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ABSTRACT

This paper investigates how heterogeneous adoption of environ-
mental accounting standards generates information asymmetries
that propagate through interconnected small and medium enter-
prise networks, creating emergent systemic vulnerabilities. We
develop an agent-based model simulating hundreds of SMEs across
multiple sectors, where firms adapt to climate stress based on dif-
ferential access to environmental risk information. Our simulation
framework captures the co-evolution of climate impacts, adaptation
investments, and information diffusion through supply chain and
credit network layers. Through extensive experiments, we iden-
tify a critical "valley of vulnerability" phenomenon where partial
adoption of climate risk assessment tools temporarily increases
systemic fragility before improving resilience. Spectral analysis
reveals characteristic oscillation patterns in cascade dynamics that
dampen with increased adoption. Robustness checks confirm this
valley phenomenon emerges only when information signals are suf-
ficiently precise to create behavioral divergence between informed
and uninformed agents. Our findings challenge assumptions about
gradual technology diffusion and provide quantitative insights for
understanding information externalities in complex economic sys-
tems.
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1 INTRODUCTION

Climate change poses unprecedented challenges to economic sys-
tems, particularly for small and medium enterprises (SMEs) that
comprise over 99% of European businesses and employ 65 million
people. While large corporations increasingly adopt sophisticated
environmental accounting systems, SMEs face significant barriers
to climate risk assessment [15, 24], creating a heterogeneous infor-
mation landscape that may amplify rather than mitigate systemic
vulnerabilities. This paper examines how the partial adoption of
Green Accounting and Business Analytics (GABA) standards gener-
ates information contagion effects through interconnected business
networks, potentially creating systemic risks that exceed the sum
of individual exposures.

The core insight driving our investigation is that information
asymmetries in climate risk perception create behavioral exter-
nalities that propagate through supply chain and credit relation-
ships [12, 28]. When only a subset of firms possesses accurate cli-
mate risk information, their adaptation decisions may inadvertently
mislead less-informed neighbors, triggering cascading failures that
would not occur under either complete ignorance or full informa-
tion transparency. This phenomenon, which we term “information
contagion,” operates through network channels where firms infer
climate risks from their partners’ observable actions rather than
accessing primary climate data [1].

We develop an agent-based model that captures the co-evolution
of climate stress, adaptation investment, and information diffusion
across a network of 200 SMEs calibrated to European sectoral data.
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Each agent optimizes adaptation investments based on perceived
climate risks, which depend on both their information capabilities
(GABA adoption status) and signals received from network neigh-
bors. The model incorporates realistic features including sectoral
heterogeneity, multi-layer networks (supply chain and credit re-
lationships), bounded rationality in risk perception, and spatially
correlated climate shocks.

Our simulation experiments reveal two key findings. First, the
relationship between GABA adoption and systemic resilience is
non-monotonic, with partial adoption (1 € [0.25,0.5]) generating
higher systemic capital losses than either minimal or complete
adoption. Second, spectral analysis of resilience trajectories shows
that information heterogeneity induces system-wide oscillations
with characteristic frequencies around 5 months, which are pro-
gressively damped as adoption increases.

2 RELATED WORK

The intersection of climate risk, information asymmetry, and net-
work contagion builds on three distinct literature streams. Financial
contagion models, pioneered by Allen and Gale [3] and extended by
Acemoglu et al. [2], demonstrate how network topology determines
whether shocks remain localized or trigger systemic failures. Re-
cent work by Xu [29] extends these frameworks by incorporating
partial information in default cascades, while Peng and Zhang [22]
examine how awareness-dependent behavioral adaptation affects
contagion on multiplex networks. However, these models typically
assume homogeneous information quality within informed sub-
sets and focus on balance sheet contagion rather than behavioral
adaptation. Our work extends this framework by incorporating
heterogeneous information capabilities and endogenous adaptation
decisions.

Climate economics literature, notably integrated assessment
models by Nordhaus [21] and Stern [25], provides damage func-
tions linking temperature increases to economic losses. Recent work
by Hsiang et al. [13] emphasizes spatial heterogeneity in climate
impacts, while Burke et al. [6] document non-linear temperature-
productivity relationships. These macro-level analyses, however,
abstract from firm-level adaptation decisions and information con-
straints that characterize SME responses to climate stress.

