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FROM EQUATIONS TO PROMPTS: INTEGRATING LLMS INTO A HYBRID

MACROECONOMIC ABM

Georgios Papadopoulos

Bank of Greece

ABSTRACT

Agent-based models (ABMs) typically rely on equations to incorporate agents’ decision-making,

ranging from ad-hoc rules or simple heuristics to complex, theory- or data-driven approaches. Re-

cent advances in large language models (LLMs) make it possible to represent economic decision-

making through prompts to LLM-driven agents instead of explicitly specified behavioural equa-

tions. However, whether such agents can feasibly replace individual components in an ABM and

the degree to which they can replicate observed economic dynamics remains insufficiently under-

stood. In particular, it is unclear whether the integration of LLM-driven agents in amacroeconomic

ABM can generate historically plausible macroeconomic trajectories and which factors affect their

performance. This paper addresses these questions by introducing an LLM-driven bank agent into

a data-driven macroeconomic model of the Greek economy, where it determines consumer credit

and lending rates. Results show that the LLM-driven agent’s decisions can reproduce histori-

cal consumer credit dynamics relatively well, although their performance in replicating lending

rates is weaker and more heterogeneous; broader economic information generally improves per-

formance, while larger models do not systematically outperform smaller ones. Overall, the study

provides encouraging evidence that LLM-driven agents can be feasibly integrated into macroe-

conomic ABMs, assimilate economically relevant information and produce outcomes that closely

match observed data, without requiring explicit functional forms for behavioural relationships -

opening the possibility of enabling economic simulations to shift from equations to prompts.

Keywords: LLM-driven agent, agent-based model, data-driven ABM, household credit
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”Henderson said, ”Multivac had nothing to do with victory. It’s just a

machine.”

”A big one,” said Swift.

”Then just a big machine. No better than the data fed it.”

Isaac Asimova

aThe machine that won the war in Fantasy & Science Fiction. Vol. 21,

no. 4. New York: Mercury Press, 1961 pp. 51–56. ISSN 1095-8258

1. Introduction

Agent-basedmodels (ABMs) offer a natural framework for studyingmacroeconomic dynamics

as the outcome of interactions among heterogeneous decision-makers. Yet they depend critically

on how the behaviour of these agents is represented. Conventional macroeconomic ABMs typi-

cally rely on behavioural equations, heuristics, or explicitly parameterized decision rules (Dawid

and Gatti, 2018; Axtell and Farmer, 2025; Farmer, 2025). Although these approaches are trans-

parent and computationally tractable, they necessarily impose a particular functional form on how

agents process information and make decisions. Moreover, the choice of such behavioural rules is

often based on common sense and ad hoc assumptions (Farmer and Foley, 2009; Farmer, 2025).

Recent advances in large languagemodels (LLMs) provide an alternative approach to representing,

at least some, economic decisions. Rather than specifying ex ante how an agent should respond

to a particular set of circumstances, the modeller can provide the agent with relevant information

and allow the LLM to generate the corresponding decision. This possibility is particularly relevant

given the growing experimental evidence that LLMs can reproduce several aspects of human eco-

nomic behaviour. LLMs perform very well on standardized tests of economics knowledge (Geer-

ling et al., 2023), exhibit substantial economic rationality in budgetary choice experiments (Chen

et al., 2023), and can reproduce broad patterns observed in laboratory economic experiments, in-

cluding deviations from rational expectations (del Rio-Chanona et al., 2025). Horton et al. (2023)

consequently describe LLMs as implicit computational models of human behaviour1, referring to

this approach as “Homo silicus” and arguing that their behaviour can be studied through simulation

in a manner analogous to the use of Homo economicus. The relevant question for macroeconomic

modelling is not simply whether LLMs can make plausible individual decisions, but whether such

decisions can be embedded in an economic environment and generate aggregate dynamics that

resemble those observed in the real world.

Despite the rapidly expanding literature on LLM-based agents2 and agent-based simulation

(Gao et al., 2024, and references therein), evidence on these questions remains limited, particularly

in the context of macroeconomics3. To the best of the author’s knowledge, the only existing appli-

cation in that field is the study by Li et al. (2024), which demonstrates that LLM-driven household

decisions can generate plausible macroeconomic dynamics and stylized facts within an artificial

economic environment. Nevertheless, relatively little is known about whether LLM-driven agents

1Park et al. (2024) used interviews with 1,052 individuals to create AI agents designed to simulate their attitudes,

personality, and decision-making. Remarkably, the generated agents matched participants’ answers on the General

Social Survey (GSS) 85% as accurately as participants matched their own answers when retested two weeks later.
2For a recent review on the use of AI agents in economic research as semi-autonomous research assistants, the

interested reader is referred to Korinek (2025) and references within.
3One recent example that illustrates the growing interest of policymakers is Project Logos

(https://www.bis.org/project/logos), launched by the BIS in 2026. The project aims to enable central banks to

observe and analyse the behaviour of LLM-based agents acting as portfolio managers within a financial ABM

environment.
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can replace conventional behavioural rules in a macroeconomic ABM while retaining its ability to

reproduce observed economic dynamics. Similarly, it remains unclear which characteristics of the

LLM agent and its information environment are most relevant for determining the quality of the

resulting decisions.

This paper addresses these questions by integrating an LLM-driven loan officer into a data-

driven macroeconomic ABM and assesses whether the hybrid model can reproduce the observed

dynamics of consumer credit and lending rates. The model builds on Papadopoulos (2019) and

retains its data-driven structure, in which several components of the economy are anchored to

historical time series. The main structural extension consists of replacing the conventional repre-

sentation of bank lending decisions with an LLM-driven agent that determines both the amount of

consumer credit offered to each household and the corresponding lending rate. The agent receives

borrower-specific information and, depending on the specification considered, additional infor-

mation concerning bank capitalization and the broader economic environment. Importantly, the

prompts provide the agent with relevant information without prescribing how it should respond

to changes in these variables. Regulatory constraints and the policy rate define the boundaries

within which the decision is made, while the lending decision itself is generated by the LLM. The

analysis considers a range of open-weight models spanning several orders of magnitude in param-

eter size, from models that can operate on consumer-grade hardware to frontier-scale models, and

supplies these models with alternative information sets. The simulations are conducted for the

Greek economy over the period 2000-2024, providing a long historical setting in which to assess

whether an LLM-driven decision rule can reproduce the realized dynamics of consumer credit and

the associated lending rates.

The results provide evidence that LLM-driven agents can be integrated into a macroeconomic

ABM and generate economically plausible aggregate outcomes. At the same time, the findings

indicate that their performance depends on both the economic variable being modelled and the

information provided to the agent. This result highlights that the information set provided to the

agent is an important determinant of the quality of the resulting behavioural representation.

This paper contributes to the emerging literature on LLM-based economic agents in dynamic

simulation environments. Existing evidence indicates that LLMs can exhibit human-like or eco-

nomically meaningful behaviour in controlled experiments, including rationality, bounded ratio-

nality, and responses to economic information (Geerling et al., 2023; Chen et al., 2023; del Rio-

Chanona et al., 2025). Other recent studies show that LLMs can reproduce important features of

economic forecasting (Hansen et al., 2026) and can be used to represent complex decision-making

processes, such as those associated with the Federal Open Market Committee (Kazinnik and Sin-

clair, 2025).

The current study extends this literature by embedding an LLM-driven agent within an explicit

economic environment, allowing its decisions to influence credit-market outcomes throughout a

long historical simulation and evaluating the resulting aggregate series against their real-world

counterparts. The comparison across model sizes and information sets further indicates that the

performance of an LLM agent extends beyond its underlying model capability. Importantly, the

information input is itself a significant component of the behavioural representation.

In this respect, the analysis provides an empirical step towards a modelling framework in which

conventional behavioural equations can, at least for some economic decisions, be replaced by

information-conditioned LLM decisions. The results are encouraging, but they also identify cer-

tain challenges. The approach performs substantially better for some aggregate outcomes than for

others, shows dependence on the information provided to the agent, and does not yet represent the

economy as a system in which all agents are driven by LLM-based decision rules.

The remainder of the paper is organized as follows. Section 2 describes the hybrid macroeco-

nomic ABM and the LLM-driven bank agent. Section 3 presents the data and calibration of the
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Greek economic scenario. Section 4 reports the simulation results, first evaluating the ability of

alternative LLM-prompt combinations to reproduce consumer credit and lending rates and then

examining the role of model size and prompt information. Section 5 discusses the findings, their

implications, and the limitations of the approach. Finally, the appendices provide additional details

on the feasibility assessment, model selection, and prompts.

2. Model

This section describes the structure of the model, focusing on the agents involved and the

rules governing their interactions across the different markets. The model builds on the agent-

based model developed in Papadopoulos (2019), retaining most of its original mechanisms and

data-driven nature. Consequently, the model remains closely anchored to the observed timeseries.

However, this study introduces a fundamental structural extension from a modelling perspective;

an LLM-driven agent replaces one of the input series employed in the original model. More specif-

ically, the LLM-driven agent takes on the role of a loan officer at a commercial bank, deciding how

much consumer credit to extend to borrowing households and at what interest rate, based on in-

formation provided through different prompts. The main components of the model, together with

this extension, are described in the following sections.

2.1. Initialisation

The purpose of the initialisation process is to reconstruct the prevailing economic conditions

at the selected starting point of the simulation and embed the model within this environment. In

this way, the simulation begins from a state that is as representative as possible of the specific

country being modelled. The data-driven character of the agent-based model is first reflected

in the initialisation of household income. Based on historical data, income is allocated across

households according to a Γ(α, 1/λ) distribution. Empirical evidence indicates that this functional
form provides an adequate representation of income distributions across several countries over time

(Bandourian et al., 2002). Furthermore, adjusting the shape (α) and scale (λ) parameters enables
the simulated distribution to reproduce the historical one in terms of its minimum and average

values, as well as its dispersion. Unemployment represents another key variable that is initialised

using historical information. The share of unemployed households in the simulation is matched to

the real-world counterpart of unemployed persons in the total working population. Consequently,

once income has been distributed, the required number of households is selected randomly and

their income is set equal to the unemployment benefit.

2.2. Sequence of events

The timeline of events in the simulation is the following:

1. Historical data of household- and bank-related variables are updated.

2. Households collect interest from any deposits they might keep at the bank.

3. Employed households receive their monthly income according to the historical figures of

income’s growth.

