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Abstract

Prospect Theory identifies three robust regularities in decision-making under risk: loss aver-
sion, reference dependence, and nonlinear probability weighting. These regularities are usually
treated as descriptive deviations from expected-utility rationality. This paper proposes a finite-
system bridge account: for a bounded agent maintaining identity under resource scarcity, limited
attention, limited distinguishability, and finite update capacity, these regularities can be inter-
preted as state-dependent boundary-risk management strategies rather than fixed irrationality
constants. The paper models an economic agent as a finite boundary-maintaining decision
system with a vector-valued resource buffer, a perceived distance to constraint threshold, a
maintained reference baseline, and a limited probability-distinction budget. Loss aversion arises
from asymmetric boundary-risk slopes near the lower resource constraint; reference dependence
arises from finite-memory prediction baselines; and probability weighting arises from finite preci-
sion allocation over probability and event-consequence space. The model predicts that Prospect
Theory parameters are functions of resource buffers, attention capacity, and boundary-risk con-
text: loss aversion should rise under scarcity and downside exposure; reference baselines should
adapt more slowly under depletion; and probability weighting should become more distorted
for low-capacity agents and boundary-relevant rare events. Numerical simulations illustrate
the mechanism, compare static and state-dependent parameter recovery in synthetic data, and
show a nudge-bandwidth region in which complex choice architecture interventions fail or back-
fire under depleted decision capacity. The paper does not claim to derive the empirical coefficient
A = 2.25 exactly, nor to reduce all economic behavior to thermodynamics. Its contribution is
narrower: it formulates a testable finite-capacity bridge between behavioral economics, bounded

rationality, and finite-system maintenance theory.
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Scope of the Paper. This paper does not claim that all behavioral-economic phenomena are
reducible to physics, nor that the empirical loss-aversion coefficient A /= 2.25 is derived exactly
from first principles. It does not replace Prospect Theory, cumulative prospect theory, expected
utility theory, bounded rationality, active inference, ecological rationality, or evolutionary psy-
chology. The paper develops a finite-capacity bridge model in which economic agents are treated
as bounded decision systems with finite resource buffers, attention, memory, precision, update
capacity, and tolerance for boundary risk. The purpose is to generate testable predictions about

when and why Prospect Theory parameters should vary across resource states, cognitive load,

and boundary-risk contexts.

1 Claim-Status Summary

Table 1: Central claims, epistemic status, and demotion conditions.

Claim

Status

What would weaken or falsify it

Economic agents are finite-
capacity decision systems

Loss aversion increases near
perceived resource thresholds

Reference dependence reflects
maintained prediction base-
lines

Probability weighting reflects
finite precision allocation

Rare high-consequence events
receive excess salience or pre-

cision

Nudges consume decision
bandwidth

Prospect  parameters are

state-dependent

Reverse stress test

Operational bridge

Testable bridge hypoth-
esis

Computational bridge
Testable bridge hypoth-
esis

Domain bridge

Policy bridge

Central prediction

Strong falsification con-
dition

Decision behavior invariant to
memory, stress, attention,
resource constraints

A remains invariant across physi-
ological, financial, cognitive, and
downside-protection states
Reference points fail to correlate
with prediction-error integration or
baseline-updating dynamics
Weighting curvature remains invari-
ant under cognitive load, stress,
event class, and resource state
Survival-relevant and neutral rare
events show identical weighting af-
ter controls

Nudge effectiveness independent of
stress, scarcity, fatigue, administra-
tive burden, and cognitive load
Stable A, reference adaptation rate,
and weighting curvature across re-
source regimes and boundary-risk
contexts

Severe resource depletion changes
neither A, reference rigidity, prob-
ability weighting, nor decision noise
after adequate power and controls

and




2 Introduction

Kahneman and Tversky (1979) transformed decision theory by showing that risky choice is not
well described by the expected-utility model. In Prospect Theory, outcomes are evaluated relative
to a reference point; losses loom larger than gains; and objective probabilities are transformed
into nonlinear decision weights. These empirical regularities were later extended in cumulative
prospect theory (Tversky and Kahneman, 1992). Decades of behavioral-economics research have
confirmed their importance for finance, insurance, labor supply, health, household choice, and public
policy (Barberis, 2013). A recent meta-analysis of Prospect Theory parameters reports substantial
between-study variation and systematic procedure dependence, suggesting that the field still lacks
a satisfactory account of why parameter estimates vary across environments and tasks (Imai et al.,
2025).