Agent-based modeling of climate adaptation has gained traction
following Farmer et al’s [11] call for complexity approaches to cli-
mate economics. Naumann-Woleske [20] provides a comprehensive
review of agent-based integrated assessment models as alternatives
to traditional equilibrium frameworks, highlighting their advan-
tages in capturing heterogeneous agents and policy mixes. Lawyer
et al. [17] review ABM applications to climate adaptation, empha-
sizing their utility in exploring emergent patterns at local scales.
Lamperti et al. [16] model climate-economy feedbacks with het-
erogeneous agents, while Coronese et al. [10] specifically address
SME vulnerabilities but assume perfect climate information. Our
contribution lies in explicitly modeling information asymmetries
and their network propagation effects.

The environmental accounting literature documents substantial
heterogeneity in climate risk assessment capabilities. TCFD [27] re-
ports that only 24% of European SMEs have adopted formal environ-
mental accounting, creating what Christophers [9] terms “climate
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information inequality.” Empirical studies by Hsu et al. [14] find
that firms with better environmental disclosure show improved cli-
mate resilience, but network spillovers remain unexplored. Recent
work emphasizes barriers to adoption including data inconsistency,
lack of standardization, and resource constraints particularly acute
for SMEs [15, 24].

Information asymmetry in supply chain networks has been
shown to affect risk allocation and resilience in multiple contexts.
Hou and Lu [12] demonstrate how information asymmetry and risk
aversion interact to produce non-obvious risk allocation outcomes,
while Wu and Pu [28] specifically address carbon information asym-
metry and its implications for collaborative emission reduction. The
social learning literature, particularly work on technology adop-
tion through networks [1, 4], provides theoretical grounding for
how firms infer risks from network neighbors’ behaviors rather
than direct observation. Our model operationalizes these informa-
tion disparities and traces their systemic consequences through
calibrated simulations.

Critically, our finding of non-monotonic adoption effects chal-
lenges classical innovation diffusion theory. Rogers [23] established
the dominant framework assuming monotonic and beneficial pro-
gression of adoption. Recent work by Biancotti and Ciocca [5] sug-
gests similar counter-intuitive patterns in cyber-financial systems,
where mass adoption of simple technologies can increase systemic
risk more than selective adoption of advanced technologies, hinting
at non-monotonic effects that emerge from information heterogene-
ity in complex systems.

3 MODEL ARCHITECTURE

We model a directed multi-layer network G = (V, &) where V
represents N = 200 SME agents and & denotes weighted business
relationships across supply chain and credit layers. Each agent
i maintains state variables for capital K;(t), climate stress T;(t),
and adaptation level «;(t), with GABA adoption status 6; € {0,1}
determining information quality. The network structure captures
empirically-grounded features of European SME ecosystems, includ-
ing power-law degree distributions [8, 30] and sectoral clustering.

Although we calibrate to European SME ecosystems for con-
creteness, the framework is modular by design. Network topology
(degree distribution, clustering coefficients, layer weights), sec-
toral parameters (composition, inter-sectoral trade flows), and in-
teraction structures (damage functions, information channels) are
all specified via configuration inputs rather than hard-coded. The
core mechanism under study (information asymmetry propagation
through heterogeneous networks) is not specific to SMEs or to cli-
mate stress, and the same architecture can be re-parameterized for
other settings where partial technology adoption creates behavioral
divergence among interconnected agents.

3.1 Agent Dynamics
Capital evolution follows:
dK;

I 1)

where s; is the firm-specific savings rate, § is capital depreciation,
D; is climate damage (defined below), and I;(¢) is the firm’s adapta-
tion investment (detailed in Section 3.3). Production Y; = AiK?'33

=5;Y;(t) = 6K;(t) — Di(T;, a;, Ki) — Ii(t)
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uses Cobb-Douglas technology with diminishing returns to capital.
Climate damage takes the quadratic-exponential form:

Di(Ty, i, Ki) = K; - [1 = exp(=0T)] - (1= fa)”  (2)
The damage intensity coefficient « = 0.033 is calibrated to match
IPCC projections of 3.3% annual damages by 2050 under moderate
warming scenarios [13]. The adaptation effectiveness parameter
B = 0.5 and elasticity v = 1.2 reflect empirical estimates of defen-
sive investment efficacy [18, 19, 26]. This functional form captures
accelerating climate damages at higher stress levels while allowing
adaptation to partially mitigate these losses.
Climate stress accumulates through firm-level emissions, ex-
ogenous shocks, and natural decay, partially offset by adaptation
investments:

dT;

E = ein(t) + §i(t) - ,LlTTi(t) - KO!? (3)

where ey = 0.02 represents the emissions-output ratio, p7 = 0.1
captures natural stress dissipation, and the adaptation mitigation
term uses k = 0.1, = 1.5 to model non-linear effectiveness of
defensive measures. Stochastic shocks &;(t) ~ N(0, U?limate) with
Oclimate = 0.05 represent spatially and sectorally correlated climate
events, generated via Cholesky decomposition of the correlation
matrix:

geo
d'j

pij = €xp (—l— (4)

[sector

B d?;ctor
[geo

with length scales fyeo = 100 km and fsector = 1.5 calibrated to
regional climate data.