4. The real-world data on unemployment determine the employment status of households.

5. Households form their income expectations.

6. Households try to meet any financial obligations they might have and form their desired

consumption plans.

7. Households without the necessary financial resources to achieve the desired level of con-

sumption ask for credit.

5



8. The bank decides the amount of credit it will provide along with the associated interest rate

and makes its offer to the potential borrower.

9. Households decide how much to borrow and the loan’s characteristics (size, interest rate)

are established.

10. Households fulfill their consumption plans to the maximum extent possible and deposit any

excess funds that might remain.

2.3. Agent and market description

The following subsections describe in detail the different types of agents and their behavioural

rules that determine their interactions in the various markets.

2.3.1. Households

Expectations formation

Each time step of the simulation starts with households receiving their monthly income exoge-

nously. Their first action is to form expectations about future income. These expectations play

a central role in the subsequent determination of households’ desired consumption and, conse-

quently, their demand for credit.

Consistent with the literature on expectations formation, households form their income ex-

pectations under bounded rationality. More specifically, their expectations are governed by the

heuristics switching model (HSM) developed by Anufriev and Hommes (2012a,b). Within the

HSM framework, agents rely on a limited set of simple forecasting heuristics and, at each time

step, select one of them according to its past performance and agent-specific behavioural charac-

teristics.

The HSM encompasses several established empirical regularities associated with expectations

formation within a single framework, including heterogeneity in expectations across individuals

(Allen and Taylor, 1990; Mankiw et al., 2003; Branch, 2004; Fehr and Tyran, 2008; Pfajfar and

Santoro, 2010; Pfajfar and Žakelj, 2018, among others) and the evolutionary selection of fore-

casting rules according to their relative performance (Marimon and Sunder, 1995; Arifovic and

Sargent, 2003). Moreover, the model has been shown to provide a good fit to both experimental

and survey data across a range of settings, spanning financial and macroeconomic applications

(Hommes et al., 2005, 2008, 2019; Assenza et al., 2021; Hommes, 2021)4. Appendix E elaborates

on the mechanics of the HSM.

Desired consumption

Once their income expectations have been formed, households determine their consumption

plans. Desired consumption (Cd
h,t) is determined by expected income and by the household’s ca-

pacity to maintain itself. The latter depends on whether the household can sustain a level of con-

sumption equal to the required subsistence level, which in turn affects its solvency. This behaviour

is captured by the rule presented in Equation 1.

Cd
h,t =

{
Cmin,t, if Ih,t +Dh,t−1 < LPh,t + Cmin,t,

max{αy · Ieh,t+1 + αw ·Dh,t−1, Cmin,t}, if Ih,t +Dh,t−1 ≥ LPh,t + Cmin,t,
(1)

with 0 < αw < αy < 1 denoting the marginal propensities to consume out of wealth and
income respectively.

4The work of Bao et al. (2021) provides a recent review of the literature on the experimental study of expectations

formation in macroeconomics and finance.
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The amount of liquid wealth held by households determines both their solvency and whether

they need to seek additional credit. In particular, current income (Ih,t) together with accumulated
deposits (Dh,t−1) must be sufficient to maintain the minimum consumption level (Cmin,t). If, how-

ever, a household is unable tomeet its monthly loan payment (LPh,t) while maintaining subsistence

consumption, it chooses to reduce consumption as much as possible and forgo any loan payments

that may be due. Alternatively, when the household can service its debt, it attempts to consume an

amount that depends on its expected income (Ieh,t+1) and accumulated deposits. Households first

rely on their own financial resources to achieve their desired consumption level. When current in-

come and withdrawals from deposits are insufficient, they subsequently turn to the bank to obtain

consumer credit. The Modigliani consumption function (Modigliani and Brumberg, 2005) speci-

fied in Equation 1, is commonly adopted in the ABM literature (Assenza et al., 2015; Caiani et al.,

2016; Russo et al., 2016; Gurgone et al., 2018; Meijers et al., 2019; Reissl, 2020, 2021; Boitani

et al., 2026, among others)5. Interestingly, existing research indicates that simple linear, rule-of-

thumb consumption functions can provide a good approximation to consumption functions, such

as those derived from buffer stock theory, that arise as solutions to utility maximization problems

(Allen and Carroll, 2001)6.

2.3.2. Bank

A single bank agent represents the economy’s banking system. The bank takes households’

deposits paying an interest of rDt and provides them with consumer credit after evaluating their

requests. In particular, an LLM-driven agent who assumes the role of the bank’s loan officer

decides on the size (Lh,t) and interest rate (r
L
h,t) of the provided credit for each potential borrower

based on information on borrower-specific, bank-specific and external factors.

Employed LLMs

The selection of LLMs integrated into the ABM focuses on open-weight models that can, sub-

ject to available hardware, be executed either locally or through Ollama’s7 cloud infrastructure.

This provides a common deployment framework while allowing the analysis to consider models

with substantially different computational requirements.

The selected LLMs range from relatively small ones that can run on consumer-grade hardware

to very large, frontier-scale models that require cloud-class computing resources. Specifically, the

analysis considers Gemma 3 in its 4B, 12B and 27B variants (Gemma Team, 2025), Gemma 4’s

31B variant (Gemma Team, 2026), Ministral 3 in its 3B, 8B and 14B variants (Liu et al., 2026),

Mistral Large 3 with 675B total parameters8, and Qwen3-Coder 480B9.

In addition to parameter size, these models differ in their architectures and documented training

characteristics. On the one hand, Gemma 3’s models, Gemma 4’s 31B variant and Ministral 3

models have a dense, decoder-only transformers architecture, although they differ in architectural

details. On the other hand, Mistral 3 (675B) and Qwen3-Coder (480B) use sparse mixture-of-

experts transformers architectures.

Moreover, the available documentation indicates substantial differences in their training data

5The work of Dawid and Gatti (2018) provides an overview of the various types of consumption functions imple-

mented in several macroeconomic ABMs.
6An important implication of the linear consumption function in Equation 1 is that households maintain a target

wealth-to-income ratio of (1− αy)/αw. Consequently, when their realized wealth falls below this target, households

save to reach it (Godley and Lavoie, 2016).
7https://ollama.com
8Hereafter referred to as Mistral 3 (675B) for brevity and described in: https://docs.mistral.ai/models/model-

cards/mistral-large-3-25-12 [Accessed in August 2026].
9Described in: https://qwen.ai/blog?id=qwen3-coder [Accessed in August 2026].
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and objectives. Gemma 3 and 4’s training datasets include web documents, code, images, and

-importantly- mathematics, with a cutoff date of August 202410 and January 202511, respectively.

As expected, Qwen3-Coder (480B) places particular emphasis on code with approximately 70%

of its training dataset consisting of code, with knowledge cutoff date June-July 202512. Mistral,

in contrast, does not disclose the datasets used to train any of its models. Appendix A provides

more information about the LLMs’ computational performance and the factors that guided their

selection.

This heterogeneity, and in particular the inclusion of LLMs spanning several orders of magni-

tude in parameter count, makes it possible to assess whether increasing model scale systematically

translates into improved performance, or whether smaller models can achieve comparable results

at substantially lower computational cost.

The information sets of the LLM-driven bank agent

To request credit from the LLM-driven loan officer, households use one of four alternative

prompts, each of which is used consistently throughout any given simulation exercise. This struc-

ture allows the analysis to isolate whether and how different information affects the lending deci-

sions of the former.

The baseline prompt provides borrower-specific information, including the household’smonthly

income and any existing loan balance. Arguably, this information is the least controversial since

it relates to the potential borrower’s creditworthiness. The bank capitalization prompt extends this

baseline by additionally reporting the bank’s current capitalization, proxied by the ratio of capital

and reserves to total assets, as well as its annual change in both magnitude and direction. In this

way, the LLM-driven agent receives information not only about the characteristics of the borrower

but also about the bank’s current financial position and its recent evolution. Indeed, the empiri-

cal literature suggests the existence of a link between bank capital adequacy and provided lending

rates (Boissay et al., 2019, and references therein) with several macroeconomic ABMs implement-

ing such mechanism (Gatti et al., 2010; Caiani et al., 2016; Cardaci, 2018; Alexandre and Lima,

2020). The economic environment prompt instead supplements the borrower-specific information

with the prevailing unemployment rate, together with its annual change in magnitude and direc-

tion. It thereby provides the bank agent with an indicator of broader economic conditions, which

is likely to be among the types of information that actual loan officers take into consideration. De-

pending on the LLM’s capabilities, this information could also shape the agent’s internally formed

expectations, which may subsequently influence its lending decision. Finally, the full-information

prompt combines all information included in the previous prompts, providing the agent simultane-

ously with borrower-specific characteristics, the bank’s capitalization and its recent evolution, and

the current state and evolution of unemployment. All four prompts additionally state the central

bank’s current policy rate and the applicable debt-to-income (DTI)13 and debt-service-to-income

ratio (DSTI)14 limits. Appendix B provides more details about the prompts supplied to the LLM-

driven bank agent, including the various inputs used and their wording.

Importantly, the alternative prompts provide the bank agent with the relevant information but

do not prescribe how it should interpret or act upon it. In particular, the prompts report the relevant

variables and their recent evolution without specifying whether a given level or change should lead

the agent to increase or reduce the loan amount or interest rate offered. The only exceptions concern

10Described in: https://ai.google.dev/gemma/docs/core/model_card_3 [Accessed September 2026]
11Described in: https://ai.google.dev/gemma/docs/core/model_card_4 [Accessed September 2026]
12Not officially disclosed but rather based on the LLM’s release date.
13The DTI is the ratio of potential borrower’s outstanding and newly offered debt over its annual income.
14The DSTI is the ratio of interest payments plus amortisations over the potential borrower’s monthly income.
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the constraints that define the boundaries of the lending decision: the agent must comply with the

applicable DTI and DSTI limits, while the central bank’s policy rate serves as the lower bound for

the interest rate it offers. Subject to these constraints, the lending decision is left to the LLM-driven

agent, rather than imposing a predefined response to each piece of information.