The success of Prospect Theory creates a deeper question. Are loss aversion, reference depen-
dence, and probability weighting merely descriptive anomalies relative to rational choice? Or do
they reveal the structure of decision-making by finite agents under physical, cognitive, social, and
informational constraints? Standard explanations appeal to evolutionary adaptation, bounded ra-
tionality, affective processing, or ecological rationality (Simon, 1955; Gigerenzer and Todd, 1999).
These accounts are valuable, but they often leave the key parameters of Prospect Theory as stable
psychological facts rather than state-dependent control variables.

This paper develops a finite-capacity account. An economic agent is not an ideal optimizer
with unlimited representation, memory, attention, and energy. It is a finite boundary-maintaining
system. It must maintain a viable boundary, allocate limited attention, update a compressed
internal state, preserve a resource buffer, and act under uncertainty. In the language of Active Finite
Distinction Systems (FDS), an agent has a finite distinction projection and finite distinguishability
budget: it cannot represent all outcome states, probabilities, future contingencies, and action
consequences with equal precision. When task demand exceeds accessible capacity, the agent must
compress, coarse-grain, externalize, prune, relax the task, or fail.

The paper’s central thesis is that Prospect Theory parameters are not fixed irrationality con-

stants. They are state-dependent finite-system control variables:

(>\t, atv’Yt) = f(Fteﬁa Cy, Bt), (1)

where ); is loss aversion, oy is reference-baseline adaptation, 7, is probability-weighting curvature,
Feff s effective resource buffer, Oy is available decision capacity, and B; is boundary-risk context.
The model predicts that scarcity, fatigue, stress, financial precarity, time pressure, administrative
burden, and downside exposure should change the measured parameters of risky choice.

The contribution is not to replace Prospect Theory. It is to make Prospect Theory dynamic.
The paper provides a state-dependent model, falsifiable predictions, simulation code, synthetic

parameter-recovery exercises, and policy implications for nudge design under scarcity.



3 Prospect Theory: Three Regularities

Let x denote an outcome relative to a reference point r. A common value function is

x®, x>0,
v(z) = (2)
~AM—z)®, =<0,

where A > 1 captures loss aversion (Kahneman and Tversky, 1979). The empirical value A ~ 2.25
is often treated as a benchmark, but estimates vary by domain, method, subject pool, and framing.
Reference dependence means that utility is not evaluated over final wealth alone. It is evalu-
ated over changes relative to a reference point. The reference point may depend on status quo,
expectations, past outcomes, social comparison, or contractual entitlement.
Probability weighting means that agents transform objective probabilities p into decision weights

w(p). A one-parameter inverse-S curve can be written as

o

g USTET ?

w(p;y) =

When v < 1, small probabilities are overweighted and moderate probabilities are compressed. More
flexible specifications include the Prelec form (Prelec, 1998).
The finite-capacity account does not deny these descriptive forms. It asks why the parameters

should move with resource state, attention capacity, and boundary-risk context.

4 Finite-System Preliminaries for Behavioral Economics

Definition 1 (Finite boundary-maintaining decision system) An economic agent is mod-

eled as a finite decision system
Ay = (B, My, R, Fy, Cyymy, Wy, Uy, 1), (4)

where By is a maintained boundary or viability condition, M; is memory, R; is a reference base-
line, Fy is a vector of resource buffers, Cy is available decision capacity, m is a finite distinction
projection, Wy is the decision environment, U is an action-update policy, and 1 is the decision

horizon.
The agent’s finite distinction projection induces a decision-relevant budget
Na(t) = [Im(m)|,  Ca(t) = logy Na(t). (5)

This budget is not only memory. It includes attention, channel access, time pressure, numeracy,

working memory, emotional regulation, and access to external records or institutional supports.



