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Abstract
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advice across prompts and models by estimating structural time and risk preferences.
Applying our method to OpenAI’s GPT-5 mini, we find that the advice qualitatively
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estimated intertemporal discount factors well above one; (ii) recommended choices
often reflect simple heuristics, such as round savings rates, fixed-percentage withdrawal
rules in retirement, and common asset allocation rules-of-thumb; (iii) LLM recommen-
dations exhibit substantially more inertia in portfolio rebalancing and moderately less
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Individuals are increasingly seeking financial advice from large language models (LLMs).

Recent industry surveys suggest that over half of adults in the U.S. and the U.K. have used

LLMs for financial guidance (Lloyds Banking Group 2025; J.D. Power 2025), a rate that

may already exceed the share of people who consult a human financial advisor (Gallup

2025). Given the rapid growth of Artificial Intelligence (AI), the promise of affordable,

widely accessible, and quality personal financial advice may be closer than ever. Yet, there

is little systematic evidence on the quality of this advice, largely due to the difficulty in

setting a clear benchmark. Financial decisions are dynamic, involve significant uncertainty,

and depend on individuals’ evolving circumstances and preferences, all of which make it

difficult to define what constitutes “good” advice.

In this paper, we ask: how does LLM personal financial advice compare to the prescriptions

of economists’ normative models? We develop and implement a method to answer this

question, using a standard life cycle portfolio choice model as our normative benchmark.

Applying this method to a widely used LLM, OpenAI’s GPT-5 mini, we simulate thousands

of life cycle paths for consumption, saving, and portfolio choices under realistic income,

employment, and asset return scenarios, and compare these LLM-generated paths against

optimal choices derived from a life cycle model. In effect, we trace the key financial

decisions of individuals who follow LLM advice during every year of their lives. This

approach allows us to characterize LLMs’ financial advice across varying labor and asset

market conditions, estimate the structural preference parameters that best fit the LLM

recommendations, and identify systematic deviations of this advice from our normative

benchmark.

Our results suggest that GPT-5 mini can already provide financial advice that qualitatively

aligns with life cycle theory, but this advice deviates systematically in four important ways:

(i) the LLM’s recommendations reflect unrealistically high patience, with savings behavior

that our model can only rationalize with discount factors above one; (ii) recommended

choices often rely on simple heuristics; (iii) recommendations exhibit substantial inertia

in portfolio rebalancing and less consumption-smoothing in unemployment than our life

cycle model; (iv) the advice exhibits variation across demographics (e.g., recommending

lower equity exposure for women or higher savings rate for Asian individuals) and between

identical repeated queries that is not well understood. Our interpretation of these findings,

particularly the reliance on heuristics and demographic variation, is that they are consistent

with LLM recommendations largely reflecting popular financial advice from books, websites,

and news articles, which often varies across demographics and uses rules of thumb (Choi

2022). Additionally, while our results apply to a specific LLM and set of prompts at one
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point in time, the core contribution of this paper is to provide a general framework for

evaluating the quality of LLM financial advice that can be applied to compare other prompts

and models, especially to track the evolution of LLM advice as these technologies improve.

Methodology. Our method involves three steps. First, we build a quantitative life cycle

model similar to Gourinchas and Parker (2002) and Cocco et al. (2005) with a stochastic

income process, labor market transitions, and asset returns calibrated to match nationally

representative U.S. data. The model most closely resembles Choukhmane and de Silva

(Forthcoming) and features liquid safe and risky assets, income and mortality risk, job-

to-job to unemployment transitions, as well as a realistic tax and social insurance system.

Individuals choose how much to consume, how much to save, and how to allocate their

savings between stocks and bonds. After solving the model, we simulate thousands of

individuals’ decisions over their full life cycles.

In the second step, we design a detailed prompt in which we ask an LLM to provide

financial advice to a hypothetical individual. The prompt elicits the LLM’s recommended

choices, providing as input the key state variables in our life cycle model and information

about the economic and demographic environment, such as assumptions about asset

returns and mortality risk. When designing this prompt, we balance two objectives:

mimicking how a typical individual, perhaps with guidance from a human financial advisor,

would interact with an LLM, while ensuring the LLM has sufficient information to make

decisions comparable to the life cycle model. We highlight constraints in the prompt to

ensure sensible recommendations, such as requiring choices that satisfy an individual’s

budget constraint. We then vary the prompt to test how information about the economic

environment, individuals’ preferences, and demographics affect the LLM’s financial advice.

Finally, we simulate life cycle paths of LLM advice by querying the LLM at every age from

22 to 89 for each individual in our model. Each query is independent, with no memory of

past responses; the only link across years is the evolution of state variables that depend on

prior choices. We then compare these LLM-generated paths against the optimal choices

implied by our model for the same sequences of exogenous shocks. This approach builds

on emerging methods for assessing LLM financial advice (Fedyk et al. 2025; Ouyang et al.

2025; Ross et al. 2024) by extending them to a dynamic stochastic environment, which

allows us to establish a realistic normative benchmark. To our knowledge, we are the first

to combine LLM responses with a quantitative life cycle model.
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Main findings. Applying this method to OpenAI’s GPT-5 mini delivers four main results.1

Our first result is that the LLM’s financial advice aligns qualitatively with standard life cycle

theory. Focusing on consumption and saving decisions, the LLM recommends that individu-

als save during working years and consume less than their income, while recommending

that individuals dissave to fund consumption in retirement. In terms of portfolio choices,

the LLM recommends that over 98% of individuals participate in the stock market and

choose high equity shares that decline with age from around 80% early in life to 60% later

in life. Additionally, the LLM is able to incorporate time and risk preferences according

to standard theory: recommended wealth accumulation and equity shares increase for

individuals described as more patient or less risk-averse.

Second, we find that the LLM’s advice is consistent with moderate risk aversion but

unrealistically high patience. To show this, we jointly estimate the preference parameters

that minimize the distance between simulated life cycle profiles recommended by the

LLM and those from our life cycle model. We find that the equity shares recommended

by the LLM imply a relative risk aversion coefficient of 4.7, which is similar to standard

estimates. In contrast, the LLM consumption-savings choices exhibit unrealistically high

patience: our model only replicates the very high savings rates recommended during

working years with an intertemporal discount factor of 1.06, far exceeding typical values

estimated in observational and experimental data. Even when our prompt explicitly states

that individuals have no bequest motive and do not care about wealth after death, the LLM

recommends minimal wealth decumulation in retirement that our model cannot match for

any reasonable preference parameters. We then repeat our estimation for each set of time

and risk preferences stated in the prompt. Despite the extreme patience on average, we

find the LLM is able to incorporate the stated preferences quantitatively: the estimated

discount factors and coefficients of risk aversion increase monotonically with the provided

preferences. More broadly, we view our structural estimation of preference parameters as

a parsimonious way to summarize an LLM’s advice that can be estimated across different

models and prompt variations.

Our third result is that the LLM’s advice systematically deviates from our normative

benchmark in ways that suggest the use of simple heuristics and passive responses to shocks.

The LLM exhibits round-number bias, frequently recommending savings in multiples of

10% of salary or $5,000, as well as withdrawals of exactly 4% of wealth in retirement

1We choose OpenAI’s model because ChatGPT is individuals’ most common choice when searching for
financial advice from LLMs (Lloyds Banking Group 2025; J.D. Power 2025). However, because GPT-5 mini is
a reasoning model, we cannot modify its temperature parameter to eliminate randomness at the inference
stage. We analyze this randomness in the final section of the paper.
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and a 60-40 stock-bond allocation. Additionally, relative to our life cycle model, the LLM

advice produces less consumption smoothing in response to unemployment shocks and

substantially more inertia in the form of passive portfolio drift. While these behaviors

deviate from our normative benchmark, they quantitatively align with empirical evidence

on actual behavior (Gruber 1997; Calvet et al. 2009).

Finally, we show that the LLM’s recommendations exhibit two sources of variability that

warrant caution. The first source of variability is differences in advice across demographic

groups. Recommended equity shares are systematically lower when an individual is

described as a woman rather than a man, despite identical income, employment, and asset

returns. Additionally, an individual described as an Asian man accumulates approximately

$24,000 more wealth by age 60 than one described as a Black man. These differences

emerge despite our prompt explicitly stating that labor market outcomes, marital status,

and life expectancy are identical across demographic groups. Nevertheless, they align

with empirical evidence that women tend to choose lower equity shares (Agnew et al.

2003) and that Asian workers save the most in retirement savings plans and Black workers

save the least, conditional on observables (Choukhmane et al. 2025a). The second source

of variability is differences in recommendations between repeated queries with identical

prompts and inputs. This variation is important to recognize because it raises questions

about the reliability of LLMs for high-stakes financial decisions.2 However, we find that

it is not too large economically in the sense that the estimated preference parameters are

almost identical across our different simulations with identical prompts.