Adaptation capital evolves according to:

% = ¢L(t)Y - Lai(1) (5)
t

where investment efficiency ¢ = 0.5, elasticity ¢ = 0.8, and de-
preciation rate { = 0.05 determine the accumulation dynamics. This
specification embeds diminishing returns to adaptation investment
and gradual obsolescence of defensive measures.

The dynamics above are purely mechanical: under identical in-
formation, all firms would respond similarly to any level of climate
stress. What differentiates outcomes across the network is how
firms perceive that stress, a process governed by the information
architecture described next.

3.2 Information Architecture

Agents perceive climate risk through noisy signals whose precision
depends critically on GABA adoption. The perceived risk 7;(t) €
[0, 1] updates according to:

ﬂi(t) = (l - }/) [eiﬂ}ocal(t) + (1 - ei)n;letwork(t)] + YThaseline (6)

Equation 6 encodes the central information asymmetry. GABA
adopters form beliefs from direct climate measurements (n}oc"‘l),
while non-adopters must infer risk indirectly from their business
partners’ observable financial performance (ﬂ{’etwork), a much nois-
ier channel. The decay term ympaseline Captures agents’ tendency
to revert toward a baseline prior (7p,seline = 0.5) in the absence of

fresh signals, with y = 0.3 governing the speed of this reversion.
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where the decay rate y = 0.3 governs regression toward a base-
line prior mhaseline = 0.5.

For GABA adopters (0; = 1), local signals combine direct climate
observations with analytical tools:

T:
”bcal — i

! 6GABA

GABA -1
t€ Y ~ N(0,7Grp4)

@)

with precision 7gaga = 4.0 (equivalent to standard deviation
0.5). In practical terms, higher r means the GABA signal tracks
true climate stress more faithfully, allowing adopters to calibrate
adaptation investments with greater confidence. Non-adopters (¢; =
0) rely on network inference [1], aggregating performance signals
from business partners:

Tmax

network _ ~ 1
i - Z Wi 1+ exp(—pAKj)
JEN; J
where w;; = wij/Y ke n; Wik represents normalized influence
weights combining supply chain (wgyppty = 0.6) and credit relation-
ships (Weredit = 0.4), AKj = K;(t) — K;(t — 1) captures recent capital
changes, and p = 5.0 governs the sensitivity of belief formation
to neighbor performance. This formulation embeds bounded ratio-
nality: agents cannot distinguish signal quality from partners and
attribute capital losses to climate stress even when caused by other
factors.

To illustrate: if firm j suffers a capital loss due to a supply
chain disruption unrelated to climate, its non-adopting neighbor i
nonetheless interprets this as evidence of elevated climate risk and
adjusts its own adaptation investment accordingly. This attribution
error is the micro-level mechanism through which information
contagion originates. When many non-adopters simultaneously
misread their neighbors’ capital fluctuations, the resulting over- or
under-investment propagates through the network as a cascade.

®)

3.3 Adaptation Optimization

While the full optimization problem involves solving the Hamilton-
Jacobi-Bellman equation for the value function V;(K;, T;, a;; 7;) [7],
computational constraints for large-scale experiments necessitate a
tractable approximation. We implement a calibrated heuristic that
captures key behavioral patterns while reducing computational
cost by approximately 50x:

Il* = min {Li, Li . ryi(O.ési + 0-491‘) + O.lKigi} (9)
where available liquidity L; = ¢;K; imposes a budget constraint
with ¢; = 0.4. The normalized stress signal s; = T;/(1 + TieXp) uses
expected stress Tpr to temper extreme values, while the adaptation
gap g; = max{0, a(s;) — «;} compares current adaptation against
a target level a(s;) = clip(0.2 + 0.5s;,0, 1). Agent-specific adapta-
tion propensity 1; introduces behavioral heterogeneity, with values
drawn from N (1.0, 0.22) truncated to [0.5,1.5].