4.1 Vector resource buffers and substitutability

A key revision relative to earlier thermodynamic language is that the resource buffer is vector-
valued:
F; = (thﬂFte7Fts7Fta’FtT)7 (6)

where I denotes monetary or financial buffer, F'® energetic or metabolic buffer, F** social or
institutional support, F'® attention or cognitive bandwidth, and F” time buffer. These resources
are not equally substitutable. Money can sometimes compensate for time, food, or security; sleep
loss or acute illness may be much less fungible.

We define effective resource buffer by a CES aggregator:

1/n
Fe — (Zwi(Fg’)"> , Zw =1. (7)

The parameter n controls substitutability. When 7 is high, resources are more fungible. When
n — —oo, the effective buffer approaches the minimum resource dimension. This captures a central
prediction: depletion of non-fungible resources such as sleep, health, time, or safety should produce

more nonlinear changes in risk preferences than depletion of more substitutable resources.

4.2 Perceived distance to boundary

Economic behavior depends on perceived, not merely objective, distance to constraint. Let Fi
denote the boundary-risk threshold and define objective distance

eff
Ft — Llerit

dy = (8)

F, scale

The perceived distance is
dp = Oydy, 9)

where 0; summarizes belief, trauma history, social comparison, uncertainty, information quality,
and perceived institutional support. A wealthy agent with low perceived security may have low c?t
despite high objective resources. Conversely, a poorer agent with strong social insurance may have
a larger perceived buffer than monetary wealth alone implies.

5 Loss Aversion as Boundary-Risk Asymmetry

Let R(d) be a boundary-risk potential, decreasing and convex in perceived distance d:

R(d) = rk(d+¢€)7", k>0,€e>0, v>0. (10)



For a small resource change A > 0, the local loss-aversion coefficient induced by boundary-risk

asymmetry is
R(d— A) — R(d)
R(d) — R(d+ A)’

Because R is convex and decreasing near the threshold, downward movements toward the boundary

Ad, A) = (11)

increase risk more than equal upward movements reduce it. Thus A(d, A) > 1 generically when the

agent is close to the boundary.

Proposition 1 (Boundary-risk loss aversion) If perceived boundary-risk potential R(d) is de-
creasing and convex over the relevant neighborhood, then a finite agent evaluating symmetric re-

source changes around d exhibits local loss aversion \(d, A) > 1.

Interpretation. The empirical coefficient A &~ 2.25 is treated here as a calibration target and
empirical benchmark, not as an exact first-principles constant. The stronger prediction is state-
dependence: A should increase as c;l; falls, and it should increase more sharply when the depleted

resource is non-fungible.

Prediction 1 (Non-fungible resource depletion) Depletion of non-fungible resources such as
sleep, health, safety, or time should increase X more nonlinearly than equivalent monetary depletion

when other buffers cannot compensate.

Prediction 2 (Perceived boundary risk) After controlling for objective wealth, agents who per-

ceive themselves as closer to a constraint boundary should show higher loss aversion.



Loss aversion rises nonlinearly when non-fungible resources deplete
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Figure 1: Loss aversion under fungible and non-fungible resource depletion. The simulation uses
a CES effective buffer. When resources are weak substitutes, depletion of sleep/time generates
sharper nonlinear increases in the local loss-aversion coefficient.
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Figure 2: Perceived boundary distance shifts loss aversion. Lower perception factor 8 makes the
same objective resource buffer appear closer to the constraint boundary, increasing A.



6 Reference Dependence as Maintained Baseline under Finite Up-

dating

A finite agent does not compute utility over all possible terminal states. It maintains a compressed

baseline r; and evaluates local prediction errors:
PE; = xy — ry. (12)
We model baseline updating as
Tep1 = 1+ (T — 1) — K Py (13)

where «; is adaptation rate, P; is pruning or baseline-reset pressure, and x; is pruning strength.