2.3.3. Credit market

In the credit market, households without the financial resources to meet their desired consump-

tion level ask for credit from the bank. Equation 2 defines the minimum amount of consumer credit

that a household asks:

Lask
h,t = Cd

h,t − (Ih,t +Dh,t−1) (2)

Using the prompts described above, the LLM-driven loan officer decides how much credit to

provide and at what interest rate15. The size of loan offered can be either smaller or, often, larger

than the amount asked. In that case, Equation 3 determines the provided amount:

Lh,t =

{
Loffer
h,t , if Loffer

h,t ≤ Lask
h,t ,

U(Lask
h,t , L

offer
h,t ), if Loffer

h,t > Lask
h,t .

(3)

Consequently, when the loan amount offered is lower than that requested by the household, the

latter accepts the amount supplied by the bank. Alternatively, it selects a random amount drawn

from a uniform distribution bounded by Lask
h,t and Loffer

h,t . Once the household and the bank agree

on the loan amount, Lh,t, the LLM-driven agent is prompted again using the same information

set as before, namely the baseline, bank capitalization, economic environment or full-information

prompt. This time, however, the agent is instructed to provide the exact loan amount of Lh,t and

base its calculations on this amount when deciding on the applied lending rate16.

The stochastic credit assumption mechanism specified in Equation 3 follows the same ap-

proach as in Papadopoulos (2019). The intuition underlying the stochastic component of the rule is

twofold. On the one hand, the bank has an incentive to offer the maximum permitted loan amount,

as this allows it to maximize its interest revenues. On the other hand, households have an incentive

to accept a larger amount of credit, since additional borrowing enables them to increase their con-

sumption. From amodelling perspective, this approximation addresses the issue of the implausibly

small loan amounts implied by Equation 2, while at the same time allowing the model to reproduce

the dynamics of consumer credit satisfactorily.

2.3.4. Labour market

In a full-fledged ABM, firms and households would interact in the labour market, jointly de-

termining, among others, the employment status and income of the latter. Since firms are not

explicitly represented in the model, their interactions with households are instead proxied by his-

torical timeseries. The initial monthly income assigned to households is calibrated to reproduce the

observed income distribution of the country-specific scenario at the beginning of the simulation.

Thereafter, its evolution is governed by the observed growth rate of income in the real economy.

15If the offered amount and interest rate do not satisfy the DTI, DSTI and minimum interest rate constraints then

the prompt is re-submitted for up to ten retries. If the LLM does not yield a valid answer up to that limit, then the

simulation proceeds with no change in the asking household’s borrowing.
16As before, if the offered lending rate does not satisfy the DSTI and minimum interest rate constraints, then the

prompt is re-submitted for up to five retries. If the LLM does not yield a valid answer up to that limit, then the

simulation assumes the originally offered interest rate.

9



It is important to note that this imposed income path is applied uniformly across households. Con-

sequently, a change in the aggregate income series results in the same proportional change in the

income of each individual household.

The employment status of households is determined in a similar manner using the observed un-

employment rate. Changes in aggregate unemployment are translated into changes in the number

of unemployed households, with the affected households selected randomly. Unemployed house-

holds receive a benefit equal to 80% of the prevailing minimum wage, allowing them to maintain

a minimum level of consumption. This modelling choice is primarily driven by the absence of

sufficiently granular data describing the monthly evolution of income and unemployment across

different household income levels. Nevertheless, the positive skewness of the income distribution

has an important implication for this assumption: because unemployment is assigned randomly,

households at the lower end of the income distribution will, on average, be affectedmore frequently

than those at the upper end. Hence, despite the absence of an explicit relationship between income

and unemployment in the model, the applied mechanism results in an indirect association between

the two.

3. Data

A distinguishing characteristic of the ABM developed in this study is its data-driven approach.

Rather than representing all components of the economy with the same level of detail, historical

data are used to proxy the behaviour of several agents and the outcomes of their interactions in

the respective markets. This approach reduces the computational burden of the simulation while

allowing the examination of a specific component’s performance with the remaining parts of the

economy staying anchored to observed data.

The input data are divided into two main categories: scenario data and calibration data. Sce-

nario data are introduced into the simulation and updated at each time step, whereas calibration

data are used to initialize the model in accordance with the prevailing economic conditions at a

given point in time.

The country-specific scenario considered in this study is based on the Greek economy. This

not only demonstrates the model’s flexibility in accommodating various economic scenarios, but,

more importantly, provides a demanding test of its ability to reproduce the realized evolution of

the variables under consideration.

An important observation across both data categories is that their fidelity to the actual eco-

nomic conditions can significantly affect the results. Naturally, the closer the injected data are

to the observed economic conditions, the greater the expected similarity between the simulated

and realized series. Consequently, minimizing discrepancies between the model inputs and their

real-world counterparts allows for a cleaner assessment of the model’s underlying mechanisms

and, in particular, of the ability of the LLM-driven agents to reproduce the observed dynamics of

consumer credit and lending rates.

3.1. Scenario data

The simulation begins in January 2000 and extends until December 2024, covering twenty five

years of data. Each time step in the model represents one month in physical time, therefore any

series collected in lower frequencies are converted to monthly using spline interpolation. Figure 1

displays the evolution of the historical series that are injected into the simulation.
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Figure 1: Household-related (left panel) and bank-related (right panel) series of the macroeconomic scenario injected

into the simulation.

The left panel of Figure 1 presents the series of net disposable income17 and unemployment,

expressed as a percentage of the active population. The latter is originally available at a monthly

frequency and is therefore introduced into the simulation using monthly growth rates without any

additional processing. In contrast, the raw income data18 are reported annually and consequently

require conversion to a monthly frequency before being used in the model. This transformation

is performed in two steps. First, the annual observations are interpolated to a quarterly frequency

using the Denton method, with the corresponding seasonally adjusted series of wages & salaries

serving as the interpolation pattern. The resulting quarterly series are then deflated using the GDP

deflator and subsequently converted to monthly frequency through spline interpolation. The final

monthly series are injected into the model in the form of monthly growth rates.

The right panel displays the evolution of bank-related series. These include the banking sys-

tem’s consumer credit and overnight deposit interest rate, the ratio of the sum of bank capital and

reserves over total assets, which is used as a proxy for capital adequacy, and the policy rate set

by the European Central Bank. The consumer credit interest rate19, plays a particular role in the

analysis. It serves as input only during the calibration of the DSTI series, while it is the bench-

mark against which the output from the LLM-driven lending rate offers is tested20. All series are

originally available at a monthly frequency and are therefore introduced into the model in levels,

without requiring interpolation. The only transformation applied concerns the reported annualized

deposit interest rates, which are converted to their corresponding monthly values before being used

in the simulation.

Overall, both panels in Figure 1 highlight the challenging economic conditions implied by the

implemented scenario. Households faced a period of steeply rising unemployment and sharply

declining incomes before entering a recovery phase, which has subsequently been briefly inter-

rupted by the COVID-19 pandemic. Similarly, the banking sector underwent a recapitalization

followed by a prolonged low interest rate period. This arguably makes for a demanding scenario

to simulate and, therefore, a tough test for the LLM-driven agents’ ability to replicate the realized

credit-related variables.

17Referred to simply as income for brevity for the remainder of the study.
18The specific series is IDCM.A.N.GR.W0.S1.S1.B.B6N._Z._Z._Z.XDC.V.N from the IDCM.
19More precisely, the series of bank interest rates on outstanding amounts of euro-denominated loans vis-à-vis euro

area residents from domestic credit institutions, with over 1 and up to 5 years maturity. Their source is from the Bank

of Greece’s, publicly available, bank deposit and loan interest rate statistics (Table 2).
20It is worth noting that this is the only series for which historical observations are available starting from September

2002. During the simulation, the missing observations prior to that are replaced with the average value calculated from

the first 12 available observations. Naturally, the comparison between the simulated and historical series is conducted

only over the period for which actual historical data are available.
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3.2. Calibration data

Calibration data are static in nature and are used to initialize the simulation. Their purpose is

to embed the model into a specific economic environment and ensure that the simulation begins as

closely as possible to the economy it attempts to model.

One part of the calibration data relates to households’ income and employment status. The

initial distribution of income across households is determined using historical values for minimum

and average monthly income, together with the Gini coefficient. Data for the latter are obtained

from the World Bank’s Poverty and Inequality Platform21, while Eurostat’s database provides the

required data on minimum monthly income22 and the OECD provides data on average annual

wages. In addition to the income-related calibration data, information from Eurostat is used to

calibrate the initial level of monthly unemployment.

A second subcategory covers the variables related to the banking sector, including deposit in-

terest rates, capital adequacy and the central bank’s policy rate. For these variables, the calibration

data are drawn from the same sources as the corresponding scenario data, with the calibration based

on the observation recorded one month before the beginning of the simulation. Table 1 reports the

calibrated values used to define the initial setup for the country-specific scenario.

Table 1: Initial setup of the simulation for the Greek scenario.

Description Value

Average income 1160

Minimum income 525

Gini coefficient of income distribution (%) 34

Unemployment rate (%) 12.3

Overnight deposit interest rate (%) 5.96

Capital adequacy ratio (%) 10.12

Central bank policy rate (%) 3.0

DSTI (%) 42

3.3. DSTI data

DSTI represents a particular case, as it combines characteristics of both scenario and calibra-

tion data. As with the scenario data, the maximum DSTI applied in the model is updated at each

simulation time step. Its initial value and subsequent evolution, however, are determined through

a calibration procedure described in detail in Appendix D. This calibration is required because pre-

cise historical data on the evolution of DSTI are not available. The only publicly accessible source

providing a suitable approximation is the BIS database of debt service ratio statistics, which reports

quarterly aggregate DSTI series for different countries and sectors using a consistent methodology.

As discussed in Drehmann et al. (2015), although the methodology used to construct these series

captures the evolution of DSTI reasonably well, the reported levels may differ from the values that

would be obtained from micro-level data. Consequently, both the initial level and the trajectory of

DSTI need to be calibrated.

The calibration procedure employs a grid search over alternative DSTI paths and associated

initial levels, seeking the combination that produces the highest similarity between the consumer

credit series generated by the model and its historical counterpart. This approach therefore uses

the observed evolution of consumer credit to identify the DSTI trajectory that is most consistent

21pip.worldbank.org. [Accessed in December 2025]. UNU-WIDER’s World Income Inequality Database, Version

of May 2020 provides a similar figure.
22In particular, Eurostat’s series on monthly minimum wages (earn_mw_cur).
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with the model dynamics. It is worth noting that a key assumption underlying the procedure is that

the evolution of the actual DSTI series is sufficiently close to that represented by the aggregate

debt service ratio series reported in the BIS database.

