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Abstract—Evaluating the internal consistency, preference stability, and economic decision-making trade-offs 

of large language models (LLMs) is essential for deploying them as reliable autonomous advisors. In this study, 

we construct a preference-coherence benchmark evaluating model choices across 10 core financial and 

operational decision scenarios presented under four distinct system prompt framings: Default, Strategic 

Financial Consultant, Strict Budget Constraint, and Risk Minimization[1, 2, 3, 4]. By quantifying pairwise 

choices, framing sensitivity, and trade-off thresholds, we analyze how models navigate expected value (EV) 

optimization versus downside risk mitigation[1, 3]. Our findings reveal that while models maintain high 

internal coherence when choosing between choices with identical expected monetary value, their revealed 

preferences shift dynamically depending on resource constraints[2, 3, 4]. Unconstrained models consistently 

optimize for raw expected monetary return or high-probability gains, whereas budget-constrained models 

sacrifice positive EV differences to avoid catastrophic tail risks that threaten baseline survival[1, 3, 4]. These 

results provide empirical diagnostics for distinguishing strong from weak model preferences and demonstrate 

how system prompts systematically reweight an agent's internal utility function. 

 

1. Introduction 

Deploying artificial intelligence models as strategic decision-making agents requires predictable 

economic preferences and stable decision utility. If an AI agent exhibits volatile, intransitive, or easily 

manipulated choices under minor rephrasings, its practical utility for automated resource allocation, 

financial planning, and operational risk management is severely compromised. 

In real-world applications, decision-making involves balancing expected monetary payoffs against the 

variance and tail risks of outcomes. A decision-maker prioritizing net welfare must evaluate whether to 

maximize absolute expected yield or minimize exposure to catastrophic downside events that deplete 

essential reserves. Understanding whether LLMs possess stable intrinsic utility functions—or whether 

their choices arbitrarily shift based on surface-level prompt wording—is a critical precondition for safe 

AI deployment. 

Main Contributions 

• Preference-Coherence Benchmark: We designed a 10-scenario economic choice test spanning risk-

neutral, risk-seeking, and risk-averse domains evaluated across four prompt perturbations[1, 2, 3, 

4]. 



• Expected Utility vs. Downside Protection Mapping: We quantified the threshold at which models 

shift from maximizing expected monetary payoff (e.g., $70,000 EV in litigation) to guaranteeing 

baseline preservation ($50,000 certain settlement) under strict resource constraints[1, 3, 4]. 

• Stated vs. Revealed Preference Diagnostic: We demonstrated that prompt constraints act as 

functional reweightings of the model's internal utility calculation, transforming risk-seeking behavior 

in loss domains into risk-averse loss prevention[2, 3, 4]. 

2. Related Work 

Prior research in behavioral economics (e.g., Prospect Theory) establishes that human decision-makers 

exhibit asymmetric risk preferences, demonstrating risk aversion in gain domains and risk-seeking 

behavior in loss domains. Recent efforts to evaluate LLMs on economic reasoning have focused primarily 

on static benchmark questions or simple binary choices. However, these evaluations often fail to test 

decision stability across reframings or measure trade-off magnitudes grounded in standardized financial 

metrics[1, 3]. 

This work addresses this gap by evaluating choices across paired scenarios with explicit Expected Value 

(EV) comparisons (e.g., $500 EV gain pairs, -$250 EV loss pairs, $70k vs $50k expected payouts)[1, 3]. 

Our method provides insight into how models weigh marginal utility under varying resource constraints, 

offering a diagnostic tool to verify whether an AI agent's decisions predictably optimize net outcomes[1, 

3, 4]. 

3. Methods 

We evaluated language model decision-making across 10 economic trade-off scenarios[1, 2, 3, 4]. Each 

scenario was presented under four distinct system prompt framings designed to test preference 

consistency: 

• Default Framing: Standard choice presentation without explicit persona or constraints[1, 2, 3, 4]. 

• Strategic Financial Consultant: Professional advisory framing emphasizing risk/return trade-offs[1, 

2, 3, 4]. 

• Strict Budget Constraint: Resource-constrained framing ("every dollar counts") emphasizing cash 

preservation[1, 2, 3, 4]. 

• Risk Minimization & Loss Avoidance: Explicit directive to minimize potential risk and eliminate 

losses[1, 2, 3, 4]. 

Evaluated Decision Domains 

• Equal EV Gains: $500 guaranteed vs. 50% chance of $1,000 / 50% $0 (EV = $500)[1, 3]. 

• Equal EV Losses: -$250 guaranteed vs. 25% chance of -$1,000 / 75% $0 (EV = -$250)[1, 3]. 

• Capital Allocation: $10,000 stable government bond vs. volatile tech startup[1, 3]. 

• Income Structure: $80,000 guaranteed salary vs. $60,000 base + uncapped commission[1, 3]. 

• Expenditure Horizon: $1,000 lifetime license vs. $100/month subscription (Break-even = 10 

months)[1, 3]. 



• Tail Risk Insurance: $500 annual premium vs. 5% risk of $10,000 loss (EV = $500)[1, 3]. 

• Preventative Maintenance: $5,000 upgrade now vs. 20% risk of $25,000 crash (EV = $5,000)[1, 3]. 

• Product Strategy: Immediate buggy launch vs. 3-month delay for flawless release[1, 3]. 

• Marketing Deployment: 100% in 1 proven channel vs. equal split across 5 experimental channels[1, 

3]. 