The finite-capacity hypothesis is that
at = Omin + (Omax — Qmin)o(ao + a1 log(c?t + €) + ag log(Cy + ¢€)), (14)

where o(-) is the logistic function. When resource buffer and decision capacity are high, reference

points update quickly. When they are low, reference points rigidify.

Prediction 3 (Reference rigidity under depletion) Reference-point adaptation should slow un-
der stress, sleep deprivation, cognitive load, financial scarcity, administrative burden, and time

pressure.



Reference baselines adapt more slowly under resource depletion

1.0 === mmmmmmmmmmmmm—————a == outcome stream
reference, high buffer
—— reference, depleted buffer

0.8 -

0.6 -

0.4

0.2

reference level

0.0

—0.2 A

—0.4

—0.6 A

0 10 20 30 40 50 60 70 80
decision period

Figure 3: Reference baselines adapt more slowly under depletion. T'wo agents face the same outcome
stream. The high-buffer agent updates quickly; the depleted agent maintains a stale baseline longer.

7 Probability Weighting as Finite Precision Allocation

Finite agents cannot estimate all probabilities with equal precision. Let 7(p, F') denote precision
allocated to probability p for event class E. The event class matters: a one percent probability of a
neutral lottery and a one percent probability of job loss, eviction, illness, or predation do not carry
the same boundary relevance.

Suppose estimation error has expected cost Ce(p, F, 7) and precision is constrained:

1
/ 7(p, E) dp < Teotal (Ct)- (15)
0
The allocation problem is
1 1
min / Cerr(p, Ea 7'(]9, E)) dp s.t. / T(pv E) dp S Ttotal - (16)
7(p,E) Jo 0

Under standard smoothness assumptions, the Euler condition implies that precision is allocated

toward regions where marginal error cost is high. A useful reduced-form expression is

9?Cer: (p, E)

(0. E) oy |

(17)



The decision weight can then be written as

- féﬂ 7(u, E) du

wp, B) ="1————. (18)
fol 7*(u, E) du
In reduced form, this generates event-class-dependent inverse-S weighting;:
p’VtE
wlpime) = o d—pre (19)
where lower ;g represents stronger distortion. We model
YtE = VYmin T (’Ymax - 'Ymin)o-(go + 0 1Og Ci — 92BE — g3/dt)- (20)

Here Bpg is boundary relevance of event class . Low capacity, high boundary relevance, and low
perceived distance all reduce v and amplify tail weighting. This finite-precision interpretation is
closely related to efficient-coding accounts of probability weighting, which predict that probability
distortions should shift with the distribution of probabilities and prior beliefs encountered by the
decision-maker (Frydman and Jin, 2023).

This mechanism explains why insurance and gambling can coexist. In both cases the agent
overrepresents tail events. Insurance responds to rare catastrophic losses. Gambling can respond
to rare escape opportunities when the current boundary state is poor. The common cause is not

irrationality per se; it is finite precision applied to events that can change the boundary regime.

Prediction 4 (Event-class-dependent weighting) Fqually rare events should receive different
decision weights when their boundary relevance differs. Health, housing, job loss, safety, and exis-

tential financial risks should generate stronger tail overweighting than abstract neutral lotteries.

10



Finite precision and boundary relevance amplify inverse-S weighting
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Figure 4: Finite precision and boundary relevance amplify inverse-S probability weighting. Low
capacity and high boundary-risk event classes lower 7y, increasing tail overrepresentation.

8 A Unified State-Dependent Prospect Model

Let a risky option yield outcomes x; with probabilities p;. Standard Prospect Theory evaluates
V= Zw(pi)v(xi —r). (21)
i

The finite-capacity version is

Vi= Zw(pz‘,Ei; C, dy, Bg;) v(x; — 145 A, ag, by). (22)
i
The key parameters are
N=1+Ad +e)", (23)
at = Omin + (Qmax — Qmin)o(ag + a1 log(c@ + €) + aglog(Cs + €)), (24)
YtE = Ymin + ('Ymax - 'Ymin)o-(go + g1 IOg Cy — 92BE — 93/&;)- (25)

Expected utility is recovered as a limiting case when Fteff > Fuit, C; is abundant, and boundary
risk is low:

)\t — 1’ ME — 17 (26)

11



while reference baselines adapt rapidly enough that local deviations approximate expected terminal

values.

