and T = 150 for the payoff-dominant panel.

The time-resolved treatment effect, AA(t), again exhibits distinctive temporal sig-
natures across ecologies (Supplementary Material). In homogeneous populations,
payoff-biased learning produces a pronounced early pulse that vanishes as both arms
saturate, whereas random copying preserves a more stable lift profile and prestige
accumulates lift more gradually. In mixed ecologies, the same logic applies: payoff-
dominant systems show large early gains but almost no final lift, random-dominant
systems preserve the largest residual gap but show gradual catch-up when followed to
T = 500, prestige-dominant systems build lift slowly and retain a modest end-point
advantage and conformity-dominant systems remain close to zero throughout.

Varying the share of payoff-biased learners

We next vary the share of payoff-biased learners in otherwise mixed populations. For
each grid value pp, o € {0.0,0.1, ..., 1.0}, the remaining 1 —p,,,,o fraction of agents is
split equally among conformist, prestige-biased and random-copying learners. Figure 3
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Figure 3. Payoff-share sweep. Mean final adoption in control and treatment, A™) (T) and A" (T), and
mean final lift AA (T), as a function of the payoff-biased share pp,, . For each pp, o, the remaining

1 — ppayotr Share is split equally among conformist, prestige-biased and random-copying learners.
Lines/markers show replication means (paired across arms).

reports mean final adoption in treatment and control, together with mean final lift
AA(T).

The aggregate sweep reveals a narrow transition region. When pp,o¢ = 0 or 0.1,
both arms remain near baseline. At p,,or = 0.2, adoption rises but remains incom-
plete, and final lift reaches its maximum in the aggregate sweep (E [AA (T)] ~ 0.019).
BY Ppayot = 0.3, both arms are close to saturation (0.990 vs 0.995), and final lift has
already compressed again (0.006). Beyond this point, both arms converge towards full
adoption and the end-of-horizon gap vanishes.

The main implication is that payoft-biased learners in this model primarily shift the
diffusion regime rather than preserve large final treatment effects. They can move a
system from low adoption to near-complete adoption, but once both arms cross that
transition region, the intervention’ final advantage collapses. Supplementary Figure 6
shows that this aggregate pattern masks substantial ecological heterogeneity: two-
strategy sweeps against conformity, prestige and random copying have very different
transition locations and gap profiles.

Robustness to payoff, prestige and conformity parameters

The baseline results above rely on one parameterisation of payoff-biased copying, infor-
mational prestige and conformist thresholds. To assess how much of the narrative
depends on those specific values, we varied the key parameters governing each mech-
anism. For readers less familiar with simulation terminology, this section treats the
model as a map from assumptions to outcomes: we change one or two parameters at a
time and examine whether adoption remains low, reaches saturation in both arms or
produces a treatment-control gap.
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First, the payoft robustness sweep (Supplementary Figure 7) shows that the effect of
payoff-biased learners depends strongly on the payoft environment. When the average
adoption payoff premium is negative (§ = —0.25), both arms remain at zero regardless
of payoff noise. When the premium is strongly positive (§ > 0.25), both arms saturate
and final lift collapses. The largest final lift appears when average payoft differences are
weak or neutral but noisy: for § = 0 and payoff-noise SD 0.5, control ends around
0.319, treatment around 0.734 and final lift reaches 0.415.

Second, the prestige robustness sweep (Supplementary Figure 8) shows that prestige
effects depend on how informative prestige is about behavioural advantage. Final lift
remains positive across the tested prestige—payoff correlations, but its magnitude is not
monotonic: in the present parameterisation, lift varies from about 0.117 to 0.233. The
key point is not monotonicity but that prestige becomes directional only when prestige
carries informational content.

Third, the conformity robustness sweeps (Supplementary Figures 9 and 10) show
that the baseline conformist stall is only one point on a broader threshold surface.
By a threshold surface, we mean the set of outcomes generated by different combina-
tions of baseline adoption, seeding, threshold location and response steepness. In the
threshold-seed grid, most combinations yield zero final lift, but large effects appear
near threshold boundaries; for example, with baseline adoption 0.10, seeding 0.30 and
threshold 0.40, final lift is 0.975. In the slope-threshold grid, almost all combinations
again yield zero lift except a narrow region with a low threshold and very steep con-
formity response (e.g. 8, = 20, threshold 0.30, final lift 0.818). In plain terms, the
system behaves as if it has a boundary between two regimes: on one side, both arms
stall, and on the other side, both arms diffuse. Large treatment effects appear only near
that boundary, where the treatment arm can cross the threshold while the control arm
does not. The conformist result is therefore best interpreted as a phase-boundary effect
rather than a generic property of conformist transmission.