Related literature. An extensive literature in behavioral economics and household finance

has documented numerous ways in which households make suboptimal financial decisions.3

While this introduces a role for professional financial advisors, the quality of such advice

is often limited due to advisors’ high cost, mistaken beliefs (Linnainmaa et al. 2021), and

conflicts of interest (Mullainathan et al. 2012; Egan et al. 2019). Similarly, while popular

personal finance books provide lower-cost and accessible financial guidance, this advice

often contains fallacies and deviates from the prescriptions of normative economic models

(Choi 2022). Given the rapid growth of AI, a natural question is whether forms of AI, such as

LLMs, can provide an affordable, widely accessible source of high-quality personal financial

2This final set of findings is consistent with Cen et al. (2025), who show that LLMs exhibit substantial
“irregular variability” that cannot be explained and meaningful sensitivity to demographics.

3This includes evidence that households do not take full advantage of available 401(k) employer matches
(Choi et al. 2011; Choukhmane et al. 2025b), do not efficiently allocate assets across taxable and tax-
advantaged accounts (Bergstresser and Poterba 2004), or fail to refinance fixed-rate mortgages when beneficial
(Andersen et al. 2020). For reviews, see Beshears et al. (2018), Gomes et al. (2021), and Campbell and
Ramadorai (2025).
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advice. This paper’s main contribution is to introduce and implement a framework for

evaluating the quality of this advice that recognizes the inherent complexity of households’

financial decisions. In doing so, this paper is part of a growing literature that evaluates

generative AI, and more specifically LLMs, in economics and finance (see Mo and Ouyang

2025 for a review).

Most closely related is the emerging literature that studies LLMs as models of human

behavior in economic settings. These studies show that LLMs sometimes exhibit similar

behavioral biases to humans in classic economic experiments, while behaving more closely

to rational utility-maximizing agents in other settings (Horton 2023; Ross et al. 2024; Bini

et al. 2025). Part of this literature studies LLMs’ behavior specifically in financial settings.4

For example, Ouyang et al. (2025) study the stability of the risk-taking behavior of LLMs

across a variety of behavioral tasks, including a stylized asset allocation problem, while

Fedyk et al. (2025) show that the preferences of LLMs over different asset allocations more

closely resemble those of younger high-income individuals, while also being less likely to

violate transitivity. Relative to this literature, we develop a methodology to evaluate the

quality of the LLMs’ responses by combining them with a dynamic life cycle model. This

allows us to study behaviors that are more specific to household financial decision-making,

such as consumption-smoothing and portfolio rebalancing.

Finally, our study of LLMs as an accessible and cost-effective source of financial advice

builds on prior work evaluating other financial innovation and forms of automated advice.

This literature has shown that new sources of financial advice, such as robo-advisors,

can help individuals make higher-quality financial decisions (D’Acunto et al. 2019; Rossi

and Utkus 2020; Reher and Sokolinski 2021). More broadly, our framework extends a

longstanding tradition of using quantitative life cycle models as normative benchmarks to

evaluate new financial products and policies, with recent applications to adjustable rate

mortgages (Guren et al. 2021; Campbell et al. 2021), target-date funds (Duarte et al. 2024),

saving nudges (Choukhmane 2025), and income-contingent student loans (de Silva 2025).

We contribute by applying this approach to what is perhaps the fastest-growing area of

innovation in personal finance: generative AI.

4Another strand of this literature studies the conditions under which access to generative AI affects the
quality individual’s investment decisions (Kim et al. 2024).
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1 Normative Benchmark: Life Cycle Model

This section describes the life cycle model of consumption-saving and portfolio choices

that we use as a normative benchmark. This model builds on the model of Choukhmane and

de Silva (Forthcoming), with the following key differences. First, we introduce transitory

income shocks with volatility calibrated to SIPP data. Second, we remove the retirement

investment vehicle and only allow the agent to save in saving and investment accounts.

Third, the tax and social security schedules as well as the distribution of income have been

updated to keep up to date with the LLM’s perception of said systems and distributions.

Lastly, the income process is recalibrated to match 2025 data.

1.1 Demographics and Preferences

Each period corresponds to one year, and working life starts at t = 0 and lasts for Tw

periods. Retirement starts at t = Tw, and agents can live at most T periods. Before their

certain death in period t = T , investors face age-dependent mortality risk with survival

probability in period t + 1 conditional on survival in period t denoted by mt. We denote an

investor’s age as at = t + a0, where a0 is the age investors enter working life. Investors have

recursive CRRA utility over consumption streams. We denote investors’ annualized time

discount factor as β and relative risk aversion as γ.

1.2 Labor Market

At any point in time, investors can be in one of four employment states, denoted empt: E

= employed by the same employer as in the previous period, JJ = employed by a different

employer than in the previous period, U = unemployed in the current period, and Ret

= retired. The fact that investors face uncertainty about their future employment status,

in addition to earnings risk, is an important feature of our model because it introduces

deviations in income shocks from normality, which Guvenen et al. (2021) highlight as

important empirically.

Employment: empt = E. While working, investors earn an exogenous income wt. The

log income process consists of a deterministic component that is cubic in age, a stochastic

component that follows an AR(1) process with normally distributed innovations, and a

transitory shock that is normally distributed:

lnwt =δ0 + δ1at + δ2a2t + δ3a3t + ηt + εt, ηt = ρηt−1 + ξEt , (1)

ξE0 ∼ N(0, σ2
ξ0
), ξEt ∼ N(0, σ2

ξ), εt ∼ N(0, σ2
ε) ∀t > 0.
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Investors’ tenure status evolves according to tent = tent−1 +1 if they remain employed by the

same employer. We assume that the initial distribution of εEt is different in the first period

(t = 0) to account for heterogeneity in the initial period incomes.

Job transition: empt = JJ . While in the employed state (E), an investor may transition

from job-to-job with a probability πJJ(t, tent) that depends on both her age and tenure at

the current job. After a job-to-job transition, income evolves according to:

lnwt = δ0 + δ1at + δ2a2t + δ3a3t + ηt + εt, ηt = ρηt−1 + ξJJt , (2)

ξJJt ∼ N(µJJ , σ2
ξ), εt ∼ N(0, σ2

ε) (3)

This earnings process captures a wage premium associated with switching jobs. Investors’

tenure is reset to tent = 0 following a job-to-job transition.

Unemployment: empt = U . While in the employed state (E), an investor may become

unemployed with a probability πEU(t, tent) that depends on both her age and tenure at her

current job. When investors are unemployed, they receive unemployment benefits equal

to uit = ui(ηt), where ui(ηt) is described below. If investors become employed at t + 1 after

being unemployed in period t, income at t + 1 evolves according to

lnwt+1 = δ0 + δ1at+1 + δ2a2t+1 + δ3a3t+1 + ηt+1 + εt+1, (4)

ηt+1 = ρηt + ξUt+1, ξUt+1 ∼ N(µUE, σ2
ξ) εt+1 ∼ N(0, σ2

ε). (5)

This earnings process captures the persistent wage reduction associated with experiencing

unemployment.

Retirement: empt = Ret. In period t = Tw, all investors retire deterministically. During

retirement in periods t ∈ [Tw, T − 1], investors earn public pension benefits denoted by sst,

which are described below.

1.3 Savings Account

Investors start with zero assets at t = 0 and cannot borrow. They can accumulate assets

inside a liquid taxable savings account, which can be invested in one of two financial

assets. First, there is a risk-free bond that has a constant gross return of RB
t = Rf per year.

Second, there is a risky asset that corresponds to a diversified stock market index and pays

a stochastic i.i.d. gross return of RS
t = Rt per year, where

lnRS
t = lnRf + µs + εt, εt ∼ N(0, σ2

s). (6)
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The balance of the savings account, denoted by Lt, then evolves according to:

Lt+1 = (Lt + slt) [1 + (Rθ
t+1 − 1)(1 − τc)] , L0 = 0, (7)

where slt is the net savings that the investor places in this account, τc is the rate of capital

taxation, and Rθ
t is the investors’ portfolio return that depends on their portfolio share in

the risky asset, θt.

Rθ
t+1 = Rf + θt (RS

t+1 −Rf) . (8)

1.4 Government

Unemployment benefits. Investors receive an unemployment benefit of ui(ηt) when their

employment ends. This benefit depends on the labor productivity, ηt, from the last period

in which the agent was employed.

Retirement benefits. After retirement, investors receive Social Security benefits, denoted

by sst = ss(aeTw). aeTw is the investor’s average lifetime earnings at the time of retirement,

which evolves according to:

aet+1 =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

wt+1+t∗aet
t+1 , if t < Tw,

aeTw else.

Taxation. Investors face a nonlinear income tax schedule taxi(⋅), which depends on their

taxable income. For employed individuals or those in job transitions, their taxable income

is their wages. For unemployed or retired individuals, their taxable income is the benefits

they receive from the government.