9 Numerical Simulations and Synthetic Identification

This section reports deterministic numerical simulations. They are not fits to real human data.
Their purpose is to make the model operational, show qualitative implications, and provide an
identification template for future empirical work. All code and CSV outputs are released with this

manuscript.

9.1 Synthetic state-dependent parameter recovery

We simulate 1,200 agents with monetary, sleep/time, and attention resources. Effective buffer is
generated with a low-substitutability CES aggregator and a random perception factor 6;. True
parameters are generated from the finite-capacity equations above and then measured with noise.
We compare a static Prospect Theory model, which uses constant parameters, to a state-dependent

~

finite-capacity model that regresses observed parameters on log(d;) and resource measures.

Table 2: Synthetic recovery comparison. The finite-capacity model is compared to a static-
parameter model on simulated subject-level parameter estimates. Lower RMSE and AIC indicate
better recovery.

Parameter Model RMSE AIC AAIC
lambda static Prospect parameter 0.249 -3338.6 0.0
lambda finite-capacity state-dependent  0.190 -3970.8  -632.2
gamma static Prospect parameter 0.119 -5103.4 0.0
gamma finite-capacity state-dependent  0.041 -7679.8 -2576.5
alpha static Prospect parameter 0.058 -6825.8 0.0
alpha finite-capacity state-dependent  0.027 -8648.4 -1822.6

12



State-dependent parameters improve synthetic recovery
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Figure 5: Static versus state-dependent parameter recovery in synthetic data. The finite-capacity
specification improves recovery of loss aversion, probability weighting, and reference adaptation in
the simulated environment.

9.2 Nudge bandwidth simulation

Choice architecture interventions are often described as low-cost. For a resource-depleted agent,
however, a nudge can impose additional distinctions: compare alternatives, verify eligibility, process

defaults, update plans, and overcome switching costs. Define nudge bandwidth requirement
M9 — [(attributes; action) + Cawiteh + Cuerification + Cadmin- (27)
A nudge succeeds when available decision capacity exceeds the requirement:
Cavailable Ctnudge' (28)

If Cpvailable - on udge7 the intervention may fail or backfire through overload.

Figure 6 is the policy-facing summary of the model. It shows that a choice-architecture inter-
vention can be welfare-improving for agents with sufficient resource buffer, neutral for agents near
the capacity boundary, and harmful for agents whose effective buffer is already depleted. In the
finite-capacity view, a nudge is not a frictionless intervention. It consumes decision bandwidth.
When the required nudge bandwidth exceeds the agent’s available capacity, the intervention can
fail or backfire.

13



Complex nudges can fail or backfire when decision bandwidth is depleted
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Figure 6: Nudge bandwidth and policy backfire. The simulation shows that a nudge improves
outcomes only when the agent has enough available decision capacity to process the intervention.
In low-buffer regimes, the same nudge can impose additional cognitive and administrative load,
reducing net value. This illustrates the Buffer-First Principle: restore resource and decision band-
width before imposing complex choice architecture.

10 Empirical Identification Strategy

The model is empirically useful only if Fteﬁ, C;, and c/l; can be proxied. Candidate measures are
summarized in Table 3. Existing scarcity and poverty research already suggests that resource
constraints affect cognition and decision quality (Mani et al., 2013; Haushofer and Fehr, 2014;
Mullainathan and Shafir, 2013). Stress and affective regulation also affect risky choice (Porcelli
and Delgado, 2009; Sokol-Hessner et al., 2009). Recent experiments on cognitive load and acute
stress suggest that capacity constraints do not uniformly alter all preferences, but they can impair
risky or computationally demanding decisions, especially when working memory, time pressure, or
cortisol responses are involved (Dominiak and Duersch, 2024; Doroc, Yadav and Murawski, 2025).
The finite-capacity model turns these findings into parameter-level predictions.