3.4. Fixed parameters

Finally, a set of parameters is fixed across every simulation and is not data-related, but their

calibration is guided by the literature. These parameters are reported in Table 2.

Table 2: Fixed parameter values.

Description Parameter Value

Number of households N 1000

Propensity to consume out of income αy 0.65

Propensity to consume out of deposits αw 0.05

WTR expectations extrapolation factor ωwtr 0.4

STR expectations extrapolation factor ωstr 1.3

ADA expectations parameter ωada 0.65

Households’ memory strength η 0.7

Households’ expectations rule persistence δ 0.9

Households’ intensity of choice β 0.4

Loan maturity (months) m 60

The values assigned to both propensities to consume are consistent with those commonly

adopted in the relevant literature (Assenza et al., 2015; Godley and Lavoie, 2016; Meijers et al.,

2019; Reissl, 2021, among others). For the HSM-related parameters, the calibration follows the

values reported in the original studies of Anufriev and Hommes (2012a,b). Finally, loan maturity

is set at 5 years, which represents a reasonable time horizon for this type of credit.

4. Simulation results

The simulation aims to evaluate how well the model-generated series approximate the respec-

tive historical ones; i.e., the study uses the method of descriptive output validation to assess the

performance of each LLM-driven agent provided with various information sets through different

prompts (Bianchi et al., 2008; Cirillo and Gallegati, 2012).

For each LLM-prompt combination, the study conducted 50 simulation runs, collecting the

timeseries of total outstanding consumer credit and average lending rate from each run. The com-

parison between the levels of artificial and observed lending interest rate series is straightforward

since it does not require any transformation. However, to facilitate comparison between the sim-

ulated and historical consumer credit series23, the analysis transformed both by their full-sample

averages (yt/ymean, where yt = {Lsimulated
t , Lhistorical

t }).

4.1. Relative performance assessment and validation

This part of the analysis treats each LLM-prompt combination individually and assesses which

one replicates more closely the level and dynamics of the real-world series. In particular, it com-

pares the artificial, 50-run median, timeseries with the historical series of consumer credit and

23The observed consumer credit series comprises consumer and other loans with a maturity of over 1 and up to

5 years, obtained from the Bank of Greece’s publicly available aggregate credit statistics. Due to write-offs and

reclassifications, the stock series exhibits structural breaks in June 2010, November 2013, and July 2021. To account

for these methodological changes, the final aggregate series has been reconstructed using the corresponding flow

series, which have been corrected for such adjustments.
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interest rates. It uses the mean absolute error (MAE) and Pearson’s zero-lag correlation coeffi-

cient (ρ) between the simulated and observed data to quantify their distance and synchronization,
respectively. The study estimates both measures over the full sample.

In addition to identifying the best-performing LLM-prompt combinations, the analysis deter-

mines which pairs exhibit statistically equivalent performance to the best-performing ones for each

metric. For MAE, the study applies the HAC-adjusted t-test24, while for ρ it uses the Williams

(1959) test for equality of correlation coefficients.

4.1.1. Consumer credit

Figure 2 presents the relative performance of each LLM-prompt pair for consumer credit,

benchmarked against the best-performing one. In particular, distance is expressed as a ratio of

MAEs (MAEi/MAEbest) whereas synchronization as the difference between correlation coeffi-

cients (∆(ρi,best)), where i = {LLM, prompt} and best is the top performing combination in each
metric.

Figure 2: Distance (left panel) and synchronization (right panel) between simulated and historical consumer credit

series for each LLM-prompt combination.

Numbers mark the MAE (left) & ρ (right) of the best-performing configuration and hollow circles

the LLM-prompt combinations with statistically equal performance at 95% confidence level.

The results presented in Figure 2 reveal that the small-sized models Gemma 3 (12B) andMinis-

tral 3 (14B), when provided with information on the prevailing economic conditions, produce the

closest match to the observed consumer credit series. This result is particularly pronounced in

the synchronization metric, for which the two LLM-prompt combinations exhibit statistically in-

distinguishable performance. In terms of distance, the combination of Ministral 3 (14B) with the

economy prompt ranks second, with a MAE 1.6 times larger than that of the best-performing com-

bination, while all other pairs exhibit at least twice the distance. Interestingly, this pattern is not

observed for the much larger LLMsMistral 3 (675B) and Qwen3-Coder (480B): across all prompts

considered, their MAEs are more than three and, in some cases, almost five times larger than that

of the best-performing combination. Similarly, their correlation coefficients are approximately

20 percentage points lower than the high ρ values of close to 90% and 84% achieved by the two

top-performing combinations.

Plotting the two performance metrics together, in Figure 3, provides an informative overview

of each pair’s performance.

24Results are identical under the paired t-test and the non-parametric Wilcoxon’s matched-pairs signed-rank test.
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Figure 3: Distance versus synchronization across LLM–prompt combinations for consumer credit.

(Hollow)solid markers denote statistically (un)equal performance to the best-performing

combination at 95% confidence level, per metric.

The results presented in Figure 3 show two broad performance groups. The top-performing

LLM-prompt combination across both metrics is Gemma 3 (12B) provided with the economic en-

vironment prompt. Two additional pairs exhibit similar performance, with MAEs below 0.2 and

correlations of approximately 80% or higher. In particular, as shown in Figure 2, the combination

of Ministral 3 (14B) with the economic environment prompt yields a correlation that is statisti-

cally equal to that of the top-performing pair. The second adequately performing combination is

again Gemma 3 (12B), this time provided with the full-information prompt. All remaining pairs

form a distinct lower-performance cluster, with MAEs ranging from approximately 0.25 to 0.45,

which are about three to five times larger than that of the best-performing combination, while their

correlations decline to as low as 45%. This separation between the two groups indicates that both

the magnitude of the prediction errors and the ability to reproduce the observed dynamics differ

substantially across the LLM-prompt combinations.

In addition to the performance metrics discussed above, Figure 4 provides a visual valida-

tion of the identified candidates. It compares the evolution of consumer credit generated by the

best-performing LLM–prompt combination and the two closest-performing combinations with the

observed series.
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Figure 4: Timeseries of best-performing (left panel) and adequately performing (right panel) LLM-prompt combina-

tions for consumer credit.

Lines of simulated series denote their 50-run medians while shaded areas their first/third

quartiles.

The plots in Figure 4 verify the remarkably good fit between the simulated and historical

timeseries. Especially the top-performing pair, Gemma 3 (12B) with the economic environment

prompt, closely tracks the historical consumer credit series throughout most of the sample, with

only two short periods of divergence. The first occurs around 2015, when simulated credit lies

above the observed series, while the second occurs during the final 12 months, when the observed

series exhibits a rising trend that is not captured by the simulation. Overall, the simulated median

series reproduces both the level and the dynamics of consumer credit well, while its interquartile

range encompasses the real-world series over almost the entire sample. The other two candidate

pairs also show satisfactory performance and, in particular, capture the decline observed around

2015 more closely until approximately 2018. Thereafter, however, their simulated paths increas-

ingly diverge from the observed series, as the latter follows an upward trend while the former

steadily decline.

4.1.2. Lending rate

The study applies the previous metrics to assess the relative performance of LLM-prompt com-

binations for lending rates and presents the results in Figure 5.

Figure 5: Distance (left panel) and synchronization (right panel) between simulated and historical lending rate series

for each LLM-prompt combination.

Numbers mark the MAE (left) & ρ (right) of the best-performing configuration and hollow circles

the LLM-prompt combinations with statistically equal performance at 95% confidence level.

Unlike the results for consumer credit, where smaller models generally outperformed their

much larger counterparts, the lending rate results in Figure 5 suggest a different ranking. In terms

of distance from the historical series, Mistral 3 (675B) combined with the economic conditions
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prompt achieves the best performance. The second largest LLM, Qwen3-Coder (480B) with either

the economic environment or the full-information prompt also produces results that are relatively

close to the best ones. Importantly, although their MAEs are not statistically equal to the lowest

one, the performance of some of the smaller LLMs is sufficiently close to it. In particular, the

largest LLMs in the Gemma 3 and Ministral 3 families, Gemma 3 (27B) and Ministral 3 (14B),

respectively, when supplied with the full-information prompt, exhibit distances similar to the top-

performing combination’s.

Performance measured by the temporal synchronization metric in the right panel of Figure 5

presents a similarly differentiated picture. While several LLM–prompt combinations exhibit cor-

relations that are statistically indistinguishable from that of the best-performing one, many have

substantially lower ρs. Interestingly, the baseline prompt consistently produces the weakest per-
formance, whereas the full-information prompt generally ranks among the best-performing speci-

fications across LLMs.

It is worth noting that the lending rate results indicate lower levels of performance than those

achieved for consumer credit, both in terms of distance as well as temporal synchronization.

The scatterplot of the two metrics in Figure 6 provides an overview of how various pairs per-

form.

Figure 6: Distance versus synchronization across LLM–prompt combinations for lending rate.

(Hollow)solid markers denote statistically (un)equal performance to the best-performing

combination at 95% confidence level, per metric.

Figure 6 reveals a rather dispersed picture, both in terms of distance and synchronization with

the observed series. At the lowest distance range, there are four LLM-prompt pairs with MAEs

around 1 ± 0.25, although none is statistically equal to the best combination. Notably, Mistral 3

(675B) appears in two of these four combinations, while the full-information prompt accounts for

three. The remaining combinations occupy progressively higher distance tiers, with MAEs rang-

ing from roughly twice to almost nine times that of the best-performing combination. Similarly,

correlation results span from almost zero to about 50%. Yet, from correlations of roughly 40% to

the highest one, several configurations achieve statistically equal performance.

Figure 7 provides a visual assessment of how closely the lending rate timeseries generated by

the best-performing and similarly performing LLM-prompt pairs match the observed series.
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Figure 7: Timeseries of best-performing (left panel) and adequately performing (right panel) LLM-prompt combina-

tions for lending rate.

Lines of simulated series denote their 50-run medians while shaded areas their first/third

quartiles.