1.5 Summary of Investors’ Problem

Investors face a dynamic optimization problem with 7 state variables: at = age, ηt = labor

productivity, εt = transitory income shock, empt = employment status, tent = tenure, aet
= average lifetime income, and Lt = savings. Denote the vector of these state variables as

xt. Investors have 3 controls: ct = consumption, θt = portfolio share, and slt = savings. In

choosing these controls, we restrict investors from borrowing and engaging in any margin

trading (i.e., short-selling or taking leveraged positions):

Lt ≥ 0, θt ∈ [0,1]. (9)
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1.6 Calibration

We calibrate our model parameters closely following Choukhmane and de Silva (Forth-

coming). We provide a brief overview here and refer the reader to that paper for a more

detailed discussion.

Demographics. We set the length of one period in the model to one year and set a0 = 22,

Tw = 43, and T = 68, such that workers are born at 22, retire at 65, and live their final year

of life at 89. For each age, we calibrate mortality risk to match the 2015 U.S. Social Security

Actuarial Life Tables. We use the equivalence scale estimated in Lusardi et al. (2017) to

capture changes in individual composition over the life cycle.

Labor income process. We use data from the Survey of Income and Program Participation

(SIPP) to estimate parameters of the labor income process and transition probabilities at

the annual frequency. This income process has several components. First, we estimate an

earnings process for workers staying in the same job, corresponding to (1), which contains

a deterministic and stochastic component. Second, we use data on employment transitions

from SIPP to estimate the median salary increase following a job-to-job transition, µJJ ,

and the median salary decrease when workers transition back to employment after an

unemployment spell, −µEU . Third, we use SIPP microdata to estimate the three transition

probabilities between the three labor market states. Finally, we set the initial unemployment

rate equal to 22%, which is the share in SIPP of unemployed individuals at age 22.

Asset returns. We set the net risk-free rate to be constant at 2% to match the average

market yield on 1-year Treasury Securities between 2015 and 2025. We set the equity

premium to be 6.4%, which is equal to the average inflation-adjusted return on the CRSP

Value-Weighted Index between 1925 and 2006 minus our 2% risk-free rate.5 We set the

volatility of log stock returns to 20%, which matches that of the CRSP Value-Weighted Index.

We assume that asset returns are uncorrelated with shocks to labor income and employment

transition probabilities.

Tax and benefit system. Investors’ tax liability, taxi(⋅), is calculated according to the 2025

U.S. federal income tax schedule for single filers who claim only the standard deduction.

We calculate Social Security benefits according to the 2025 formula with a Supplemental

Security Income program floor. Unemployment benefits are computed with a replacement

rate of 40%. We set the capital gains tax rate, τc, to 21%.

5We adjust for inflation using the CPI.
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2 Eliciting LLM-Based Financial Advice

In this section, we describe our selection of an LLM to apply our method and the

design of prompts used to elicit personalized financial advice. We then simulate the

sequence of LLM-based financial decisions for each individual over the life cycle. Finally, we

incorporate personal preferences and demographic variability, focusing on race and gender,

into our prompts to assess how the LLMs’ recommendations differ across preferences and

demographic groups.

2.1 Model Selection

We use a state-of-the-art model, GPT-5 mini, recently released by OpenAI (OpenAI 2025).

This model represents the latest generation of publicly accessible large language models

and closely reflects the systems that users engage with through ChatGPT and similar AI

interfaces. Additionally, survey evidence suggests that when searching for financial advice

from LLMs, individuals’ most common choice is ChatGPT (Lloyds Banking Group 2025; J.D.

Power 2025). We select GPT-5 mini instead of the full GPT-5 model primarily for reasons

of cost efficiency.

2.2 Baseline Prompt Design

We design a detailed prompt that asks an LLM to provide financial advice to a hypothetical

individual. The prompt outlines baseline assumptions about the economic environment,

including expected asset returns, tax and Social Security rules. These assumptions provide

the LLM with enough context to generate coherent and feasible financial advice.6 To enable

personalized recommendations, we include individual-specific state variables, such as age,

income, balances in both the individual’s savings and investment accounts, employment

status, job tenure, and average past income. These variables capture the key determinants of

optimal behavior in our life cycle model. However, we do not provide detailed information

about the distribution of income and employment risk, such as higher moments of the

income process or employment transition probabilities, beyond a statement in our baseline

prompt about “normal job market risk”. The LLM is then asked to jointly determine the

individual’s optimal consumption, saving, and investment decisions. When designing

this prompt, we aim to strike a balance between providing information in a way that

resembles how a typical individual would interact with an LLM, while also ensuring that

6To assess the sensitivity of our results to the baseline assumptions, we rerun the analysis omitting all
economic assumptions except the portfolio allocation and accumulation rules. The results remain consistent
with our main findings. See Section 2.3 for additional discussion.
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Table 1. Mapping Between Baseline LLM Prompt Assumptions and Life Cycle Model Calibration

LLM Prompt Assumption Life Cycle Model Implementation

“Normal life expectancy” Mortality risk calibrated to SSA life tables

“Normal retirement age” Exogenous retirement at age 65

“Normal job market risk”
Persistent income risk and employment transitions
calibrated to SIPP data, varying by age, income, and
tenure

“Current U.S. tax and Social Security rules
stay unchanged”

2025 Federal income tax schedule (single filer) and
Social Security benefit formula

“Risk-free savings earn 2.0% real return
annually”

2% annual risk-free return

“Real stock returns match the 60-year U.S.
total stock market historical average”

Log-normal returns: 6.4% equity premium, 20% stan-
dard deviation, uncorrelated with income

“I am single with no dependents and have
no bequest motive. I do not care about
wealth after death.”

One individual per household and zero utility from
bequests

Notes: This table summarizes the correspondence between the baseline assumptions in the LLM prompts and their calibration in the life
cycle model.

the LLM receives enough inputs to produce choices consistent with fundamental economic

constraints, such as the budget constraint. The full baseline prompt is presented in Figure A1.

Table 1 shows how the baseline assumptions of our prompt correspond to the calibration of

our life cycle model.

We use this prompt to simulate individual decisions by sequentially prompting an LLM

to provide financial advice to each individual throughout the life cycle. In each period,

the individual’s personal information is fed into the prompt, and the LLM recommends

consumption, saving, and investment decisions. The realizations of the model’s exogenous

state variables are identical to those in our benchmark life cycle model. The key difference

is that we treat the LLM’s recommended choices as the individual’s policy functions and

update the endogenous state variables accordingly. Specifically, at the beginning of each

year, individuals receive their annual income and implement the LLM’s consumption and

portfolio recommendations as their choices. These choices generate asset returns over the

year, and the resulting account balances and portfolio shares become inputs for the next

period’s prompt. For additional details, see Appendix A.
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2.3 Additional Prompt Variations

Parsimonious prompt. To examine the robustness of the LLM’s recommendations and

assess their sensitivity to the baseline economic assumptions, we construct a more parsimo-

nious prompt. This alternative prompt does not include any of the assumptions reported in

Table 1, while keeping all other inputs identical to the baseline prompt. See Figure A2 for

the full description of this parsimonious prompt.

Time and risk preferences. We examine how LLMs capture individual time and risk

preferences. To reflect how economists typically elicit these preferences, we include

information on how the individual values resources at different points in time and on their

certainty equivalent for a given lottery. Panel B of Table 2 reports the prompt statements used

to convey information about time and risk preferences. We construct the risk-preference

statement by deriving the certainty equivalent of a lottery under CRRA utility as described

in Appendix A.2. Figure A3 and Figure A4 provide examples of the individual-specific

prompts that include time- and risk-preference statements, separately.

Demographics. To assess how the models respond to demographic heterogeneity, which

prior literature has shown is important (Fedyk et al. 2025; Cen et al. 2025), we consider

eight demographic groups defined by the intersection of two genders (male and female)

and the four largest racial and ethnic groups in the U.S. (White, Black, Hispanic, and

Asian). For each group, we then incorporate the demographic attributes in the prompts and

sequentially query the LLM for advice, while keeping the income and employment processes

identical across groups. Panel C of Table 2 reports the prompt statements, while Figure A5

gives an example of an individual-specific prompt that includes a demographic statement.

3 Comparing LLM Financial Advice Against the Life Cycle

Model

In this section, we begin by describing the financial advice provided by the LLM, specifi-

cally how it varies according to an individual’s state and preferences. We then compare this

advice quantitatively with the optimal policy from our life cycle model.