The heuristic allocates a liquidity share weighted 60% by current
stress and 40% by the adaptation gap, plus a capital-proportional
boost for under-adapted firms. This rule tends to produce more
conservative adaptation investments than full optimization but
preserves the qualitative stress-response relationship essential for
studying information contagion effects. Robustness checks (Proto-
col 5, Section 4) confirm that alternative decision rules (stress-only
triggers, payoff-threshold comparisons) modulate valley depth but



Research Paper Track

do not eliminate the core phenomenon, demonstrating that findings
are robust to micro-level behavioral specifications. The heuristic
can be toggled to the full HJB solver via configuration for validation
purposes.

4 EXPERIMENTAL DESIGN

Our experimental framework employs a fractional factorial design
optimized for local workstation computation, systematically vary-
ing GABA adoption rates A € {0,0.125,0.25,...,1.0} (9 levels) and
climate intensity w € {0.025,0.04} (2 levels). Each configuration
runs 20 Monte Carlo replications with distinct network realiza-
tions but consistent sectoral composition calibrated to Eurostat
data, yielding 360 baseline simulations. Each simulation spans 120
months with time step At = 0.25 months, using 4th-order Runge-
Kutta integration for state evolution.

4.1 Network Generation and Calibration

Network generation follows a multi-layer approach capturing em-
pirical SME network structure. Agents are first assigned to sectors
(manufacturing, services, construction, agriculture) following Eu-
ropean SME distribution. Supply chain edges use a configuration
model with power-law degree distribution P(k) ~ (k+2)~2* within
sectors [8], plus preferential attachment across sectors weighted
by inter-sectoral trade flows. Credit relationships follow a spatial-
sectoral proximity model:

; 1
P(efredit = 1) = 10
( Y ) 1+ exp(ap + aid;j + azi[s; # s;]) (10)

where d;; represents geographic distance and ¥[s; # s;] penal-
izes cross-sector credit links.
Initial GABA adoption follows a logistic model incorporating
capital and network position:
P(0; = 1) = [1 +exp(=fy — pilog Ki — foki)] ! (11)
with coefficients f calibrated via grid search to achieve target
adoption rate A while matching the empirical finding that larger,
better-connected firms adopt preferentially. Initial capital stocks
are drawn from log-normal distributions log K; ~ N (us, 0%) with

sector-specific parameters matching Eurostat SME size distribu-
tions.

4.2 Experimental Protocols

Protocol 1 (Main Effects): Two-way factorial design crossing
adoption rates and climate intensity. Systemic capital loss serves
as the primary response variable, with information entropy and
adaptation efficiency gap as secondary outcomes. Two-way ANOVA
isolates main effects and interactions.

Protocol 2 (Cascade Analysis): For adoption levels that A €
{0.10,0.24,0.50,0.75}, we inject uniform stress shocks of magni-
tude 20climate at t = 60 months, sustaining for 12 months before
linear recovery over 12 months. This protocol runs 20 replications
per adoption level. We compute resilience metrics including nor-
malized drop, recovery time, resilience area-under-curve, spectral
characteristics via FFT of resilience trajectories, loss duration above
baseline, and peak systemic capital loss.

Protocol 3 (Adoption Strategies): Eight targeting heuristics
(random, degree, betweenness, eigenvector, sector, low-clustering,
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Table 1: Two-Way ANOVA for Systemic Capital Loss

Source Sum ofSq. df F-stat p-value
GABA adoption (1) 1.497 5 18,320 < 10739
Climate intensity (w) 0.000163 1 10.0 0.002
Residual 0.00381 233 — -

exposure-liquidity, climate-risk) pre-seed GABA adoption before
simulation. Twenty replications per strategy enable one-way para-
metric ANOVA on max resilience drop and resilience AUC.

4.3 Robustness and Validation Protocols

To ensure robustness of our core findings, we conduct extensive
sensitivity analyses across multiple dimensions:

Protocol 4 (Scale Invariance): Test whether results hold across
network sizes N € {100, 200, 500} crossed with adoption levels A €
{0,0.375,0.5,0.625,0.75, 1.0}. Two-way ANOVA assesses whether
agent count influences systemic outcomes or interacts with adop-
tion effects. Five replications per cell yield 90 simulations.

Protocol 5 (Decision Heuristics): Evaluate three decision
modes (baseline heuristic, stress-only trigger, payoff-threshold com-
parison) across the same adoption grid. Two-way ANOVA (heuristic
X adoption level) tests whether behavioral assumptions affect valley
depth. Five replications per cell yield 90 simulations.

Protocol 6 (Heuristic Parameters): Perturb baseline weights
and propensities by +20%. Stress weights € {0.48,0.60,0.72} and
propensity multipliers € {0.8,1.0,1.2} create a 3x3 parameter grid
crossed with adoption levels. This sweep assesses numerical stabil-
ity of the valley phenomenon.