The results in Figure 7 illustrate the performance figures described above. At the left panel,

the median simulated series from Mistral 3 (675B), which incorporates information on economic

conditions, struggles to closely track real-world lending rates. This is particularly evident after

2020 when deviation increases substantially. Yet, despite the widening interquartile range after

the middle of the sample period in 2012, the historical lending rates remain within it throughout

the sample.

The right panel in Figure 7 displays a similar behavior by some of the second-best configura-

tions. While not as close as the top pair’s, the simulated results from the much smaller Ministral

3 (14B) and Gemma 3 (27B), using the full-information prompt, remain plausibly near the histor-

ical lending rates. Moreover, although they exhibit steeper-than-observed declines and increases

during the crisis and recovery periods, respectively, their interquartile ranges encompass the real-

world series for the whole second half of the sample.

4.2. Performance determinants: model size and prompt information

The previous analysis revealed that LLM size only partly plays a role in performance and that,

frequently, small- or medium-sized models outperform their much larger counterparts. It has also

suggested that, as expected, the information provided to the LLM agent through the prompt affects

its ability to replicate the realized series under investigation.

This part of the analysis focuses on how well each prompt performs within each LLM, thus

gauging the improvement attributed to the provided information by different models. It uses the

previous metrics for measuring distance and synchronization between the simulated and historical

timeseries and applies the same statistical equality tests to compare the performance of different

prompts within the same LLM.

4.2.1. Consumer credit

Figure 8 presents the results of prompts’ performance in matching the magnitude and evolution

of consumer credit series within each LLM, by metric.
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Figure 8: Semi-log plot of prompt performance within each LLM, measured by its distance from (left panel) and

synchronization with (right panel) the historical consumer credit series.

(Hollow)solid markers denote statistically (un)equal performance to the best-performing prompt

at 95% confidence level, per metric. Horizontal axis is in logarithmic scale.

Figure 8 reveals some interesting patterns. It shows that prompt performance is broadly similar

across LLMs, with MAE fluctuating around 0.35 and ρ around 65%, despite substantial variation
in model size spanning roughly an order of magnitude. Moreover, the variation in performance

across prompts remains generally limited within each LLM, in both metrics. There are two no-

table exceptions, namely for Gemma 3 (12B) and Ministral 3 (14B) in which the full-information

and, particularly, the economic environment prompt result in substantial improvements in both

performance metrics.

A broad observation from Figure 8 is that prompt-specific gains are more evident in terms of

distance, as the best-performing prompt often achieves a clearly lower MAE than the alternatives,

whereas synchronization is more frequently the same across prompts. Finally, in terms of the most

effective information set, the economic environment prompt delivers the largest performance gains,

followed by the full-information one.

4.2.2. Lending rate

The results for lending rates in Figure 9 reveal some differences and some common patterns

compared to those for consumer credit.

Figure 9: Semi-log plot of prompt performance within each LLM, measured by its distance from (left panel) and

synchronization with (right panel) the historical lending rate series.

(Hollow)solid markers denote statistically (un)equal performance to the best-performing prompt

at 95% confidence level, per metric. Horizontal axis is in logarithmic scale.

Figure 9 shows that performance across LLMs is weaker and more dispersed for lending rates

than for consumer credit. In terms of distance, some LLMs achieve MAEs around 2, while oth-

ers range from approximately 3 to 6. Notably, models in the small and medium range of the
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scale, such as Ministral 3 (14B) and Gemma 3 (27B), achieve MAEs comparable to those of much

larger LLMs. Within-LLM variation in distance is generally limited, except for Gemma 3 (4B),

whose MAE ranges from around 3 under the full-information prompt to almost 7 under the worst-

performing, baseline, prompt. Synchronization is similarly dispersed, with three LLMs achieving

ρ around 50%, while the remaining models range from approximately 40% to below 10%.

However, as with consumer credit, prompts primarily improve performance by reducing dis-

tance, whereas most prompts yield statistically similar synchronization, with the baseline prompt

being a notable exception. Overall, the full-information prompt performs best across LLMs, fol-

lowed by the economic conditions prompt.

Considering the results from both Figure 8 and Figure 9, an interesting observation is that

prompt-related performance improvements tend to be stronger among small- and medium-sized

LLMs, as suggested by their generally higher variation across prompts. However, there is no clear

relationship between model size and performance across the metrics and variables examined. In

contrast, large LLMs tend to exhibit more consistent performance, with relatively low variation

across prompts for both variables and metrics.

5. Discussion

This study investigated whether LLMs can be integrated into macroeconomic agent-based sim-

ulations and, more specifically, whether they can reproduce observed patterns in consumer credit

and lending rates when asked to act as loan officers using several information sets as input.

The results suggest that such integration is computationally feasible and, importantly, that

LLM-driven agents can generate economically plausible outcomes. However, the computational

feasibility of LLM integration depends strongly on model architecture. Non-thinking models can

be efficiently used, whereas thinking models become prohibitively slow especially when simula-

tions extend over long horizons.

The ability of the models to reproduce historical series varies considerably across the variables

examined. Simulated consumer credit series generally exhibit a high degree of similarity with the

observed data and, notably, even relatively small LLMs are able to reproduce aggregate consumer

credit dynamics well, in some cases outperforming substantially larger models. The results for

lending rates are more mixed. While the simulated series remain broadly plausible, LLMs gener-

ally struggle to reproduce the historical patterns observed in the data.

Another important finding concerns the information supplied to the LLM through the prompt.

The information set appears to be a significant determinant of model performance, with prompts

containing information about the broader economic environment, or combining this information

with bank-specific characteristics, generally producing the strongest results. By contrast, the base-

line borrower-only prompt tends to perform worst. These improvements are particularly pro-

nounced for small- and medium-sized LLMs, whereas larger models tend to exhibit tighter perfor-

mance across alternative prompts.

Taken together, these findings suggest that model size alone is not a reliable predictor of per-

formance in LLM-driven economic simulations. The fact that relatively small, consumer-grade

models can perform particularly well, and occasionally outperform substantially larger models,

indicates that the information available to the agent may be at least as important as the underly-

ing capacity of the LLM. Interestingly, the less pronounced gains obtained by larger models when

additional information is provided may indicate that their performance is less sensitive to the in-

formation explicitly represented in the prompt, potentially allowing them to generate adequate

outcomes from a more limited information set. Hence, increasing model scale does not neces-

sarily constitute the most effective way of improving the performance of LLM-driven economic

agents.
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These findings are particularly noteworthy given the challenging environment in which the

models are evaluated. The Greek case represents a demanding setting for economic simulation, as

a substantial part of the sample is characterized by severe economic turbulence and considerable

changes in economic conditions. This may partly explain the difficulty that LLMs face in repro-

ducing the historical dynamics of lending rates. At the same time, this environment makes the

ability of even relatively small LLMs to closely reproduce aggregate consumer credit dynamics

particularly remarkable. The result, therefore, provides encouraging evidence that LLM-driven

agents can capture meaningful features of economic decision-making even when operating under

highly volatile economic conditions.

The weaker performance observed for lending rates merits particular attention. One possible

explanation is that the information incorporated into the prompts does not adequately capture the

information set and institutional considerations underlying actual loan officers’ pricing decisions.

Lending rates may depend on a broader range of factors than those represented in the simula-

tion, including financial-market conditions, risk perceptions, and expectations regarding future

economic developments. Consequently, the weaker performance should not necessarily be inter-

preted as evidence that LLMs are unable to reproduce lending rate dynamics. Rather, it may reflect

an incomplete specification of the information available to the simulated agents.

The analysis nevertheless has several limitations. While the Greek case provides a challenging

testing ground for the models, it also limits the extent to which the findings can be generalized

to other countries or economic periods. The computational burden further constrains the range of

models and simulation horizons that can be examined, particularly in the case of thinking models.

Finally, the analysis focuses on LLM-driven loan officers rather than representing all relevant eco-

nomic agents through LLMs. Consequently, it does not capture the potentially important interac-

tions that could arise when borrowers and other market participants are themselves heterogeneous,

LLM-driven, agents.

These limitations point to several promising directions for future research. A natural extension

would be to enrich the information available to loan officers and examine whether additional in-

stitutional, financial, and macroeconomic information improves the reproduction of lending rate

dynamics. Such an extension would help distinguish between limitations arising from the underly-

ing capabilities of the models and those resulting from the specification of the agents’ information

sets. Testing the framework across other countries and economic episodes would also be impor-

tant for determining whether the observed patterns are specific to the Greek experience or instead

reflect more general properties of LLM-driven economic agents. Further research could examine

whether LLMs can be used to represent other agents in the economy, such as consumers, thereby

allowing both sides of the lending interaction to be modeled endogenously. Although such an ap-

proach would increase the computational burden, this limitation could potentially be mitigated by

focusing on shorter portions of the sample.

Overall, the results provide encouraging evidence that LLMs can act as decision-making agents

in economic simulations without requiring the largest or most computationally demanding mod-

els. They also highlight an important aspect: successful LLM-driven ABM simulation depends not

only on the capabilities of the LLM itself, but also on the information through which its economic

environment is represented. The ability of relatively small models to generate plausible, and some-

times notably accurate, aggregate outcomes suggests that carefully designed information sets may

be as important as increasing model scale25. LLM-driven agents, therefore, offer a promising av-

enue for economic simulation, provided that future work continues to address the representation of

agents’ information sets, the computational costs of long-horizon simulations, and the complexity

25Thus echoing Asimov: the performance of a computational system may depend as much on the information

supplied to it as on the sophistication of the machine itself.
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of real-world economic decision-making. More broadly, the findings suggest that LLMs’ ability to

assimilate economically relevant information and yield results remarkably similar to the realized

ones, without imposing a specific functional form on the underlying behavioral relationship, may

indeed enable economic simulations to shift from equations to prompts.
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Appendix A. Feasibility assessment of LLM-driven bank agent

Before integrating LLMs into the full agent-based model, the study conducted a feasibility ex-

ercise to assess whether different LLMs could reliably perform the role of a commercial bank’s loan

officer by generating valid lending decisions that satisfy both regulatory constraints and prompt

instructions, with the results informing the simulation’s modelling choices.