3.1 LLM Advice Qualitatively Aligns with Standard Life Cycle Theory

Figure 1 shows the median consumption, wealth, and stock share by age that are

chosen by LLM-simulated individuals, along with the corresponding 25th-75th percentiles;

additional summary statistics are presented in Table A1. The left panel shows that, consistent
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Table 2. Summary of Individual-Specific LLM Prompt Variations

Category LLM Prompt Statement

Panel A: Employment and Income

Case 1: Employed
Employment “I have started a new job this year”

“I have been working at the same firm for {tenure} years.”
Current Income “My annual take-home pay income (after taxes) is $X this year”
Past Income “My average annual income since age 22 is $Y. Going forward, my

average income will determine my Social Security benefits in retirement”
Case 2: Unemployed
Employment “I am currently unemployed”
Current Income “My annual unemployment benefit income (after taxes) is $X this year”
Past Income “My average annual income since age 22 is $Y. Going forward, my

average income will determine my Social Security benefits in retirement”
Case 3: Retired (Age ≥ 65)
Employment “I am retired”
Current Income “My annual Social Security benefit income (after taxes) is $X this year”

Panel B: Preferences

Time Preference “Your advice should reflect my time preference. Roughly, $Z this year
feels about the same as $100 next year”

Risk Preference “Your advice should reflect my risk tolerance. I would be indifferent
between winning a guaranteed $W and a 50% chance of winning $G”

Panel C: Demographics

Gender & Race “I am a {White/Black/Hispanic/Asian} {man/woman}”

Notes: This table summarizes the individual-specific statements used in the LLM prompts.

with textbook life cycle theory, the LLM recommends that individuals smooth their income

over working life such that consumption is much flatter than income. The LLM-simulated

individuals achieve this by saving more during working life and consuming less than their

income, while saving less and withdrawing after age 55 and consuming more than their

income. This is reflected in their wealth accumulation in the middle panel: individuals

following the LLM’s advice build up a large stock of over $1 million in assets by the time

they retire at age 65.

Turning to portfolio choices, Table A1 shows that the LLM recommends that more than

99% of individuals participate in the stock market. The right panel of Figure 1 shows that

the recommended equity shares are relatively high, around 65% on average, and decrease
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with age. Qualitatively, these portfolio choices are consistent with textbook theories of

portfolio choice with human capital (e.g., Merton 1969; Gomes 2020). While less steep

than a typical target-date fund glide path, the LLM’s recommended equity allocation in

working life is remarkably similar to the average equity shares that retirement savers choose

when making active portfolio choices (Choukhmane and de Silva Forthcoming).

Before proceeding to our main findings, we assess the robustness of our results to

prompt design. We consider an alternative prompt that excludes all economic environment

assumptions listed in Table 1 (see Section 2.3 for details). As shown in Figure A6, our

results from using this minimal prompt are quantitatively nearly identical to our baseline.

This suggests our findings are robust to small variations in prompt design.

Figure 1. Life Cycle Profiles of LLM-Recommended Consumption, Wealth, and Stock Shares
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Notes: This figure plots the life cycle profiles for the simulated individuals who follow the LLM’s recommended choices using the baseline
prompt, as described in Section 2.2. Ages (22-89) are grouped into 20 equally sized bins. The left panel shows consumption and post-tax
salary; the middle panel shows wealth accumulation; and the right panel shows the stock share. Dots denote median values within each
bin, and shaded areas represent the interquartile range (25th-75th percentile). All values are in 2025 dollars.

3.2 LLM Advice is Extremely Patient and Moderately Risk Averse

Having characterized the basic properties of the LLM’s financial advice, we now turn

to a quantitative comparison with our life cycle model. Our approach is to estimate the

intertemporal discount factor (β) and coefficient of relative risk aversion (γ) that would

rationalize the LLM’s recommendations using the simulated method of moments (SMM).

Specifically, we estimate the values of β and γ that minimize the difference between model-

generated and LLM-generated life cycle profiles. We target two sets of moments: the

wealth-to-income ratio during working years and the equity share over the full lifespan (see

Appendix B for additional details).

The first row of Table 3 shows the estimated values when using the baseline LLM prompt,
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which are β = 1.06 and γ = 4.65. This estimated value of risk aversion suggests that the LLM’s

advice is moderately risk averse, and is within the range of standard estimates. However,

the estimated intertemporal discount factor is unrealistically high, well above one. At these

estimated values, Figure 2 compares the life cycle profiles of consumption, wealth, and

equity shares between the model and the LLM. The results show that, even with this high

discount factor, the LLM decumulates assets in retirement at a much slower rate than in

our model, resulting in lower consumption. While bequests could in principle explain this,

our prompt explicitly states that individuals have no bequest motive and do not care about

wealth after death.7

Table 3. Simulated Method of Moments Estimation Results

Prompted Values Estimated Values

β γ β̂ γ̂

Baseline (No Preference Prompts)
- - 1.06 4.7

Time Preference Prompts
0.9 - 0.98 5.5
0.95 - 1.04 5
0.99 - 1.06 4.7

Risk Preference Prompts
- 2 1.03 6.5
- 5 0.96 9.5
- 8 0.92 11

Notes: This table presents the results of our grid search estimation. The left two columns show the β or γ that we input into the LLM
model using the prompts shown in figures A3 and A4. The two columns on the right present the results of our grid search estimation,
where we minimize the sum of squared proportional errors between a set of LLM simulation moments and their equivalent moments
calculated in the life cycle for each set of preference points on a naive grid. The moments we use are the mean wealth to income ratio in
each year of working life and the mean equity share for each year in the full life. For a full description of how this estimation works, see
section B.

Turning to equity shares in the right panel of Figure 2, we find that the life cycle profile

of equity shares in our model is quite close to that recommended by the LLM. A notable

exception is the first few years of life, in which the model’s equity share is 100% at the

mean, which is a well-known feature of portfolio choice models with standard preferences,

uncorrelated labor income risk, and no participation costs (Cocco et al. 2005). In contrast,

the LLM recommends a lower equity share of around 80% early in life. This finding is

consistent with life cycle models that feature a positive correlation between labor income risk

and stock returns (Benzoni et al. 2007; Catherine 2022). In these models, this correlation
7Table A2 shows that our estimates are almost identical if we instead use the simpler prompt, which

(among other assumptions) omits the statement about no bequest motive. See Figure A6.
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makes human capital less bond-like, reducing the optimal equity share, especially early in

life.

Figure 2. Comparison of Life Cycle Profiles Between LLM and Life Cycle Model
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Notes: This figure compares life cycle profiles of consumption, wealth, and stock allocation between LLM-generated and model-based
recommendations. Blue dots represent simulated outcomes when individuals follow the LLM’s advice (baseline prompt described in
Section 2.2). Red triangles represent outcomes from the structural life cycle model (Section 1). Each point shows the median value for
one of 20 equal-sized age bins, with shaded areas indicating the interquartile range (25th-75th percentile). All values are in 2025 dollars.

3.3 LLM Advice Can Quantitatively Incorporate Stated Preferences

Next, we ask how the recommendations of the LLM respond to providing time and risk

preferences in the prompt, as described in Section 2.3. In Panel A of Figure 3, we show

how the life cycle profiles of wealth and stock shares vary as we vary the provided time

preference rate. For reference, we also include the baseline profiles from Figure 1 that

correspond to the case in which no preferences were provided. Consistent with standard

theory, a higher discount factor causes the LLM to recommend more wealth accumulation.

Quantitatively, the baseline simulation (without prompting any time preference) produces

results most similar to the case where we prompt the LLM with β = 0.99.

Panel B of Figure 3 shows the same analysis as in Panel A, where we vary risk preferences

that are provided in the prompt instead of time preferences. As the provided risk aversion

increases, the LLM recommends slightly less wealth accumulation and, more importantly,

meaningfully lower equity shares, which is consistent with standard models of portfolio

choice. Comparing the cases with risk preference prompts to the baseline shows that

providing risk preference information leads to more risk-averse LLM recommendations.

Even when prompting with lower values of risk aversion that are more in line with the

literature, the LLM recommends lower equity allocations than in the baseline case.
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Figure 3. Life Cycle Profiles of LLM Recommendations with Varying Preferences

Panel A: Varying Time Preferences
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Notes: This figure illustrates preference heterogeneity in life cycle profiles for the simulated individuals who follow the LLM’s recommended
choices using prompts with specified individual preferences, as described in Section 2.3. The realizations of exogenous shocks are
identical across groups except for their prompted preference values. Ages (22-89) are grouped into 20 equally sized bins. Panel A shows
median wealth (left) and stock share (right) within each bin under different time preferences, while Panel B shows the corresponding
results under different risk preferences. The blue line and shaded area represent the baseline results in which no preferences are specified,
as shown in Figure 1. All values are in 2025 dollars.

While Figure 3 shows that the LLM’s financial advice can qualitatively respond to changes

in time and risk preferences in ways consistent with standard theory, we next assess whether

it does so quantitatively. For each of the different values of the provided time preferences

and risk aversion, we perform a separate SMM estimation using the same procedure
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described previously. The results are shown in the separate rows of Table 3. Figure 4 plots

these estimated values against the corresponding values that are provided in the prompt.