Protocol 7 (Information Quality): Vary GABA signal precision
TGABA € {2.0,4.0,6.0} crossed with adoption levels. This stress test
identifies boundary conditions for valley emergence by modulating
the strength of information asymmetry. We hypothesize that low-
precision signals (7 = 2.0) may eliminate the valley by reducing
behavioral divergence between informed and uninformed agents.

All robustness protocols use aligned seeds across conditions to
enable direct comparison. Together, these validation checks span
360 additional simulations beyond the 360 baseline runs, for a total
experimental corpus of 720 simulations requiring approximately
72 hours on an 8-core workstation.

5 RESULTS
5.1 Non-Monotonic Adoption Effects

To isolate the relative importance of each experimental factor, we
use analysis of variance (ANOVA), which decomposes total varia-
tion in the outcome into contributions from each factor; the result-
ing F-statistic measures the ratio of between-group to within-group
variance, with larger values indicating stronger effects.

Analysis of variance reveals that GABA adoption rate dominates
systemic outcomes (F(s5233) = 18,320, p < 10739, while climate
intensity provides secondary amplification (F(1233) = 10.0, p =
0.002). Table 1 presents the two-way ANOVA for systemic capital
loss, our primary outcome measure.
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Figure 1: Valley of vulnerability in systemic capital loss. The
inverted-U relationship between GABA adoption rate and
systemic capital loss demonstrates that partial adoption tem-
porarily increases systemic fragility before improving re-
silience.

Table 2: Mean Systemic Capital Loss by Adoption Rate and
Climate Intensity

Systemic Capital Loss

A w=0.025 =010 Mean
0.000 0.691 0.691 0.691
0.375 0.758 0.757 0.758
0.500 0.744 0.743 0.743
0.625 0.731 0.727 0.729
0.750 0.717 0.715 0.716
1.000 0.524 0.522 0.523

As shown in Figure 1 and Table 2, systemic capital loss exhibits
a pronounced inverted-U relationship with adoption rate, peaking
at A = 0.375 with mean loss of 0.758 compared to 0.691 at zero
adoption and 0.523 at full adoption.

This non-monotonic pattern emerges from competing mecha-
nisms. At low adoption rates, most firms share similar (poor) infor-
mation quality, leading to coordinated but suboptimal adaptation.
As adoption increases to intermediate levels, information hetero-
geneity peaks. Though entropy decreases from 0.341 at A = 0 to
0.165 at A = 0.375 (Table 3), this intermediate state represents
maximum behavioral divergence between GABA adopters and non-
adopters rather than information disorder. The partial adopters
create misleading signals: informed firms under-invest due to free-
riding expectations while uninformed firms over-rely on distorted
network signals. Only at high adoption rates does information con-
vergence restore coordination, with entropy approaching zero at
A=1.0.

The adaptation efficiency gap mirrors this pattern, peaking at
2.63 for A = 0.375 before declining to 1.02 at full adoption, indi-
cating that partial adoption generates the greatest misallocation
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Table 3: Information Entropy and Adaptation Efficiency Gap

Outcome Measures

A Info. Entropy  Adapt. Eff- Gap
0.000 0.342 1.96
0.375 0.165 2.63
0.500 0.130 2.60
0.625 0.098 2.56
0.750 0.066 2.53
1.000 < 0.001 1.02

Table 4: Cascade Resilience Metrics by Adoption Level

Spectral Recovery Metrics
A FFT  ARuorm Tr(90%) AUC Tress Bounce
0.10 13.8 0.211 1.10 738 3.17 0.925
0.24 12.6 0.219 1.16  6.70 3.11 0.922
0.50 10.3 0.240 136 534 280 0.914
0.75 8.2 0.280 1.80 4.02 2.16 0.907

of defensive investments. Climate intensity amplifies these effects
uniformly, adding approximately 0.002 to systemic losses across all
adoption levels.

The preceding analysis characterizes steady-state outcomes. We
now turn to dynamic behavior: how do these systems respond
when hit by an acute climate shock, and what temporal signatures
distinguish information-driven cascades from ordinary stress prop-
agation?

5.2 Cascade Dynamics and Spectral Signatures

To characterize the temporal dynamics of information contagion,
we apply Fourier analysis to resilience time series following an acute
shock. This technique decomposes each trajectory into constituent
oscillation frequencies, exposing periodic patterns in cascade be-
havior that are invisible in the aggregate statistics reported above.
The analysis uncovers characteristic oscillations across all adoption
levels, with a dominant frequency at 0.2 cycles/month (5-month
period) whose amplitude decreases monotonically with adoption.
Table 4 summarizes cascade metrics across adoption levels.