Appendix A.1. Feasibility exercise setup

The analysis first constructs a prototype population of 50 households. It endows each house-

hold with a monthly income drawn from a uniform distribution between EUR 300 and EUR 2,000.

Their existing debt is also drawn from a uniform distribution, ranging from zero to 2.3 times the

household’s annual income. Finally, it assigns a temperature parameter26 to each household, uni-

formly spanning the interval from 0.05 to 1.45, which is subsequently supplied to the corresponding

LLM.

After initialization, each household submits the following prompt to the LLM under investiga-

tion:

Assume you are a loan officer in a commercial bank. A customer with a monthly income of

[income] EUR and an existing loan balance of [existing debt] EUR asks for a consumer loan with

5 years maturity. You will consolidate the existing debt with any amount of new credit you decide

to provide into a single fully amortizing loan with 60 equal monthly annuity payments at a fixed

annual nominal interest rate. The interest rate you offer will be applied to this total consolidated

amount. The central bank’s policy rate is currently 1.5%. Use this as a baseline when determining

your offered interest rate. Decide how much new credit to provide and at what annual nominal

interest rate (in percent). You must ensure that the total monthly debt service for the consolidated

loan (existing loan plus new credit) is strictly less than [maximum monthly payment] EUR. You

must also ensure that the new credit offered is less than [maximum new credit] EUR. Consider

also that the current unemployment rate is at the high level of 15%, which represents an increase of

2 percentage points from 12 months ago. Factor this general economic condition into your credit

decision, particularly regarding the loan amount and the interest rate risk premium. Respond with

exactly two positive numbers: new credit amount first, then interest rate in percent, separated by

a single space. Do not include units, punctuation, or explanation.

To simplify the LLM’s task and eliminate unnecessary calculations, the study pre-computes

the maximum permitted monthly payment and the maximum amount of new credit before passing

it to the prompt. The maximum monthly payment obeys a debt-service-to-income (DSTI) limit of

50%, while the maximum amount of new credit satisfies a debt-to-income (DTI) limit equal to 2.3

times a household’s annual income after accounting for outstanding debt.

The study considers an LLM response valid only if it returns exactly two numerical values

and the proposed lending decision respects both the DSTI and DTI limits. Whenever the LLM

returns an invalid response, the same prompt is submitted again, up to a maximum of 15 attempts.

If the LLM fails to generate a valid response within this limit, the simulation proceeds to the next

household. For each LLM, the experiment is repeated 60 times, resulting in a total of 3,000 lending

decisions per model.

26The temperature parameter controls the degree of randomness in an LLM’s token selection, with lower values

producing more deterministic outputs and higher values allowing greater variability. Although there is no universally

accepted classification of temperature settings, practitioners commonly distinguish four broad ranges: 0.0-0.3 (deter-

ministic, factual responses), 0.4-0.7 (balanced creativity and accuracy), 0.8-1.5 (creative, more varied outputs), and

1.6-2.0 (highly random or experimental outputs).
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The feasibility assessment uses only open-weight LLMs that can be executed — hardware

permitting — either locally or through the Ollama platform’s cloud infrastructure27. The selected

models span a wide range of computational requirements, from consumer-grade models that can

run on commodity hardware to frontier-scale models requiring substantial computing resources.

This diversity enables the analysis of whether model size and computational capacity affect the

quality and feasibility of LLM-driven lending decisions. In particular, the study examines ten

LLMs representing the following model families and parameter sizes: Gemma 3 (4B, 12B and

27B) (Gemma Team, 2025), Gemma 4 (31B) (Gemma Team, 2026), Ministral 3 (3B, 8B and 14B)

(Liu et al., 2026), Mistral 3 (675B)28, Qwen3-VL-Instruct (235B) (Bai et al., 2025) and Qwen3-

Coder (480B)29.

The analysis below presents the evaluation of the resulting output in terms of computational

performance, response validity, and factors that affect them.

Appendix A.2. Prompt execution time

A fundamental aspect of the LLMs’ integration feasibility into agent-based models is the time

required to generate lending decisions. Since every credit request requires an LLM inference,

response latency directly affects the computational performance of the simulation. Figure A.10

reports the average response time together with the 5th and 95th percentiles for each LLM exam-

ined.

Figure A.10: Response time by LLM.

Markers

denote the average and whiskers the top/bottom 5 percentiles.

The results in Figure A.10 indicate noticeable differences across model families. The Ministral

3 models consistently exhibit the fastest response times, requiring approximately 0.6 seconds on

average to generate a lending decision based on the asked prompt. Their response times also display

relatively limited variability, with the 5th and 95th percentiles remaining close to one second. The

27https://ollama.com/
28Described in: https://docs.mistral.ai/models/model-cards/mistral-large-3-25-12 [Accessed in August 2026].
29Described in: https://qwen.ai/blog?id=qwen3-coder [Accessed in August 2026].
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two smaller Gemma 3 models (4B and 12B) follow, with average response times of approximately

one second and bottom/top 5th percentile ranges spanning roughly from 0.8 to 1.6 seconds.

The remaining models require slightly longer inference times. Most exhibit average response

times of approximately 1.2 seconds, whereas Qwen3-Coder (480B) requires nearly two seconds

on average. Moreover, larger models display considerably greater variability in execution time.

Their top 5th percentiles frequently exceed two seconds and approach three seconds in the case of

Qwen3-Coder (480B), indicating that individual responses can occasionally require substantially

longer inference times.

Overall, the results suggest that response latency does not constitute a practical limitation for

integrating these30 LLMs into the proposed framework. Even the slowest model examined gener-

ates lending decisions within a few seconds, while several smaller open-weight models consistently

respond in well under one second. These findings support the computational feasibility of replac-

ing conventional equation-based lending rules with LLM-driven decision mechanisms. Yet, they

also demonstrate that the computational cost of LLM inference is non-trivial and should be taken

into account when assessing the practical implementation of the integration of LLM-driven agents

into ABMs.

Appendix A.3. Valid response rate

Besides response latency, the practical feasibility of integrating LLMs into agent-based models

depends on their ability to consistently yield answers that satisfy the imposed prompt requirements.

The analysis therefore examines the valid response rate, defined as the share of valid responses

relative to the original number of prompts submitted to each LLM, without accounting for any

subsequent prompt retries.

30Preliminary experiments also evaluated several ”thinking” LLMs. These models were excluded from the analysis

because their average inference times were prohibitively high, ranging from approximately 20 seconds (GPT-OSS 20B

and DeepSeek-V3.1 671B) to 80 seconds (Gemini 3 Flash) and up to 162 seconds (DeepSeek-V3.2 685B), per prompt.

Given that the proposed framework requires thousands of LLM queries, such response times make their integration

computationally infeasible.
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Figure A.11: Invalid response rate by LLM.

Invalid responses are those which are not numerical or fail to meet DSTI and DTI constraints

within 15 retries.

Figure A.11 reveals substantial heterogeneity across the examined models. Ministral 3 (8B)

and Gemma 3 (12B) achieve the highest valid response rates, with invalid responses accounting for

only approximately 2% of the originally submitted prompts31. At the opposite end of the ranking,

Gemma 3 (27B) produces invalid responses in approximately one out of every five prompts, while

Ministral 3 (3B) and Qwen3-VL-Instruct (235B) exhibit even higher invalid response shares of

around 25%.

These findings indicate that response validity depends neither exclusively on model family

nor on model size. Instead, models from different families and parameter scales appear across all

performance tiers, suggesting that the ability to reliably follow structured prompting instructions

remains largely model-specific. From a practical perspective, this result highlights the importance

of evaluating response validity in addition to speed when selecting LLMs for integration into agent-

based models.

Appendix A.4. Prompt retries

Although an invalid response does not necessarily prevent the simulation from proceeding, it

increases the computational cost by requiring additional prompt submissions. The analysis there-

fore examines the frequency of prompt retries required to obtain a valid response together with the

number of iterations needed before a successful response is generated.

31I.e. not considering the number of times a prompt might have been re-asked to get a valid answer.
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Figure A.12: Share versus average number of retries by LLM.

Numbers consider only valid responses.

Figure A.12 reveals three broad performance groups. The first comprises LLMs requiring

prompt retries in fewer than 5% of submitted prompts. A second group requires retries in ap-

proximately 10% of cases. Finally, Ministral 3 (3B) stands out as the most demanding model,

requiring an additional prompt in approximately one out of every four cases before producing a

valid response.

Conditional on eventually generating a valid response, the average number of prompt iterations

exhibits relatively limited variation across models, ranging from approximately 3.5 to fewer than

5 iterations. Moreover, successful responses are typically obtained after a relatively small number

of retries. For all examined models, at least 90% of valid responses are generated within ten

prompt iterations. The two best-performing models, Ministral 3 (8B) and Gemma 3 (4B), exhibit

even higher performance, with 95% of valid responses obtained with less or equal to nine prompt

iterations.

Overall, these findings suggest that, although some LLMs require repeated prompting to pro-

duce valid outputs, the additional computational burden remains limited for most models. Com-

bined with the response-time analysis, the results indicate that prompt retries are unlikely to consti-

tute a major practical obstacle for integrating appropriately selected LLMs into agent-based simu-

lations.

Appendix A.5. LLM performance determinants

Appendix A.5.1. Proximity of prompt input to constraints

While LLMs demonstrate strong capabilities in language-based tasks, previous studies have

documented their limitations in mathematical reasoning, with models achieving only moderate

accuracy when solving mathematical problems (Wang et al., 2026). Therefore, an important com-

ponent of the feasibility analysis examines how effectively LLMs solve the algebraic calculations

required to comply with the DSTI and DTI constraints specified in the prompt.

By construction, existing household credit is uniformly distributed between zero and 2.3 times

of their annual income, with the upper bound corresponding exactly to the imposed DTI constraint.
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Given this distribution and the requirement that the LLM uses the policy rate of 1.5% as the min-

imum applicable interest rate in its lending decision, the minimum achievable DSTI —assuming

that the LLM grants no additional credit and only adjusts the applied interest rate to the minimum

level— is also uniformly distributed. This distribution ranges from zero to approximately 48%32,

placing the upper bound only two percentage points below the imposed DSTI limit.

Figures A.13 to A.15 illustrate how the validity of LLM responses varies with the proximity

of household input values to the prompt-specified DSTI and DTI constraints across the LLMs

examined in the study. Proximity is defined as the ratio of the minimum DSTI and the initial33

DTI to their respective constraint thresholds.