The left panel of Figure 4 shows that the LLM’s recommendations do a quantitatively

good job of incorporating different provided time preferences. The estimated discount

factor increases nearly one-to-one with the prompted value, and the relationship is almost

parallel to the 45-degree line. This suggests the LLM can effectively tailor its advice to

different preferences, a finding we view as promising for personalization. However, the

estimates lie consistently above the 45-degree line: the LLM’s recommendations require

higher patience than prompted to rationalize. For instance, prompting β = 0.99 yields an

estimated β̂ = 1.06. This upward shift reflects the LLM’s tendency to recommend very high

asset accumulation.

Figure 4. Comparison of Estimated and Prompted Preferences
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Notes: This figure compares the preference parameters provided in the LLM prompt with those estimated from the simulated life cycle
profiles of individuals who follow the LLM’s recommended choices. The left panel shows the intertemporal discount factor (β), and
the right panel shows the coefficient of relative risk aversion (γ). Each blue dot represents a pair consisting of a prompted preference
value (βprompt or γprompt), and the corresponding simulated method of moments (SMM) estimate (βestim or γestim) inferred from the LLM
advice, as discussed in Section 3.2. The horizontal gray dotted lines indicate the estimated values from the baseline LLM simulation
without preference statements in the prompt, as described in Section 2.2. The red dashed line denotes the 45-degree line.

The right panel of Figure 4 repeats the same analysis for the prompts that vary risk

aversion instead of time preferences. Here we again find that the LLM quantitatively

incorporates stated preferences: estimated risk aversion increases nearly one-to-one with

prompted risk aversion, with points roughly parallel to the 45-degree line. However, the

estimates again lie consistently above the 45-degree line. Even when prompting low risk

aversion (γ = 2), the estimated coefficient is (γ̂ = 6.5). This indicates that the LLM’s advice

is systematically more risk-averse than the prompted risk preferences.
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3.4 LLM Advice Often Relies on Simple Heuristics

Given the differences between the LLM’s financial advice and our life cycle model in

Figure 2, we now try to understand these differences by looking at the individual-level

recommendations from the LLM. In Figure 5, we plot the distribution of savings rates,

defined as contributions to savings accounts divided by wage and benefit income, in the left

panel and the distribution of raw savings amounts in the right panel. In both panels, we

focus on savings amounts pre-retirement, when individuals are disproportionately saving as

opposed to withdrawing. The blue bars are a histogram of the LLM recommendations, while

the light red line is the corresponding distribution in our model. Both panels show that the

LLM disproportionately recommends savings amounts and rates that are round numbers,

with 30% of savings rates being in multiples of 10% and 34% of savings amounts being in

multiples of $5K. Figure A7 shows that the prevalence of both of these heuristics seems to

be pretty consistent across age and income. By construction, these types of heuristics are

not present in the choices made by our life cycle model.

Figure 5. Saving Heuristics in LLM Advice

Share at multiples of 10%:
30.2%

0
2
4
6
8

10
12
14

Pe
rc

en
t (

%
)

0% 10% 20% 30% 40% 50%
Contributions to Savings Accounts (% of earnings)

LLM Life Cycle Model

Ages ≤65, Saving rate in (0%,51%]

Distribution of Contribution to Earnings Ratio

Share at multiples of $5k:
33.9%

0
2
4
6
8

10
12
14

Pe
rc

en
t (

%
)

0 $5k $10k $15k $20k $25k $30k $35k $40k $45k $50k
Contributions to Savings Accounts ($)

LLM Life Cycle Model

Ages ≤65, Saving between $1-$51,000

Distribution of Contributions to Savings Accounts

Notes: This figure plots the distributions of savings rates and savings amounts in both the LLM advice and the life cycle model for the
simulated individuals during the pre-retirement period. The LLM advice is generated using the baseline prompt described in Section 2.2.
The left panel compares the distributions of savings rates, defined as the ratio of savings amounts to income, between 0 and 51%. The
right panel compares the distributions of savings amounts between $1 and $51,000. Blue histograms represent the LLM advice, and dark
blue bars highlight heuristic savings, with spikes in savings rates at multiples of 10% (left) and in savings amounts at multiples of $5,000
(right). The red lines represent the corresponding distributions from the life cycle model described in Section 1. All values are in 2025
dollars.
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Figure 6 repeats the same analysis as in Figure 5 for withdrawal amounts during re-

tirement. We find that over 85% of the LLM’s recommended withdrawals respect the

4% withdrawal rule, which is a rule that was popularized by Cooley et al. (1998) and is

recommended by many financial advisors. In contrast, almost no individuals in our life

cycle model choose withdrawal rates below 4%, consistent with the fact that the LLM’s

advice is overly conservative. Additionally, as in the case of savings amounts, the LLM

disproportionately recommends withdrawal amounts that are in round increments, but this

behavior is far less pronounced.

Figure 6. Withdrawal Heuristics in LLM Advice
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Notes: This figure plots the distributions of withdrawal-to-wealth ratios and withdrawal amounts in both the LLM advice and the life cycle
model for the simulated individuals during the retirement period. The LLM advice is generated using the baseline prompt described in
Section 2.2. The left panel compares the distributions of the withdrawal-to-wealth ratios between 0 and 51%. The right panel compares
the distributions of withdrawal amounts between $1 and $100,000. Blue histograms represent the LLM advice, and dark blue bars
highlight heuristic withdrawals, with spikes in withdrawal-to-wealth ratios at 4% (left) and in withdrawal amounts at multiples of $5,000
(right). The red lines represent the corresponding distributions from the life cycle model described in Section 1. All values are in 2025
dollars.

Turning to portfolio choices, Figure 7 shows the distribution of equity shares recom-

mended by the LLM before and after retirement. During working life, the LLM recommends

a participation rate of essentially 100%, but a disproportionate fraction of the recommen-

dations are for an equity share of 60% consistent with the popular “60-40” stock-bond

allocation rule.8 This 60-40 allocation is most common in the middle of individuals’ work-

ing lives, where the share choosing this exact allocation increases to almost 25%. During

retirement, the LLM starts recommending non-participation occasionally—around 4% of

the time—and centers its allocations around the 60-40 rule. However, the fraction of

individuals following this exact rule is lower than during working life.
8Figure A8 examines the prevalence of two other common heuristics: the (120-age) and (110-age) rules.
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Figure 7. Investing Heuristics in LLM Advice
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Notes: This figure shows heuristic patterns in equity shares recommended by the LLM for the simulated individuals. The LLM advice
is generated using the baseline prompt described in Section 2.2. The left panel plots the distributions of equity shares before return
realization during the pre-retirement period, while the middle panel plots the distributions during the retirement period. The right panel
shows the share of LLM-recommended equity shares consistent with the 60-40 rule across ages 22-89, with ages grouped into 20 equally
sized bins.

3.5 LLM Advice Responds Passively to Shocks

The final aspect of the LLM’s financial advice that we compare with our life cycle model

is how it responds to shocks. We focus on the two most important types of shocks in our

model: realizations of stock returns and job loss.

To study return shocks in the LLM and the life cycle model, we start by computing a

measure of passive rebalancing from Calvet et al. (2009) that captures the change in an

individual’s portfolio share from period t to t + 1 that would be expected if the individual

did not make an active portfolio choice decision and, therefore, let their portfolio “drift”

with the return realization. The left panel of Figure 8 then shows a binscatter plot of the

actual total portfolio change between two periods and this measure of passive portfolio

drift. As expected, in our life cycle model with CRRA preferences, these two measures are

essentially uncorrelated because target asset allocations are not sensitive to wealth, and

individuals make active portfolio choices each period. However, as the left panel shows, the

LLM’s financial advice exhibits a relationship between actual and passive portfolio choices

that is close to one. This shows that the LLM exhibits substantial inertia in its portfolio

choices, consistent with the evidence in Calvet et al. (2009) and Choukhmane and de Silva

(Forthcoming). Quantitatively, Calvet et al. (2009) estimate a regression coefficient between

actual and passive portfolio changes of 0.5 using observational data, suggesting that the

LLM recommendations exhibit around twice as much inertia.