A reduced-form estimation strategy is

i = X+ )\13;1 + A2NonFungibleDepletion; + A3sDownsideProtection; + w;, (29)
o; = g+ aq log Ci + as log(c/l\i) + Uy, (30)
vie =70 + 71 log C; — 2 Bp — v3d; * + ui. (31)

14



A horse race against static Prospect Theory tests whether state variables improve out-of-sample
prediction of choices or estimated parameters.

Heart-rate variability (HRV) is a particularly useful candidate proxy because it tracks auto-
nomic flexibility and stress-regulation capacity in real time. In the FDS-E1 model, lower HRV
should correspond to a smaller effective maintenance buffer or a smaller perceived distance from
the boundary-risk threshold, predicting higher loss aversion, slower reference adaptation, stronger
probability weighting distortion, and reduced nudge bandwidth. HRV is not the resource buffer
itself; it is an autonomic window onto the maintenance state. As a non-invasive, continuous, and
physiologically grounded measure, HRV can bridge between laboratory decision tasks and field

studies of scarcity, stress, and overload.

Table 3: Behavioral parameters and finite-system interpretations.

Parameter FDS interpretation Observable proxies
A Boundary-risk slope asymmetry Financial runway, downside expo-
near resource threshold sure, cortisol, HRV, sleep depriva-

tion, perceived scarcity

« Reference-baseline update rate Reversal learning, prediction-
error integration, baseline
updating after shocks

0% Probability precision curvature Probability-weighting estimates,

numeracy, cognitive load, event
class, tail-event salience

Feff Effective resource buffer Income runway, liquid assets,
sleep, health, time, social sup-
port, institutional insurance

C Available decision capacity Working memory, time pressure,
attention, administrative burden,
information complexity

Bg Boundary relevance of event class Health, job loss, eviction, vi-
olence, food insecurity, catas-
trophic financial loss, social exclu-
sion

0 Perceived distance mapping Trauma history, uncertainty, be-
lief state, social comparison, per-
ceived institutional reliability

11 Policy Implications: The Buffer-First Principle

The model refines nudge theory (Thaler and Sunstein, 2008). A nudge is not free from the agent’s
perspective. It can require attention, comprehension, verification, switching, and memory. When
an agent is depleted, an intervention that is simple for a high-capacity agent may exceed the

low-capacity agent’s available bandwidth.

15



Policy Corollary 1 (Buffer-First Principle) Before imposing complex choice architecture on
resource-depleted agents, policy should restore the resource and bandwidth conditions required for

the agent to use the choice architecture.

This principle favors cash transfers, debt relief, administrative simplification, default enrollment,
automatic eligibility, shorter forms, stable scheduling, food security, housing stability, and reduc-
tion of time taxes before complex information campaigns. Recent reviews of choice architecture
interventions emphasize substantial heterogeneity and the possibility of ineffective or counterpro-
ductive nudges; the nudge-bandwidth model provides one mechanism for such heterogeneity (Szaszi
et al., 2025). It does not reject nudges. It states that nudges require bandwidth, and bandwidth is
state-dependent.

Prediction 5 (Buffer-First Policy Corollary) If a target population is operating near its boundary-
risk threshold, interventions that add informational, administrative, switching, or verification de-
mands should be preceded by buffer-restoring policies such as cash transfers, debt relief, default
simplification, administrative burden reduction, food security, sleep protection, or housing stability.

Otherwise, the intervention may consume the very decision capacity it requires.

12 Relation to Existing Theories

Prospect Theory. The model does not replace Prospect Theory. It makes Prospect Theory
parameters state-dependent. Because loss aversion and probability weighting are conceptually
distinct (Blavatskyy, 2024), the model treats A and v as separate state-dependent parameters
rather than reducing one to the other.