Figure A.13: Relationship between response validity and the proximity of input values to prompt-specified constraints

for Gemma-family LLMs.

Blue circles/bars indicate valid responses achieved on the first attempt, yellow diamonds/bars

indicate valid responses requiring more than one attempt, and red crosses/bars indicate invalid

responses after 15 retries.

The results for the Gemma family in Figure A.13 indicate that invalid responses become in-

creasingly concentrated as the prompt inputs approach the imposed regulatory limits. Neverthe-

less, performance differs across models. For Gemma 3 (4B) and Gemma 3 (27B), most invalid

responses occur when the initial household characteristics exceed 80% of the applicable DSTI or

DTI constraint. However, Gemma 3 (4B) exhibits a small number of invalid responses even at

substantially lower proximity ratios, reaching values as low as 0.3. Moreover, although prompt

retries are most frequently observed for proximity ratios above 0.8, they occur throughout almost

32The minimummonthly interest rate is rmin = 0.015/12 = 0.00125. Also,DTI = Debt
12·I → Debt = 12 ·DTI ·I .

Substituting the previous in the standard DSTI formula gives DSTI = Debt·(0.00125·(1.00125)60)/(1.0012560−1)
I =

12·DTI·I·0.01730989
I = 12 · DTI · 0.01730989. Consequently, in the case of DTI = DTImax = 2.3, the later

expression yields a maximum of DSTImin ≈ 0.478.
33In the exercise, the initial DTI is also the minimum attainable DTI because the existing debt of a household cannot

be lower than the originally assigned amount.
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the entire distribution of input values.

In contrast, Gemma 3 (12B) and Gemma 4 (31B) exhibit considerably more robust perfor-

mance. Both models generate fewer invalid responses which occur almost exclusively when the

initial prompt inputs exceed 90% of the lending constraints, while prompt retries remain largely

concentrated above a proximity ratio of 0.8.

Figure A.14: Relationship between response validity and the proximity of input values to prompt-specified constraints

for Mi(ni)stral-family LLMs.

Blue circles/bars indicate valid responses achieved on the first attempt, yellow diamonds/bars

indicate valid responses requiring more than one attempt, and red crosses/bars indicate invalid

responses after 15 retries.

Results for the Ministral family in Figure A.14 reveal the existence of a relationship between

model size and performance near the regulatory constraints. The smallest model, Ministral (3B),

exhibits the weakest performance. It produces a non-negligible number of invalid responses be-

ginning at proximity ratios of approximately 0.6, while failed attempts occur even at the lower end

of the proximity ratio distribution, below 0.1. Moreover, successful responses frequently require

retries across nearly the entire distribution. Beyond a proximity ratio of approximately 0.85, retries

cease to recover valid responses, resulting in failed attempts instead.

Larger models improve performance, although the benefits of additional scale seem to plateau.

Ministral 3 (8B) and Ministral 3 (14B) concentrate failed attempts near proximity ratios of 0.9,

while retries are generally required only for observations with proximity ratios above 0.5, with only

sporadic cases occurring below this threshold. Interestingly, the largest model examined, Mistral

3 (675B), delivers only modest additional gains relative to the 8B and 14B models. Although it

shows a moderate frequency of invalid responses, it still exhibits occasional failures at relatively

low proximity ratios of around 0.4.
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Figure A.15: Relationship between response validity and the proximity of input values to prompt-specified constraints

for Qwen3-family LLMs.

Blue circles/bars indicate valid responses achieved on the first attempt, yellow diamonds/bars

indicate valid responses requiring more than one attempt, and red crosses/bars indicate invalid

responses after 15 retries.

Finally, results for the Qwen3 family in Figure A.15 reveal two distinct performance patterns.

Qwen3-VL Instruct (235B) exhibits a substantial number of invalid responses beginning at prox-

imity ratios of approximately 0.5, with a smaller but still non-negligible number occurring below

0.3. The distribution of retries closely mirrors this pattern, indicating that additional attempts fre-

quently fail to recover valid responses as the input values approach the regulatory constraints.

In contrast, Qwen3-Coder (480B) performs on par with the largest model examined, Mistral

3 (675B). Both models exhibit a comparable share of invalid responses, with failures distributed

similarly across the proximity range.

These results suggest that increasing model size alone does not fully explain performance, as

models of comparable scale can displaymarkedly different levels of performance, likely depending

on their underlying architecture and training.

Appendix A.5.2. Temperature parameter

The feasibility assessment also examines whether the temperature parameter supplied to the

LLM affects its computational performance. In particular, the analysis investigates whether tem-

perature influences response latency or the number of prompt iterations required to obtain a valid

response.

Given the large number of observations available for each model (3,000 prompts), the analysis

summarizes the results using binned scatter plots to facilitate visual interpretation. Specifically,

the temperature parameter is partitioned into ten equally sized bins. For each bin, the analysis

computes the mean temperature together with the corresponding average prompt execution time

and the average number of prompt iterations required to obtain a valid response. Figure A.16

presents the resulting relationships.
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Figure A.16: LLM performance as a function of temperature. Average response time (left panel) and average number

of prompt iterations (right panel).

Each color denotes a different LLM. Individual labels are omitted for clarity, as the same

qualitative pattern emerges across all models.

The results in Figure A.16 provide little evidence that the temperature parameter systematically

affects either performance metric. Across all examined models, average response times remain

broadly stable over the entire range of temperature values. Similarly, the average number of prompt

iterations required to obtain a valid response exhibits no discernible relationship with temperature.

Any observed relationship between temperature and the two performance metrics appears very

weak, with higher values associated, at most, with marginal increases in average execution time

and the average number of prompt retries.

Overall, these findings suggest that, within the examined range, the temperature parameter has

a negligible effect on the computational performance of the studied LLMs. This result corroborates

the findings of related literature, which documents stable LLM performance in causal reasoning

and instruction following (Li et al., 2025) as well as problem-solving tasks (Renze, 2024) across

the range of temperatures examined in the current study.

Appendix A.6. Implications for the main simulation

The findings of the feasibility assessment directly inform the modelling choices adopted in the

main simulation exercise. In particular, Qwen3-VL Instruct (235B) has been excluded from the

subsequent analysis because of its comparatively weak performance near the regulatory constraint

boundaries combined with only moderately fast response times. Although Ministral 3 (3B) ex-

hibits similarly limited performance near the lending constraints, its substantially faster response

times reduces the associated computational burden and therefore justifies its inclusion in the main

analysis.

The feasibility assessment also guides the selection of the temperature parameter. The main

simulations draw temperature values from a uniform distribution in the interval [0.05, 0.85]. Al-

though the previous analysis found little evidence that temperature systematically affects computa-

tional performance, the chosen range maintains responses within the region commonly associated

with balanced and moderately creative outputs while avoiding more extreme sampling behaviour.

Finally, the simulation limits the maximum number of prompt retries to ten. This choice bal-

ances the computational cost of repeated prompting against the objective of obtaining valid re-

sponses. The feasibility assessment showed that, for all examined models, at least 90% of suc-

cessful prompts produced a valid response within ten iterations, indicating that additional retries

would yield only limited gains while increasing computational overhead.
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Appendix B. Prompts used in the main simulation

Each simulation exercise uses one of the alternative prompts described below as input to the

LLM-driven bank agent. The prompts provide the input required to determine both the amount of

credit to extend and the corresponding interest rate. The information included in each prompt is

motivated by established empirical findings, common practices in ABM literature, and economic

intuition.

In addition to prompt-specific information, each one includes the level of the central bank’s

policy rate, DTI and DSTI limits. As discussed in Subsection 3.3, the maximum DSTI’s level and

trajectory are calibrated so that simulated consumer credit replicates, to the extent possible, the

historical series. Maximum DTI is fixed at 2.2 times the potential borrower’s annual income34. To

simplify the LLM’s computational task, each prompt incorporates the pre-calculated figures of the

implied maximum monthly loan payment and maximum new loan amount. Finally, every prompt

concludes with instructions on how the LLM should report the response.

Appendix B.1. Baseline

The baseline prompt is the simplest one and provides information about the potential bor-

rower’s income and existing loan balance.

Assume you are a loan officer in a commercial bank. A customer with a monthly income of

[incomei,t] EUR and an existing loan balance of [debti,t] EUR asks for a consumer loan with 5

years maturity. You will consolidate the existing debt with any amount of new credit you decide

to provide into a single fully amortizing loan with 60 equal monthly annuity payments at a fixed

annual nominal interest rate. The interest rate you offer will be applied to this total consolidated

amount. The central bank’s policy rate is currently [policy ratet]%. Use this as a baseline when

determining your offered interest rate. The upper bound of interest rate for your provided credit

should be [ratemax
i,t ]%, which is the maximum rate consistent with the debt-service limit at the

maximum permissible loan size. Your task is to decide how much new credit to provide and at what

annual nominal interest rate (in percent). You must ensure that the total monthly debt service for

the consolidated loan (existing loan plus new credit) is strictly less than [monthly paymentmax
i,t ]

EUR. You must also ensure that the new credit offered is less than [loan sizemax
i,t ] EUR.

The input variables incomei,t and debti,t are the borrowing household’s i income and outstand-
ing debt, respectively, at time t. The variable policy ratet is the central bank’s current policy rate.
Based on the appliedDTI andDSTI constraints, the variables loan sizemax

i,t andmonthly paymentmax
i,t

are calculated as follows:

loan sizemax
i,t = DTImax · 12 · incomei,t − debti,t (B.1)

monthly paymentmax
i,t = DSTImax · incomei,t (B.2)

Finally, ratemax
i,t is the maximum interest rate which is consistent with the DSTI limit35. The

34Data from the OECD (LES1M_FD4) indicate that, at its peak, the debt of households and NPISH as a percentage

of their net disposable income was about 130% from 2012 to 2014 and close to 100% until 2021. The selected

limit provides the LLM-driven agent with sufficient room to capture the borrowing constraints prevailing during the

simulation period.
35Technically, the maximum feasible interest rate is estimated by incrementally increasing the interest rate from a

predefined lower bound up to a sufficiently high upper bound, and selecting the highest rate that satisfies the DSTI

constraint.
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prompt provides this figure as the upper bound on the interest rate when the maximum permissible

amount of credit is offered. However, it does not restrict the agent from adjusting the interest rate

when it chooses to provide a smaller loan amount. Moreover, this information becomes particularly

relevant when a specific loan amount is requested, which may occur when the initially offered loan

exceeds the amount requested by the household, as described by Equation 3.