The right panel of Figure 8 performs an event study of consumption around transitions
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Figure 8. Responsiveness of LLM Advice to Shocks
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Notes: This figure compares the responsiveness to shocks between the LLM advice and the life cycle model. The LLM advice is generated
using the baseline prompt described in Section 2.2. Blue dots denote the LLM advice, red triangles denote the life cycle model results,
and the orange dashed line indicates the post-tax salary path implied by the life cycle model described in Section 1. The left panel
presents a binscatter plot of average actual portfolio change against passive portfolio drift. The actual portfolio change is defined as the
adjustment in the equity share prior to return realization from one period to the next. Passive portfolio drift is defined as the change in
the equity share from before return realization at the beginning of the period to after return realization at the end of the period. Passive
portfolio drifts are grouped into 20 equally sized bins. The right panel plots the average ratio of consumption relative to its level five
years prior to unemployment, along with 95% confidence intervals, and the average ratio of post-tax salary relative to its level five years
prior to unemployment within a five-year window around the unemployment event.

from employment to unemployment, during which an individual’s income drops by around

50%. This event study has been performed many times using observational data, starting

with Gruber (1997), and typically finds that consumption drops upon the transition. In our

life cycle model, we do not see a meaningful drop in consumption as individuals use their

buffer stocks of assets to smooth the shock. In contrast, we find that the LLM’s consumption

drops by around 20%, indicating that it fails to smooth consumption despite accumulating

sizable liquid asset balances. Quantitatively, the size of the drop in consumption at the time

of unemployment is around 20%, which is very close to the estimates in Gruber (1997) and

Ganong and Noel (2019).

4 Variability in LLM Financial Advice

In this final section, we document two sources of variability in the LLM’s financial advice

that warrant caution. The first is differences in advice across demographic groups, and the

second is differences in recommendations between repeated queries of the same prompt.

4.1 Variation in Advice Across Demographic Groups

To assess the extent to which the LLM’s recommendations vary with demographics, we

adjust our prompt to include demographic information, as described in Section 2.3. We

22



consider eight different demographic groups and hold the realizations of the exogenous

state variables fixed across groups. Figure 9 shows the differences in wealth at age 60,

cumulative discounted savings before 60, and average stock shares before 60 between the

eight groups. In all panels, we show differences relative to a baseline demographic category

(White man) in the first column.

The left panel of Figure 9 shows that LLM recommendations generate substantial differ-

ences in wealth accumulation across racial and ethnic groups, even when all other inputs

are held constant. Following the LLM’s advice, an Asian man accumulates approximately

$24,000 more wealth than a Black man with identical labor market and asset return experi-

ences. White and Hispanic men accumulate similar amounts of wealth, falling between the

levels achieved by Black and Asian men. The middle and right panels reveal the mechanism

behind these wealth differences by race and ethnicity: they are primarily driven by variation

in savings rates rather than portfolio allocation decisions. The LLM recommends higher

savings rates for Asian men and lower rates for Black men (middle panel), while portfolio

recommendations are largely similar across groups (right panel). Notably, these patterns of

saving behavior align with empirical evidence from U.S. retirement savings plans, where

Asian workers save the most and Black workers save the least among the four largest

racial and ethnic groups, even after controlling for age, income, and other observable

characteristics (Choukhmane et al. 2025a). As shown in Figure A10, these differences in

LLM-recommended savings rates are largest early in the life cycle.

The left panel of Figure 9 also shows significant heterogeneity in wealth accumulation

between men and women. At age 60, women accumulate significantly less wealth than

men in all racial or ethnic groups except Black. The middle and right panels decompose this

gap into two components: women are generally recommended lower savings rates than

men, and are also advised by the LLM to hold lower equity shares. Across all demographic

groups, the LLM recommends that women choose lower equity shares than men. This gap

is largest early in the life cycle: for women in their 20s, the LLM recommends allocating

nearly 2pp less of their wealth to equities than otherwise identical men (Figure A11). This

pattern is consistent with empirical evidence on gender differences in portfolio allocation

(Agnew et al. 2003).

While the results in this section show that the LLM’s recommendations vary systematically

with demographics, we cannot say what drives these differences. One possibility is that

they reflect the LLM inferring unstated variation in preferences or economic circumstances

across groups. Another possibility is that the LLM simply reproduces demographic patterns

present in popular financial advice used to train the LLM.
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Figure 9. Demographic Heterogeneity of Life Cycle Profiles for LLM-based Individuals
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Notes: This figure presents demographic heterogeneity of life cycle profiles for the simulated individuals that follow the LLM’s
recommended choices using the demographic-specified prompt, as described in Section 2.3 and Panel C of Table 2. The realizations of
exogenous shocks are identical across groups except for their demographic characteristics. The left panel shows the median difference in
total wealth relative to the White man group at age 60. The middle panel shows the median difference in the ratio of cumulative present
discounted value (PDV) of total contributions to cumulative PDV of income, also relative to the White man group at age 60. The right
panel shows the average difference in equity share relative to the White man group before age 60. Total contributions are defined as the
sum of net contributions to both the stock investment and savings accounts for each individual in each year. To impute the cumulative
PDVs of contributions and income, we construct the annual discount rate as the weighted average of the stock market return (8%) and
risk-free savings returns (2%), with weights based on the average stock share of individuals across all demographic groups in each year.
All values are in 2025 dollars.

4.2 Variation in Advice with an Identical Prompt

The second source of variation that we study is variation in the LLM’s recommendations

between repeated queries with identical prompts and inputs. This randomness arises

because GPT-5 mini is a reasoning model and, therefore, does not have a temperature

parameter that can be adjusted by the user through the API to eliminate randomness during

inference. To assess its importance, we query the LLM three additional times with the

exact same prompt and set of realizations of exogenous shocks. In Figure 10, we plot the

absolute percent deviation of average wealth, consumption, and equity shares across these

four simulations.

The results in Figure 10 show that there is non-trivial variation in the recommendations of

the LLM, even with the same prompt and inputs. For wealth and consumption, the median

absolute deviation is around 10%. In the case of equity shares, we find that it is a bit

smaller: around 5pp at the median. To quantify whether these differences are large or small,

Table A2 estimates the time discount factor and risk aversion in all these simulations. We

find that the discount factor is identical, while risk aversion varies from 4.4 to 4.7. We view

this variation in the average recommendations summarized by the estimated preference

parameters as relatively small. Nevertheless, acknowledging this variation is important,

especially in contexts where individual-level financial advice is of primary interest, and our

results suggest that one way to address it is to reprompt the LLM several times.
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Figure 10. Irregular Variability of Life Cycle Profiles for LLM-based Individuals
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Notes: This figure presents irregular variability of life cycle profiles for the simulated individuals that follow the LLM’s recommended
choices. The LLM inputs are identical across four simulations, and any variation arises solely from the endogenous LLM advice generated
sequentially for each individual in each simulation, as described in Section 4.2. Ages (25-89) are grouped into 20 equally sized bins. The
left panel shows the absolute deviation from the average wealth by age, the middle panel shows the absolute deviation from the average
consumption by age, and the right panel shows the absolute deviation from the average equity share by age. The blue dots indicate the
median values, and the shaded areas indicate the corresponding interquartile range (25th-75th percentile) within each bin. All values are
in 2025 dollars.

5 Conclusion

In this paper, we study how AI-generated personal financial advice from Large Language

Models (LLMs) compares to economists’ normative models, using a canonical life cycle

model as an application. We develop and implement a method to evaluate LLM financial

advice by simulating thousands of life cycle paths for consumption, saving, and portfolio

choices under realistic income, employment, and asset return scenarios. Applying our

method to OpenAI’s GPT-5 mini, we find that the advice qualitatively aligns with standard

life cycle theory but deviates systematically in four key ways: (i) recommended consumption

and saving paths imply unrealistically high patience, with estimated intertemporal discount

factors well above one; (ii) recommended choices often reflect simple heuristics, such as

round savings rates, fixed-percentage withdrawal rules in retirement, and common asset

allocation rules-of-thumb; (iii) LLM recommendations exhibit substantially more inertia in

portfolio rebalancing and less consumption-smoothing than our normative benchmark; and

(iv) holding all else constant, recommendations vary systematically across demographics

and between repeated identical queries.

Collectively, our results suggest that generative AI has the potential to become an afford-

able, widely available source of high-quality personal financial advice. One potential benefit

of this new source of financial guidance is that it may overcome the significant costs, biases,

and conflicts of interest associated with traditional human financial advisors (Reuter and

Schoar 2024). However, our findings also highlight important limitations. The variation in
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recommendations across demographics and between identical queries raises concerns about

fairness, reliability, and consistency, as emphasized by Lo and Ross (2024). Moreover, the

LLM’s reliance on heuristics may lead to suboptimal advice, especially for complex financial

decisions or when individual circumstances deviate from typical cases. These findings

suggest that while generative AI offers a promising avenue for innovation in financial

advice, regulatory frameworks may need to evolve to address the unique challenges of

AI-generated advice.
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Appendix A. Additional Details on LLM Prompts

A.1 Model Parameters

We use GPT-5 mini and set the reasoning effort to the “low” level. We select this setting over

higher levels primarily for reasons of speed and cost efficiency.