Discussion

Our simulations support three general conclusions. First, the effectiveness of a
behavioural intervention is inseparable from the social learning ecology in which
it is deployed: the same seeding intervention can fail, drift or cascade depending
on whether diffusion is driven mainly by conformity, prestige, payoff cues or ran-
dom copying. Second, payoft-biased learning should not be understood as a generic
source of persistent treatment lift. Instead, it changes the diffusion regime: negative
payoff signals suppress adoption, weak or noisy payoft differences can create treatment
advantages and strongly positive payoffs drive both arms to the same high-adoption
state. Third, conformity and prestige are conditional mechanisms: conformity depends
acutely on threshold placement relative to seeding, whereas prestige matters only when
it carries information about behavioural value.

A first contribution is therefore methodological. By analysing treatment and control
trajectories over time, the model shows that social learning ecologies leave distinc-
tive dynamic fingerprints in AA (t). Payoff-biased systems exhibit early spikes that
compress as both arms converge; prestige-biased systems can build lift gradually
when prestige is informative; random copying preserves lift when diffusion remains
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incomplete; and conformist systems can be almost inert except near threshold bound-
aries. These signatures should be interpreted as stylised rather than diagnostic in any
strong empirical sense, but they clarify why endpoint-only evaluations can miss where
interventions are doing most of their work.

This implication is directly relevant to current debates about the efficacy of
behavioural interventions. If effects are modest on average, one response is to ask
whether interventions are too weak; another is to ask whether they are being eval-
uated without sufficient knowledge of the social mechanism through which they
spread. Our results support the second interpretation. To infer a local learning ecology;,
policymakers would need longitudinal uptake data, process evidence about who
observes whom and contextual knowledge about which actors are credible, which out-
comes are visible and whether the target behaviour is locally rewarded or normative. In
this sense, the model does not provide a direct diagnostic test, but clarifies what kinds of
evidence would be needed to move from endpoint evaluation to mechanism-sensitive
policy design (Griine-Yanoft, 2016; Van Ryzin, 2021).

A second insight concerns heterogeneity. The mixed ecologies and the payoff-share
sweep show that minority payoff-biased learners can matter disproportionately, but not
in a simple monotonic way. Final lift is concentrated in transition regions: once enough
payoff-biased learners are present to push both arms towards saturation, the end-of-
horizon treatment advantage quickly disappears. This is why the aggregate payoft-share
sweep peaks only narrowly around py,, . ~ 0.2 and collapses by 0.3, even though total
adoption continues to rise.

These findings also clarify how prestige should be interpreted. Informational pres-
tige is a directional but noisy cue to behavioural value. That makes prestige-dominant
ecologies substantively interesting for policy: targeting high-prestige demonstrators
can raise uptake in both arms, but final treatment lift depends on whether prestige
is informative enough to create faster diffusion in treatment without simply saturating
the system.

Conformity, meanwhile, should be handled as a threshold-sensitive mechanism.
The baseline result illustrates a threshold stall under the chosen seeding design, but
the robustness analyses show that the conformist treatment effect is highly parameter-
sensitive. This suggests that conformist-heavy settings are not best characterised by a
single expected outcome; rather, they are settings in which the intervention designer
should worry about where the population sits relative to local tipping points.

These dynamics support conditional policy guidance. Table 1 summarises the
implications.

Beyond the specific guidance summarised in Table 1, our results clarify a more gen-
eral point: in designing behavioural policy interventions, the relevant unit of design
is not only the individual decision-maker but the population-level learning ecology.
Different ecologies imply different design logics. In threshold-sensitive settings, inter-
ventions must push populations across a boundary; in prestige-rich settings, they must
leverage credible demonstrators; in payoff-oriented settings, they must make outcome
signals visible; and in random or weakly structured ecologies, they may need broad
rather than highly targeted seeding.

This also places the model between the i-frame and s-frame positions in recent
debates about BPP. A social learning ecology is not merely an individual bias, nor is
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Table 1. Strategy-specific guidance for intervention design under Model 32

Population type Recommended intervention Expected effect
Conformist-heavy Diagnose local thresholds; alter per- Threshold-sensitive; often nil
ceived majorities or seed above the unless near a tipping point
threshold
Prestige- Target genuinely informative/presti- Moderate but variable; raises
dominant gious demonstrators adoption in both arms
Payoff-oriented Make outcomes visible and attributable Regime change and faster diffu-
sion; final lift often collapses at
saturation
Mixed/Random Broad seeding and reinforcement Persistent lift when background

diffusion remains incomplete

it a fully institutional policy instrument. It is a meso-level mechanism linking individ-
ual updating to system-level diffusion. The framework therefore suggests one way in
which behavioural science can contribute to s-frame policy questions: not by treating
nudges as substitutes for structural change, but by analysing how social proof, prestige
and payoft visibility mediate the implementation and uptake of broader interventions
(Chater and Loewenstein, 2023; Hallsworth, 2023; Connolly et al., 2025).