As illustrated in Figure 2, FFT magnitude at the dominant fre-
quency drops from 13.8 at A = 0.10 to 8.2 at A = 0.75, demonstrating
that information homogenization progressively dampens cascade
propagation through the network. The 5-month period aligns with
the timescale over which climate stress signals propagate through
the supply chain layer, trigger adaptation responses in neighboring
firms, and feed back into capital dynamics. This is broadly consis-
tent with the quarterly-to-biannual adjustment cycles observed in
SME business operations, suggesting the model captures a realistic
propagation rhythm.

Recovery metrics show complex relationships with adoption.
While resilience area-under-curve improves monotonically (de-
creasing from 7.38 to 4.02, where lower values indicate less cumula-
tive loss), the normalized resilience drop ARporm counterintuitively



Research Paper Track

GABA precision (t)

0.75

Systemic capital loss

0.55

0.0 0.2 0.4 0.6

Adoption rate

0.8 1.0

Figure 3: Boundary conditions for valley emergence. Sys-
temic capital loss versus adoption rate under three levels
of GABA signal precision demonstrates that information-
driven vulnerability requires sufficiently strong signals to
create behavioral divergence between informed and unin-
formed agents. All three conditions converge at full adoption,
indicating that complete transparency eliminates precision
dependency.

30

Mean Amplitude

0.75 125

1.00
Frequency (1/month)

Figure 2: Fast Fourier Transform of resilience trajectories
following uniform climate shock. Mean amplitude spectra
across 20 replications show systematic damping of oscilla-
tions as GABA adoption increases, with dominant frequency
at 0.2 cycles/month (5-month period). Higher adoption re-
duces amplitude by 41% (from 13.8 to 8.2), indicating stabi-
lization of cascade dynamics.

increases with adoption (0.21 to 0.28). This apparent paradox re-
solves once we note that higher-adoption systems operate from
stronger pre-shock baselines and therefore experience larger ab-
solute disruptions when shocked, even though they recover faster.
The normalized drop measures disruption relative to pre-shock
performance, which naturally increases for systems starting from
higher levels. Recovery time to 90% baseline similarly increases
from 1.1 to 1.8 months, reflecting the longer path back to a higher
equilibrium, though the bounce-back ratio remains stable around
0.91, indicating consistent recovery completeness regardless of
adoption level.
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Loss duration above baseline shows the clearest improvement,
decreasing from 3.17 months at low adoption to 2.16 months at high
adoption. This metric, combined with reduced oscillation amplitude,
provides the strongest evidence that GABA adoption enhances
systemic stability despite creating temporary vulnerabilities during
transition periods.

Given that partial adoption amplifies systemic vulnerability, a
natural policy question arises: does which firms adopt first matter?
We investigate this by comparing targeted adoption strategies.

5.3 Strategic Adoption Patterns

Comparison of eight adoption targeting strategies reveals statisti-
cally significant differences in cascade mitigation (F(7,1s2) = 4.26,
p =0.0003). Table 5 presents performance metrics across all strate-
gies. Sector is significantly different from random baseline at p <
0.05 (one-way ANOVA with post-hoc Tukey HSD).

Sector-based targeting achieves the smallest maximum resilience
drop (0.098) compared to random baseline (0.104), with climate-risk
targeting close behind (0.101). Network centrality metrics (degree,
betweenness, eigenvector) show intermediate performance, while
exposure-liquidity targeting paradoxically performs worst (0.112).

The superior performance of sectoral targeting reflects the corre-
lated shock structure of model where same-sector firms face similar
climate stress. Concentrating GABA adoption within sectors cre-
ates local information consistency that prevents confusion from
cross-sector signals. Climate-risk targeting succeeds by prioritiz-
ing firms already experiencing high stress who benefit most from
accurate information.

The failure of exposure-liquidity targeting illustrates a subtle
network effect: bolstering individually vulnerable firms without
improving network-wide information quality merely shifts cascade
initiation points without addressing propagation mechanisms. This
finding challenges conventional "too-big-to-fail" intervention logic
in the context of information-driven contagion.