A.2 Specification of Risk Preferences

We construct the risk-preference statement in the prompt by computing the certainty equivalent

of a simple lottery under CRRA utility. Let utility be given by:

U(w) =
w1−γ

1 − γ
(10)

The individual with total wealth w is assumed to be indifferent to receiving a certain amount

CE and facing a lottery that pays 0 with probability 0.5 and g × w with probability 0.5. We set

g = 0.5, corresponding to a 50% gain in the total wealth before return realizations. When we do

this calculation, we use liquid wealth holdings plus current period income to calculate total wealth.

Formally,

U(w +CE) = 0.5 ×U(w) + 0.5 ×U(w × (1 + g)), U(w) =
w1−γ

1 − γ
, g = 0.5 (11)

Solving this equation yields the certainty equivalent:

(w +CE)1−γ

1 − γ
= 0.5 ×

w1−γ

1 − γ
+ 0.5 ×

((1 + g) ×w)
1−γ

1 − γ
CE

w
= (0.5 + 0.5 × (1 + g)1−γ)

1
1−γ
− 1

CE = w ×
⎛

⎝

(0.5 + 0.5 × (
3

2
)
1−γ
)

1
1−γ

− 1
⎞

⎠

(12)

A.3 Prompts

In the remainder of this section, we provide a set of representative prompt examples and a

summary table of the individual-specific prompts.
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Figure A1. Example of the Baseline Prompt for LLM Financial Advice

PROMPT EXAMPLE

SYSTEM

You are a U.S. financial advisor. Given my age, employment status, annual post-tax salary, average
annual post-tax income (since age 22), current stock allocation, taxable-account balances and total net
wealth, give the best financial advice tailored to my circumstances under these baseline assumptions:
- Normal life expectancy, retirement age, and job market risk
- Current U.S. tax law and Social Security rules stay unchanged
- Risk-free savings earn 2.0% real return annually
- Real stock returns match the 60 year U.S. total stock market historical average
- Salary can be allocated between consumption, a stock investment account (earning the assumed

stock return), and a risk-free savings account (earning the risk-free return)
- All returns are compounded and reinvested in their respective accounts
Based on this, think step by step provide your best advice as a JSON with double quotes, and address
the following:
1. How much should I consume this year in dollar amounts (taking into account all my living expenses

over the year)?
2. Should I contribute to, withdraw from, or keep unchanged my taxable risk-free savings account?
3. Should I invest in, withdraw from, or keep unchanged my taxable stock investment account?
4. Should I transfer between the risk-free savings account and the stock investment account?
5. For the taxable risk-free savings account:

- if contributing, how much should I contribute in dollar amounts?
- if withdrawing, how much should I withdraw in dollar amounts?

6. For the taxable stock investment account:
- if investing, how much should I invest in dollar amounts?
- if withdrawing, how much should I withdraw in dollar amounts?

7. If transferring between accounts:
- how much should I transfer from the risk-free saving account to the stock investment account in

dollar amounts?
- how much should I transfer from the stock investment account to the risk-free saving account in

dollar amounts?
Other constraints must be verified:
- withdrawals ≤ current balances
- transfers ≤ current balances
- the most important constraint is this mechanical accounting identity (highest priority):

consume_amt = income + save_withdraw + invest_withdraw - save_contrib - invest_contrib
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PROMPT EXAMPLE

SYSTEM (CONTINUED)
Just output this json result without other explanations.
For example: {

"consume_amt": <dollar amount to consume this year; cannot exceed the sum of income and
withdrawals net of contributions to the risk-free savings and investment accounts>,
"ind_save": <1 if contributing to taxable risk-free savings account; 0 if not contributing (either
withdrawing or keeping the balance unchanged)>,
"ind_invest": <1 if investing in taxable stock investment account; 0 if not investing (either
withdrawing or keeping the balance unchanged)>,
"ind_transfer": <1 if transferring from risk-free savings account to stock investment account; 2
if transferring from stock investment account to risk-free savings account; 0 if no transfer>,
"save_contrib": <dollar amount if saving (ind_save=1); cannot exceed income. Null if
ind_save=0>,
"save_withdraw": <dollar amount if ind_save=0. If withdrawing, amount must be > 0 and cannot
exceed net wealth in the savings account. If keeping unchanged, set to 0. Null if ind_save=1>,
"invest_contrib": <dollar amount if investing (ind_invest=1); cannot exceed income. Null if
ind_invest=0>,
"invest_withdraw": <dollar amount if ind_invest=0. If withdrawing, amount must be > 0 and
cannot exceed balance in the stock account. If keeping unchanged, set to 0. Null if ind_invest=1>,
"transfer_s2i_amt": <dollar amount if ind_transfer=1; cannot exceed balance in the savings
account. Null otherwise>,
"transfer_i2s_amt": <dollar amount if ind_transfer=2; cannot exceed balance in the stock
account. Null otherwise>

}

USER

HERE IS MY INFORMATION:
- age: 35 years old
- I have started a new job this year
- My annual take-home pay income (after taxes) is $119,483 this year
- My average annual income since age 22 is $82,666. Going forward, my average income will

determine my social security benefits in retirement
- Taxable risk-free savings account balance: $54,403
- Taxable stock investment account balance: $168,949
- Total net worth: $223,352
- Current stock allocation: 76%
Respond with JSON only. No prose.
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Figure A2. Example of the Parsimonious Prompt

PROMPT EXAMPLE

SYSTEM

You are a U.S. financial advisor. Given my age, employment status, annual post-tax salary, average
annual post-tax income (since age 22), current stock allocation, taxable-account balances and total net
wealth, give the best financial advice tailored to my circumstances under these baseline assumptions:
- Salary can be allocated between consumption, a stock investment account (earning the assumed

stock return), and a risk-free savings account (earning the risk-free return)
- All returns are compounded and reinvested in their respective accounts
Based on this, think step by step provide your best advice as a JSON with double quotes, and address
the following:
(All remaining inputs are identical to those in the baseline prompt)
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Figure A3. Example of the Individual Prompt with Time Preferences: β = 0.9

PROMPT EXAMPLE

USER

HERE IS MY INFORMATION:
- age: 51 years old
- I have been working at the same firm for 3 years
- My annual take-home pay income (after taxes) is $36,855 this year
- My average annual income since age 22 is $49,269. Going forward, my average income will

determine my social security benefits in retirement
- Taxable risk-free savings account balance: $20,790
- Taxable stock investment account balance: $516,227
- Total net worth: $537,017
- Current stock allocation: 96%
- Your advice should reflect my time preference. Roughly, $90 this year feels about the same as $100

next year
Respond with JSON only. No prose.
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Figure A4. Example of the Individual Prompt with Risk Preferences: γ = 2

PROMPT EXAMPLE

USER

HERE IS MY INFORMATION:
- age: 51 years old
- I have been working at the same firm for 3 years
- My annual take-home pay income (after taxes) is $36,855 this year
- My average annual income since age 22 is $49,269. Going forward, my average income will

determine my social security benefits in retirement
- Taxable risk-free savings account balance: $216,624
- Taxable stock investment account balance: $336,113
- Total net worth: $552,737
- Current stock allocation: 61%
- Your advice should reflect my risk tolerance. I would be indifferent between winning a guarenteed

$117,918 and a 50% chance of winning $294,796
Respond with JSON only. No prose.
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Figure A5. Example of the Individual Prompt with Demographics: Asian Woman

PROMPT EXAMPLE

USER

HERE IS MY INFORMATION:
- age: 51 years old
- I have been working at the same firm for 3 years
- My annual take-home pay income (after taxes) is $36,855 this year
- My average annual income since age 22 is $49,269. Going forward, my average income will

determine my social security benefits in retirement
- Taxable risk-free savings account balance: $125,870
- Taxable stock investment account balance: $795,584
- Total net worth: $921,454
- Current stock allocation: 86%
- I am an asian woman
Respond with JSON only. No prose.
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Appendix B. Additional Details on Simulated Method of

Moments Estimation
To estimate the preference parameters β and γ for each version of the LLM output, we use

simulated method of moments on a naive grid. Our estimation uses a set of 108 moments. We

use the average wealth to income ratio from ages 23 to 64, and the average equity share from

ages 23 to 88. For the wealth to income ratio moments, we omit the first year as no wealth has

been accumulated, and we omit the retirement period as our results show that the LLM does not

de-accumulate wealth sufficiently fast. For the equity share moments, we omit the first and last

periods of life.