Finally, our analysis raises governance and ethical considerations. Social learning
rules are not neutral policy levers: influencing conformity, prestige or payoft cues
shapes which behaviours become normative, whose outcomes are highlighted and
whose status is amplified. If prestige is tied to existing inequalities, prestige-based
interventions can reinforce them. If payoff cues are selectively visible, payoff-oriented
interventions can privilege some experiences over others. Different ethical perspectives
would emphasise different constraints. A welfare-oriented view would ask whether
manipulating social cues improves outcomes without excessive distributional costs. An
agency- or boosting-oriented view would emphasise transparency and citizens’ abil-
ity to understand and contest the cues being amplified (Hertwig and Griine-Yanoft,
2017). A democratic or institutional perspective would ask who decides which out-
comes count as ‘payoffs, whose prestige is amplified and whether conformity-oriented
interventions suppress valuable minority behaviours (Lepenies and Matecka, 2018;
Fabian and Pykett, 2022). Embedding cultural-evolutionary behavioural science in
public policy therefore requires pairing dynamical analysis with normative criteria
such as fairness, transparency and participation.

The model remains deliberately simplified and should be read as a proof-of-concept
rather than a calibrated account of any specific policy domain. We retain complete
mixing, no explicit institutional structure and no endogenous evolution of learning
strategies. Even so, the robustness analyses make clear that the main qualitative les-
son survives these simplifications: intervention effects depend jointly on how people
learn from others, how informative those social cues are and where the population sits
relative to the transition boundary between stagnation and diffusion.
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Conclusions

The central implication of our results is that the effectiveness of behavioural interven-
tions cannot be evaluated independently of the learning ecology in which they are
deployed. The same seeding intervention can produce near-zero final effects under
conformity, moderate persistent lift under prestige or random copying, or large total
adoption with almost no residual final lift under payoff-biased copying. Diffusion
potential is therefore not an intrinsic property of the intervention alone; it is an
emergent property of the interaction between seeding and social learning.

A second implication concerns the role of payoft cues. Payoff-biased copying does
not simply guarantee adoption. Instead, it changes the diffusion regime conditional
on the payoft environment. Negative payoff premia suppress diffusion; weak or noisy
payoff cues can generate sizable treatment advantages; strongly positive payoff premia
move both arms to the same high-adoption state and therefore erase end-point lift.
For policy, this means that making outcomes visible is potentially powerful, but only if
those outcomes are genuinely favourable and interpretable by observers.

A third implication concerns robustness. The present results show that several
intuitive claims about learning ecologies need to be stated conditionally. Prestige mat-
ters only when it is informative; conformity effects are highly sensitive to threshold
placement; and final treatment lift can be largest not where diffusion is strongest, but
where background diffusion remains incomplete. This reaffirms the value of time-
resolved evaluation: interventions may matter most by changing the speed and regime
of diffusion, rather than by creating durable end-point gaps.

Future work can extend this framework along several dimensions. First, relaxing
the complete-mixing assumption would allow us to explore heterogeneous network
structures (e.g. clustered, scale-free or multiplex graphs) and how they interact with
different social learning rules. Second, rather than fixing a one-shot 25% vs 5% seed-
ing contrast at t = 0, future work could treat seeding magnitude, targeting and timing
as design variables. Third, adaptive interventions - in which policymakers update seed-
ing or messaging in response to intermediate outcomes — would bring the simulations
closer to real-world iterative programming. Fourth, heterogeneous ecologies with-
out payoff-biased learners, for example mixtures of conformity, informational prestige
and random copying only, would help isolate what payoft cues add relative to other
forms of social transmission. Finally, linking adoption outcomes to simple cost met-
rics would make it possible to compare the cost-effectiveness of threshold-focused,
prestige-based, payoff-oriented and broad-seeding strategies on a common footing.
More broadly, the model points to a BPP agenda that treats social learning as part
of the policy environment itself: behavioural interventions may be individual-facing,
but their effectiveness often depends on s-frame conditions such as social networks,
institutional credibility and the visibility of outcomes.

Supplementary material. To view supplementary material for this article, please visit https://doi.org/10.
1017/bpp.2026.10046.

Data and code availability. All data and code used in this study are available at the OSF link: https://doi.
org/10.17605/OSEI0/BPD8?7.
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