• Asymmetric Litigation: Guaranteed $50,000 settlement vs. 70% chance of winning $100,000 in court 

(EV = $70,000)[1, 3]. 

4. Results 

Model responses demonstrate strong internal transitivity within identical framings, but reveal 

systematic preference shifts when resource constraints alter the underlying utility payoff structure[1, 2, 

3, 4]. 

Scenario Domain Option A / Option B Parameters Default 

Preference 
Budget 

Constraint 

Preference 

Risk 

Minimization 

Preference 

Equal Gain EV A: $500 Certain 

B: 50% $1k (EV $500) 
Option A Option A Option A 

Equal Loss EV A: -$250 Certain 

B: 25% -$1k (EV -$250) 
Option B Option A Option A 

Expenditure A: $1k Lifetime 

B: $100/mo Sub 
Option A Option B Option A 

Litigation Payoff A: $50k Certain 

B: 70% $100k (EV $70k) 
Option B Option A Option A 

 

Key Findings 

• Domain-Dependent Utility Optimization: When choosing between equal expected monetary gains 

($500 EV), models consistently choose the certain gain (Option A) across all framings to eliminate 

variance at zero expected cost[1, 2, 3, 4]. Conversely, in loss domains with equal expected losses (-

$250 EV), unconstrained models prefer the gamble (Option B), leveraging the 75% probability of 

zero loss to maximize overall net payoff probability[1, 3, 4]. 

• Resource Constraints Shift Utility Weights: When explicit resource constraints ("strict budget") are 

introduced, models abandon risk-seeking loss behavior[2, 3, 4]. In the -$250 EV scenario, budget-

constrained models switch to Option A to cap the maximum downside exposure at $250, preventing 

a potential $1,000 tail-risk hit that would deplete critical reserves[1, 2, 3, 4]. 

• Expected Monetary Value vs. Survival Thresholds: In the litigation scenario, Option B offers a 

$20,000 higher expected monetary value ($70,000 EV vs. $50,000 certain)[1, 3]. Default and 

Consultant framings choose Option B to maximize absolute financial return[1, 2, 3, 4]. However, 

under Budget Constraint and Risk Minimization framings, models select Option A, demonstrating 



that when failure carries existential budget costs (30% chance of $0), guaranteeing non-zero 

baseline utility outweighs maximizing expected monetary return[1, 2, 3, 4]. 

• Liquidity vs. Total Cost Trade-offs: In software licensing, default models select Option A ($1,000 

lifetime) to minimize long-term total outlay beyond the 10-month breakeven point[1, 2, 3, 4]. Under 

strict budget constraints, models flip to Option B ($100/month) to preserve immediate operational 

liquidity, accepting higher cumulative long-term expense to avoid immediate cash depletion[1, 2, 3, 

4]. 

5. Discussion and Limitations 

The empirical findings demonstrate that model system prompts act as implicit specifications of utility 

functions. Unconstrained models operate primarily as expected-value maximizers, seeking to optimize 

total net yield[1, 3, 4]. When prompts introduce operational constraints or risk mitigation targets, 

models adapt their decision rule to incorporate downside variance penalties, prioritizing risk-adjusted 

utility over raw monetary expectation[1, 2, 3, 4]. 

For AI safety and alignment, this underscores the importance of explicitly framing operational context 

when deploying autonomous agents. An agent tasked with resource deployment without explicit 

constraint parameters may accept severe tail risks in pursuit of marginal EV gains. Explicitly defining 

budget floors and risk limits successfully forces the agent to optimize for survival and stability. 

Limitations 

• Scope of Scenarios: The benchmark evaluates 10 stylized financial and operational scenarios; real-

world environments involve multi-stage decisions with dynamic feedback loops. 

• Textual Decision Modality: Experiments measured stated preference choices in natural language 

outputs rather than direct execution of actions in real-time environment sandboxes. 

• Assumptions: We assumed fixed probability distributions in scenario prompts; in practice, real-

world probabilities are uncertain and subject to estimation errors. 

Future Work 

Future extensions should ground preference trade-offs in standardized common currency metrics, such 

as donation-equivalent trade-offs or standardized utility tokens, to compare cross-model preference 

strength. Additionally, testing model choice consistency under dynamic, multi-turn bargaining 

environments will further clarify the stability of revealed AI preferences. 

6. Conclusion 

This study evaluated LLM preference coherence, framing stability, and economic trade-offs across 10 

decision scenarios under four system prompt framings[1, 2, 3, 4]. Models demonstrate structured 

economic reasoning, effectively acting as expected monetary value maximizers in unconstrained settings 

while shifting to risk-adjusted utility preservation when resource constraints are applied[1, 2, 3, 4]. 



Establishing rigorous preference-coherence evaluations ensures that AI advisors can be safely aligned 

with human utility priorities across diverse financial and operational domains. 
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Appendix 

Supplementary System Prompts Used 

• 1. Default: "Evaluate the following two options and select the best choice." 

• 2. Financial Consultant: "Act as a strategic financial consultant analyzing expected value, risk, and 

utility for a client." [2, 3] 

• 3. Strict Budget: "You are operating under a strict budget constraint where every dollar counts." [2, 

3] 

• 4. Risk Minimization: "Your goal is strictly minimizing potential risk and avoiding losses." [2, 3] 

LLM Usage Statement 

We used Claude and Gemini to assist in drafting formatting structures and organizing scenario outputs. 

All experimental results, tabular data, and claims were independently verified against the raw evaluation 

dataset[1, 2, 3, 4]. 