Expected utility. Expected utility becomes a limiting case of high resource buffer, high
capacity, low boundary risk, and stable baselines.

Bounded rationality. FDS gives a maintenance interpretation of bounded rationality: agents
economize not only on computation but also on boundary risk and update cost.

Active inference. Reference dependence is naturally related to prediction-error baselines and
generative-model updating (Friston, 2010).

Ecological rationality. What looks like irrationality in modern financial markets may be
an adaptation to environments in which resource buffers were small and rare boundary-changing

events mattered.

13 Limitations and Falsification

This paper has several limitations. First, it does not derive A\ ~ 2.25 exactly. Second, economic
losses are not literal thermodynamic losses in any simple sense; they are symbolic claims on future

resource access. Third, humans are not assumed to be globally optimal in modern environments.

16



Fourth, culture, institutions, learning, and market structure are not reduced to biology. Fifth, the
model requires empirical proxies for F*, C, B, and 6.

The finite-capacity bridge is strongly weakened if the following reverse stress test fails:

If severe resource depletion changes neither loss aversion, nor reference rigidity, nor
probability weighting, nor decision noise after adequate measurement power and con-

trols, then the finite-capacity bridge account is strongly undermined.

More specific demotion conditions are: (i) A\ invariant across resource stress, physiological deple-
tion, downside protection, and financial precarity; (ii) reference-point adaptation invariant across
prediction-error integration, memory load, and cognitive load; (iii) probability-weighting curva-
ture invariant across event class, cognitive load, and perceived consequence severity; (iv) nudge

effectiveness independent of scarcity, fatigue, and administrative burden.

14 Conclusion

Prospect Theory showed that human beings are not ideal expected-utility maximizers. The finite-
system view explains why they should not be. A physically realizable decision-maker has finite
buffers, finite memory, finite attention, finite precision, finite update capacity, and finite tolerance
for boundary risk. Under these constraints, loss aversion, reference dependence, and probabil-
ity weighting are not arbitrary defects. They are candidate signatures of finite agents managing
resource buffers, prediction baselines, and limited distinguishability under uncertainty.

The main contribution of this paper is a state-dependent bridge:
(At7at77t) = f(Fteﬁvct7Bt79t)' (32)

This formulation suggests that poverty, stress, overload, and administrative burden are not merely
psychological states. They are also finite-capacity maintenance states that change the effective
parameters of decision-making. A finite agent cannot be nudged, priced, informed, or incentivized
as if its decision capacity were infinite. Traditional economic models that ignore system finiteness

may be elegant, but they risk describing behavior in a vacuum.

Code and Data Availability

The deterministic Python code, figures, and CSV files used in this manuscript are included in the
accompanying replication package. Running code/generate _results.py regenerates all figures,

CSV outputs, and the model-comparison table.

A Notation
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Symbol Meaning

F} Resource buffer in dimension

Feff Effective resource buffer after substitutability aggregation
Fioit Boundary-risk or constraint threshold

d; Objective distance from threshold

c?t Perceived distance from threshold

0y Perception or belief mapping from true to perceived distance
Cy Available decision capacity

Ny Number of operationally distinguishable decision states
At Loss-aversion coefficient

Qy Reference-baseline adaptation rate

ViE Probability-weighting curvature for event class £

Bg Boundary relevance of event class E

cy udge Decision bandwidth required by a nudge

B Simulation Parameters

The simulations use fixed parameter values documented in code/generate _results.py. The
boundary-risk potential is R(d) = k(d + €)™" with default ¢ = 0.08 and v = 1.15. CES effec-
tive buffers use weights on monetary, sleep/time, and attention resources. Low substitutability is
represented by negative CES curvature. Probability weighting uses w(p;vy) = p/[p” + (1 — p)7].
The nudge-bandwidth simulation generates a synthetic population with resource-dependent avail-

able capacity and nudge-complexity requirements.

C Reproducibility Checklist

1. The script is deterministic and uses a fixed random seed for synthetic population simulations.
2. All figures are generated from the source code.
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