5.4 Information Quality as Boundary Condition

Sensitivity analysis reveals that the valley of vulnerability is con-
tingent on information signal quality, providing crucial insight into
when this phenomenon emerges. Figure 3 demonstrates three dis-
tinct regimes based on GABA signal precision 7. With low-precision
information (7 = 2.0), systemic capital losses decrease monotoni-
cally from 0.690 to 0.525 as adoption increases, showing no valley
formation. At baseline precision (7 = 4.0), the characteristic valley
emerges with losses peaking at 0.758 for A = 0.375. Under high
precision (r = 6.0), the valley deepens further, reaching 0.776 at
partial adoption.

This finding establishes that information-driven systemic risk is
not a universal property of heterogeneous adoption but requires
signals potent enough to create sharp behavioral divergence. Weak
signals (r = 2.0) provide insufficient differentiation to generate
the miscoordination underlying cascade formation, while strong
signals (r = 6.0) amplify the divergence between informed and
uninformed agents, deepening the valley. The convergence at full
adoption across all precision levels confirms that complete informa-
tion transparency resolves the heterogeneity regardless of signal
quality.
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Table 5: Performance of GABA Adoption Targeting Strategies

Performance Metrics

Strategy

Max Res. Drop  Res. AUC

Sys. Cap. Loss

Random (baseline)
Sector
Climate-risk
Low-clustering
Eigenvector
Degree
Betweenness
Exposure-liquidity

0.104 5.05 0.750
0.098* 5.16" 0.751
0.101 5.11 0.750
0.102 5.03 0.749
0.102 5.08 0.750
0.105 5.07 0.750
0.104 5.02 0.749
0.112 5.02 0.750

6 DISCUSSION
6.1 Agent-Based Simulation Design

Our agent-based simulation approach reveals emergent phenomena
that would remain invisible in equilibrium-based or representative-
agent models. The valley of vulnerability emerges not from any
individual agent’s decision but from the collective interaction of het-
erogeneously informed agents navigating interconnected networks.
This exemplifies the power of artificial societies methodology: by
modeling individual decision-making under realistic constraints
and allowing agents to interact through empirically-grounded net-
works, we uncover system-level patterns that contradict intuitive
expectations about technology diffusion.

The simulation design deliberately incorporates multiple layers
of heterogeneity to capture the complexity of real socio-economic
systems. Agents differ in capital endowments (log-normal distribu-
tions by sector), network positions (power-law degree distributions),
information capabilities (binary GABA adoption), and behavioral
parameters (adaptation propensity drawn from truncated normal
distributions). This multi-dimensional heterogeneity proves essen-
tial for the valley phenomenon: homogenizing any single dimension
reduces but does not eliminate the effect, confirming that informa-
tion asymmetry interacts with structural and behavioral diversity
to generate systemic vulnerability.

The dominance of adoption rate over climate intensity (F-ratio
of 1,832:1) demonstrates that social dynamics (specifically, informa-
tion heterogeneity and its network propagation) matter more than
physical environmental stress in determining systemic outcomes.
This finding could only emerge from a simulation framework that
explicitly models both the information architecture and the behav-
ioral responses of individual agents.

The spectral analysis revealing characteristic 5-month oscillation
periods provides a novel diagnostic tool that emerges from the tem-
poral dynamics of agent interactions. These oscillations arise from
the feedback loops between individual adaptation decisions and
network-mediated information flows, creating a signature pattern
that could potentially be detected in real economic data.

6.2 Calibration and Validation

Extensive sensitivity analyses confirm the robustness of the valley
phenomenon while revealing important boundary conditions. Our
validation strategy follows a three-tier approach: (1) parametric
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calibration to empirical targets, (2) structural validation through
emergent pattern matching, and (3) systematic robustness testing
across parameter spaces.

Climate damage intensity (w = 0.033) matches IPCC projec-
tions [13]. Network degree distributions (P(k) ~ k~%3) replicate
observed SME supply chain structures [8]. Initial GABA adoption
(24%) aligns with TCFD survey data [27]. Sectoral composition
follows Eurostat SME distributions.

Scale invariance tests across network sizes (100-500 agents)
demonstrate consistent patterns: two-way ANOVA shows adoption
level dominates outcomes (F(5 72y = 1,921, p < 1077°) while agent
count has negligible main effects (F(272) = 0.57, p = 0.57). This
insensitivity to population size suggests that the valley phenome-
non is a structural property of the information-network interaction
rather than an artifact of a particular scale, supporting applicability
to ecosystems ranging from regional SME clusters of ~100 firms to
national-scale networks.

Most critically, information quality stress tests reveal that the
valley is contingent on signal precision. With low-precision GABA
signals (7 = 2.0), systemic capital losses decrease monotonically.
At baseline precision (7 = 4.0), the characteristic valley emerges.
Under high precision (r = 6.0), the valley deepens further. This
demonstrates that information-driven systemic risk requires signals
potent enough to create behavioral divergence.