We estimate the preferences by solving the life cycle model on a 31 by 31 grid of β and γ values

ranging from 0.9 to 1.2 and 1.1 to 17 respectively. In the β dimension our grid is equispaced with

steps of 0.01. In the γ direction, we space the grid with intervals of 0.3 from 1.1 to 5, then increase

the intervals to 0.5 until 10, and then afterwards use steps of 1. After solving for the life cycle

moments on this grid, we then calculate an error term between the targeted moments and every

point on the grid. The error calculation can be summed up with the following equation:

Z(β, γ) = (XLLM −XLC(β, γ)) ⊘XLLM, SMMerror(β, γ) = Z(β, γ)
′
⋅W ⋅Z(β, γ) (13)

where ⊘ is the piecewise matrix division operator. In the above equation, XLLM is the vector of

LLM moments and xm,LC(β, γ) is its life cycle equivalent when solving the life cycle model using β

and γ as the inputted preferences parameters. We use proportional differences instead of absolute

differences because of the difference in scaling between our moments. For our estimation, we use

the identity matrix as the weighting matrix. After taking the sum of squared errors for all of the

points on the grid, we simply take the point that minimizes the error.
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Appendix C. Additional Tables and Figures

Table A1. Summary Statistics from LLM and Life Cycle Model Simulations

Panel A: Simulated Inputs

Static Employment Status
Age

22-29 30-39 40-49 50-59 60-64 Total

Post-tax Earnings ($) Employed 44,145 60,884 68,857 66,335 60,191 60,782
Unemployed 16,449 22,017 22,838 21,782 19,249 20,456

Employment rate (%) - 90% 91% 91% 85% 61% 86%

Avg. Tenure (years) - 1.9 3.1 3.9 4 3.3 3.3

Panel B: LLM Endogenous Choices

Consumption ($) Employed 31,623 47,055 58,773 66,396 76,266 53,789
Unemployed 16,569 27,158 35,498 46,645 57,325 41,603

Liquid Wealth ($) Employed 46,755 245,943 636,464 1,273,949 1,879,185 674,186
Unemployed 29,883 178,785 526,523 1,118,812 1,654,561 921,878

Stock Participation (%) Employed 100% 100% 100% 100% 100% 100%
Unemployed 93% 100% 100% 100% 100% 99%

Equity Share (%) Employed 79% 80% 71% 62% 55% 71%
Unemployed 75% 84% 78% 68% 61% 70%

Net Saving Rate Employed 27% 21% 12% -8% -52% 7%
(% of earnings) Unemployed -4% -41% -90% -193% -307% -167%

Panel C: Life Cycle Model (LCM) Endogenous Choices

Consumption ($) Employed 23,250 40,921 63,775 88,995 107,603 59,651
Unemployed 18,296 31,355 48,342 67,676 85,686 58,751

Liquid Wealth ($) Employed 78,782 380,959 862,733 1,357,814 1,616,760 767,084
Unemployed 51,345 279,081 694,622 1,091,086 1,309,681 845,980

Stock Participation (%) Employed 99% 100% 100% 100% 100% 100%
Unemployed 94% 100% 100% 100% 100% 99%

Equity Share (%) Employed 99% 99% 87% 71% 61% 86%
Unemployed 94% 99% 86% 69% 62% 77%

Net Saving Rate Employed 45% 27% -3% -56% -118% -8%
(% of earnings) Unemployed -16% -55% -133% -279% -451% -245%

Notes: This table reports mean values for key variables from both the LLM and life cycle model simulations, broken down by age group
(22-29, 30-39, 40-49, 50-59, 60-64). The Total column shows averages over the entire working life (ages 22-64). Panel A presents
exogenous inputs that are identical across both simulations. Post-tax earnings correspond to wage and unemployment insurance earnings,
employment rate is the share of individuals working, and tenure is the average number of years at the current employer. Panels B and C
show endogenous outcomes from the LLM and life cycle model, respectively, broken down by employment status. Net saving rate is
defined as (post-tax earnings minus consumption) divided by post-tax earnings. All monetary values are in 2025 dollars.
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Table A2. Additional Simulated Method of Moments Estimation Results

Assumptions Bootstrap Number β̂ γ̂

No 1.05 4.4
Yes 1 1.06 4.7
Yes 2 1.06 4.4
Yes 3 1.06 4.7
Yes 4 1.06 4.7

Notes: This table displays the estimation results for several alternative runs of the baseline case. In the LLM runs displayed in the above
table we never specify β, γ, or a demographic. The first row uses the parsimonious prompt that strips out most of the assumptions. For
more details, see figure A2. The remaining 4 rows represent bootstraps of the baseline. Each simulation run is identical. The difference
in results highlights the variability that exists within the LLM that our methods could not control. However, the estimation results remain
fairly consistent across each run.
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Figure A6. Life Cycle Profiles of LLM Recommendations with a More Parsimonious Prompt
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Notes: This figure compares the life cycle profiles for the simulated individuals who follow the LLM’s recommended choices under the
baseline prompt and under a more parsimonious prompt without baseline assumptions, as described in Section 2.3. Ages (22-89) are
grouped into 20 equally sized bins. The left panel shows consumption; the middle panel shows wealth accumulation; and the right panel
shows the equity share. Blue dots denote median values from the baseline prompt within each bin, with blue shaded areas indicating the
interquartile range (25th-75th percentile). Orange triangles denote median values from the parsimonious prompt within each bin, with
orange shaded areas indicating the corresponding interquartile range. All values are in 2025 dollars.
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Figure A7. Prevalence of Saving Heuristics in LLM Advice by Age and Income
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Notes: This figure illustrates heuristic patterns in LLM saving advice for the simulated individuals, using the same baseline sample as
Figure 5. The LLM advice is generated using the baseline prompt described in Section 2.2. Savings rates are defined as the ratio of
savings amounts to income. The left panel shows heuristics in savings rates and savings amounts by age (22-65), and the right panel
shows the same heuristics by income decile. The orange dots indicate the share of savings rates at multiples of 10 percent. The green
triangles indicate the share of savings rates at multiples of 5 percent. The purple dots indicate the share of savings amounts at multiples
of $5,000. All values are in 2025 dollars.
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Figure A8. Prevalence of Investing Heuristics in LLM Advice by Age and Income
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Notes: This figure illustrates heuristic patterns in LLM-recommended equity shares for the simulated individuals, using the same baseline
sample as Figure 7. The LLM advice is generated using the baseline prompt described in Section 2.2. The left panel shows the median
equity shares before return realization by age. The middle panel shows the shares of LLM-recommended equity shares that align with
standard investment rules across ages 22-89, and the right panel shows the same shares by income decile. In the left panel, the blue dots
denote the median equity shares within each bin, and the light-blue shaded areas denote the interquartile range (25th-75th percentile).
The orange dashed line indicates the 60-40 rule, the green solid line indicates the 120-minus-age rule, and the purple dash-dotted line
indicates the 110-minus-age rule. In the middle and right panels, the orange dots represent the share of LLM-recommended equity
shares consistent with the 60-40 rule, the green triangles represent the share of LLM-recommended equity shares consistent with the
120-minus-age rule, and the purple dots indicate the share of LLM-recommended equity shares consistent with the 110-minus-age rule.
Ages are grouped into 20 equally sized bins.
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Figure A9. Demographic Heterogeneity by Age: Wealth
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Notes: This figure illustrates the demographic heterogeneity in Wealth for the simulated individuals who follow the LLM’s recommended
choice, using the same sample as Figure 9. The LLM advice is generated using the demographic-specified prompt, as described in
Section 2.3 and Panel C of Table 2. The realizations of exogenous shocks are identical across groups, with demographic characteristics
being the only difference. The left panel plots the median difference in wealth for men relative to the White man group by age, and the
right panel plots the corresponding differences for women over ages 22-65. Orange crosses denote White individuals, rosy-brown dots
denote Hispanic individuals, green triangles denote Black individuals, and blue hollow circles denote Asian individuals. All values are in
2025 dollars.
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Figure A10. Demographic Heterogeneity by Age: Savings Rates
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Notes: This figure illustrates the demographic heterogeneity in LLM-recommended saving rates for the simulated individuals, using the
same sample as Figure 9. The LLM advice is generated using the demographic-specified prompt, as described in Section 2.3 and Panel C
of Table 2. The realizations of exogenous shocks are identical across groups, with demographic characteristics being the only difference.
The left panel plots the average difference in saving rates for men relative to the White man group by age, and the right panel plots
the corresponding differences for women over ages 22-65. Orange crosses denote White individuals, rosy-brown dots denote Hispanic
individuals, green triangles denote Black individuals, and blue hollow circles denote Asian individuals.
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Figure A11. Demographic Heterogeneity by Age: Equity Shares
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Notes: This figure illustrates the demographic heterogeneity in LLM-recommended equity shares for the simulated individuals, using the
same sample as Figure 9. The LLM advice is generated using the demographic-specified prompt, as described in Section 2.3 and Panel C
of Table 2. The realizations of exogenous shocks are identical across groups, with demographic characteristics being the only difference.
The left panel plots the average difference in equity shares for men relative to the White man group by age, and the right panel plots
the corresponding differences for women over ages 22-65. Orange crosses denote White individuals, rosy-brown dots denote Hispanic
individuals, green triangles denote Black individuals, and blue hollow circles denote Asian individuals.
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