6.3 Broader Applications

While our model focuses on climate adaptation in SME networks,
the underlying mechanism (information heterogeneity creating
systemic vulnerability through network effects) applies broadly to
societal transitions involving distributed adoption of new capabili-
ties. In public health, replacing firms with hospitals, capital with
treatment capacity, and GABA with disease surveillance technology
yields a system where partial adoption of early-warning tools could
amplify epidemic cascades through referral and shared-resource
networks. In financial markets, the architecture maps onto algo-
rithmic trading adoption: firms with real-time analytics (adopters)
and those relying on lagged market signals (non-adopters) inter-
act through counterparty networks where the same information
asymmetry generates correlated misallocation. In urban infrastruc-
ture, heterogeneous adoption of smart-grid or smart-traffic systems
creates coordination failures analogous to the valley phenome-
non when partially informed nodes issue signals that mislead their
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uninformed neighbors. In each case, the model’s modular inputs
(network topology, information precision, damage functions) can
be re-parameterized to the domain without altering the simulation
engine.

The non-monotonic adoption effects we identify challenge classi-
cal innovation diffusion theory [23]. Recent work suggesting similar
patterns in cyber-financial systems [5] supports our finding that
information heterogeneity can temporarily increase systemic risk
during technology transitions.

6.4 Methodological Contributions

The heuristic approximation of optimal control (reducing runtime
while preserving key behavioral patterns) addresses a common
challenge in large-scale agent-based simulations. Each agent would
otherwise solve a high-dimensional Hamilton-Jacobi-Bellman equa-
tion [7] at every time step, creating an O(N x T x D*) computa-
tional burden where D is state space dimensionality. The calibrated
heuristic reduces this to O(N X T) by encoding domain knowl-
edge about stress-response and adaptation-gap dynamics directly
into the decision rule. While the heuristic produces systematically
lower adaptation investments than full optimization (reflecting
conservative liquidity management), it preserves the qualitative
response patterns essential for studying information heterogeneity
effects. The model remains configurable to toggle between heuris-
tic and HJB modes, allowing validation that core findings persist
under both decision frameworks. This approach demonstrates how
computational tractability can be achieved through behaviorally-
motivated approximations that capture essential dynamics while
enabling large-scale parameter exploration.

The integration of spectral analysis techniques with traditional
aggregate metrics provides a richer characterization of system dy-
namics. Fast Fourier Transform analysis identifies dominant fre-
quencies invisible in standard summary statistics. Our systematic
exploration of boundary conditions demonstrates the importance of
identifying when emergent phenomena will and will not manifest.

7 CONCLUSION

This paper demonstrates how heterogeneous adoption of environ-
mental accounting standards generates information contagion that
amplifies climate vulnerabilities in SME networks. Through com-
prehensive agent-based simulation, we establish three key contri-
butions to understanding climate adaptation in complex economic
systems.

First, we identify and characterize the "valley of vulnerability"
phenomenon where partial adoption of climate risk assessment
tools temporarily increases systemic fragility. This non-monotonic
relationship between information capability and system resilience
challenges linear diffusion models [23] and suggests that transition
periods require careful management to avoid cascade amplification.

Second, we provide quantitative evidence that information ar-
chitecture dominates physical climate intensity in determining
systemic outcomes, with spectral analysis revealing characteristic
oscillation signatures of information-driven cascades. These find-
ings shift focus from climate forcing to information infrastructure

as the primary determinant of economic resilience.
The robustness checks revealing that the valley emerges only

under sufficient information precision add nuance to our findings:
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information-driven systemic risk is not universal but requires spe-
cific conditions where signals are strong enough to create behav-
ioral divergence. This boundary condition strengthens our contribu-
tion by identifying precise circumstances under which intervention
strategies must account for information heterogeneity effects.

Future research should explore several extensions. Incorporating
learning dynamics could reveal whether systems naturally escape
vulnerability valleys or require external coordination. Endogenous
network rewiring [22] might identify self-organizing structures
that enhance information transmission. Integration with empirical
data on actual SME failures during climate events would validate
model predictions and refine parameter calibration.

As climate stress intensifies and environmental disclosure re-
quirements expand globally, understanding information contagion
becomes critical for economic stability. Our results suggest that
the path to climate resilience requires not just better information
systems but coordinated deployment that accounts for network
propagation effects. Policy makers must recognize that in inter-
connected economic systems, partial solutions may paradoxically
increase vulnerability before reducing it.
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