It should be noted that if the household requests a specific amount of credit, based on the

mechanism described by Equation 3, the second and third sentences of the prompt are modified as

follows:

A customer with a monthly income of [incomei,t] EUR and an existing loan balance of [debti,t]

EUR asks for a consumer loan of exactly [Li,t] EUR with 5 years maturity. You will consolidate the

existing debt with this new credit into a single fully amortizing loan with 60 equal monthly annuity

payments at a fixed annual nominal interest rate.

where Li,t is the agreed loan amount defined by Equation 3.

Appendix B.2. Bank capitalization

On top of the baseline, bank capitalization prompt provides quantitative and qualitative in-

formation about the level and change of the bank’s capital adequacy, proxied its equity to assets

ratio.

Consider also that the bank’s current capitalization ratio is at the [capitalization level de-

scription] level of [equityt/assetst]%, which represents [capitalization direction description] of

[capitalization change] percentage points from 12 months ago. Factor this bank-specific eco-

nomic condition into your credit decision, particularly regarding the loan amount and the interest

rate risk premium.

The variables capitalization level description and capitalization direction description provide

qualitative information to contextualize the level of capitalization which is proxied by the equity

to assets ratio. In particular, the description of the level of capitalization provides a qualitative

assessment of its magnitude relative to its historical36 values up to time t and can take one of the
following values: {“low”, “moderately low”, “moderately high”, “high”, “very high”}, depending

on whether capitalizationt ∈ {< Q1, [Q1, Q2), [Q2, Q3), [Q3, Q4),≥ Q4}, where Q1 to Q4

denote the first through fourth quintiles, respectively. The direction of capitalization changes is

categorized as {“an increase”, “a decrease”, “an absence of change”}, according to the realized

annual change37, the latter calculated as (capitalizationt − capitalizationt−12) with its absolute
value provided as input in the variable capitalization change.

Appendix B.3. Economic environment

Similarly, the economic environment prompt provides quantitative and qualitative information

about the level and change of unemployment, as a proxy of the general economic environment, in

addition to the borrower-specific input of the baseline.

Consider also that the current unemployment rate is at the [unemployment level description]

level of [unemployment ratet]%, which represents [unemployment direction description] of [un-

36For the first month only, description takes the generic value of ”medium”.
37Until 12 months of data accumulate for the proper calculation of annual change, the respective figure is calculated

as 12(capitalizationt − capitalization1)/n, where n the current number of periods in the simulation.
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employment change] percentage points from 12 months ago. Factor this general economic con-

dition into your credit decision, particularly regarding the loan amount and the interest rate risk

premium.

The qualitative assessment of the magnitude and direction of unemployment, as well as its

changes, follows the same logic as that applied to capitalization.

Appendix B.4. Full information

The full information prompt is the concatenation of all previous information sets, into a single

one. It combines borrower-specific, bank-specific and information on general economic environ-

ment into one prompt.

Essentially, the full-information set is: Baseline prompt + Bank capitalization prompt + Eco-

nomic environment prompt + Reporting instructions prompt.

Appendix B.5. Reporting instructions

Finally, each prompt concludes with the following reporting instructions that ensure the figures

generated by the LLM-driven agent can be consistently processed in the subsequent stages of the

simulation.

Respond with exactly two positive numbers: new credit amount first, then interest rate in per-

cent, separated by a single space. Do not include units, punctuation, or explanation.

This instruction is important in order to ensure that the LLM does not produce an answer which

contains text explaining e.g. its logic which would hamper its further processing. Rather, two

numbers, in specific order, are adequate for the simulation to proceed.

Appendix C. Comparison against a standard rule

To assess the potential improvements associated with the LLM-driven implementations, the

study compares them against a conventional, equation-based interest rate setting rule. As a bench-

mark, the study employs a fixed mark-up rule where banks set the lending rate as a constant pre-

mium over the central bank’s policy rate.

Appendix C.1. Calibration of the benchmark rule

The fixed mark-up rule is one of the simpler38 and most commonly implemented lending rate

mechanisms in the macroeconomic ABM literature, e.g. in the Schumpeter meeting Keynes ABM

family (Dosi et al., 2013, 2017, 2018) and others (Palagi et al., 2017; Popoyan et al., 2020). Yet, de-

spite its simplicity, it continues to be adopted (Dosi et al., 2021; Poledna et al., 2023; Di Domenico

et al., 2025; Hommes et al., 2025). It should be noted that alternative formulations exist, incorporat-

ing borrower-specific characteristics such as creditworthiness or bank-related variables reflecting

financial health. However, unlike the broad consensus regarding the implementation of the fixed

mark-up rule, there is no generally accepted functional form describing how these additional factors

should affect the charged interest rate. Consequently, the fixed mark-up rule provides a transparent

and widely used benchmark against which the performance of the LLM-driven mechanisms can

be evaluated.

In particular, the analysis examines a fixed mark-up rule of the following form:

38The simplest being the constant lending rate (D’Orazio and Giulioni, 2017; D’Orazio, 2019).
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rt = rcb,t + µ, (C.1)

where rcb,t is the central bank’s policy rate at time t and µ the applied mark-up by the commer-
cial bank.

The study applies a grid-search procedure to identify the value of the parameter µ that yields

the closest match between the historical and the simulated series. The grid-search examines mark-

up values ranging from 6.5% to 8.5%, in increments of 0.25 percentage points. Subsequently, it

assesses each parameter’s performance using the distance (MAE) and synchronization (correlation,

ρ) metrics between the 50-run medians of the simulated consumer credit39 and interest rate series
and their historical counterparts.

Figure C.17 presents how well each mark-up can reproduce the historically observed series of

consumer credit and associated interest rates.

Figure C.17: Distance versus synchronization of simulated consumer credit (blue, circles) and interest rate (red,

squares) series, by µ’s value.

Numbers denote the value of the mark-up used, in percent.

The most noticeable feature in Figure C.17 is the formation of two distinct performance clus-

ters, associated with the two variables examined. At the bottom-right, with low MAEs and high

correlations, is the one referring to the consumer credit series. At the top-left, in the high MAE and

low correlation region, is the cluster of the interest rate series. This holds for every mark-up value

examined, which suggests that while this specific rule can capture reasonably well the evolution

of consumer credit, it cannot maintain the same performance for the associated interest rates.

However, the statistical comparison40 of the various mark-up rules reveals that many of them

exhibit equal performance to the best one. Figure C.18 shows the individual performance of each

rule examined and marks the, statistically, top performing ones in each variable and metric.

39As in the main analysis, artificial and historical consumer credit series have been rescaled by their full-sample

average.
40Using the same statistical tests as in the main analysis.

35



Figure C.18: Distance and synchronization performance by µ for consumer credit series (left panel) and interest rates

(right panel).

Filled/hollow symbols denote mark-up values with statistically equal/worse performance to the

best one.

The results in Figure C.18 show that, in terms of correlation, most mark-up values exhibit

statistically indistinguishable performance from the best one. Mean absolute errors, on the other

hand, exhibit a different pattern. In consumer credit series, only the candidate with µ = 7.5% has

equal performance with the top one, whereas in interest rates, performance improves with mark-up

magnitude up to the value of µ = 8.25% before slightly worsening. Nevertheless, all mark-ups

beyond µ = 7.25% have statistically equal MAEs.

The previous analysis reveals that the mark-up rule exhibiting the strongest joint performance

across both consumer credit and lending interest rates is the one with µ = 7.5% which makes it

the benchmark for subsequent comparison with the LLM-driven results.

Appendix C.2. LLM-driven versus equation-based interest rate setting mechanisms.

Having identified the benchmark, the study compares its performance with that of the LLM-

driven interest rate setting mechanisms using the same evaluation methodology as in the main text.

The analysis employs the MAE to quantify the distance between the simulated and historical series

and the correlation coefficient to assess their synchronization.
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Figure C.19: Performance comparison between LLM-driven versus equation-based interest rate setting mechanisms.

Top(bottom): consumer credit(interest rate). Left(right): MAE(ρ). White triangles(circles)

denote better(statistically equivalent) performance relative to the benchmark. MAE is expressed

relative to the benchmark, while ρ is reported as the difference from the benchmark.

The patterns emerging from Figure C.19 are similar to those in the main analysis. In particu-

lar, Gemma 3 (12B) and Ministral 3 (14B), when provided with information about the economic

environment, exhibit lower or statistically equivalent distance to the historical consumer credit se-

ries than the benchmark, while achieving statistically higher correlation. The results for interest

rates present a slightly different picture. In terms of MAE, Mistral 3 (675B) clearly outperforms

the benchmark when using the economic environment prompt. However, when provided with the

full-information prompt, both Mistral 3 (675B) and Ministral 3 (14B) achieve performance that is

statistically equal to the equation-based rule’s. Differences in correlation are less pronounced, with

many LLM–prompt combinations exhibiting statistically equivalent performance to the baseline

rule’s.

Overall, the results indicate that the best-performing LLM-prompt combinations frequently

outperform the benchmark or achieve statistically equivalent performance. This finding holds

over the full sample, suggesting that LLMs are at least as capable of reproducing the observed

dynamics as the conventional fixed mark-up rule.

While the results from the full-sample analysis already indicate that the LLM-driven interest

rate setting mechanism can provide a behavioural added value, the comparison becomes even more

informative during the zero lower bound period. Figure C.20 presents the simulated trajectories

of the benchmark and the best-performing LLM-driven interest rate setting mechanisms alongside

the historical series for each variable.
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Figure C.20: Evolution of the simulated and the historical timeseries of consumer credit (left panel) and interest rates

(right panel).

Shaded areas denote the interquartile range of each simulated series. Vertical lines denote the

rcb = 0.05% (2014m9 - 2016m2) and zero lower bound (2016m3 - 2022m6) policy-rate periods.

The results in Figure C.20 show that in a low policy rate environment, the fixed mark-up rule

performs considerably worse than several of the LLM-driven implementations. Specifically, it

generates somewhat higher credit volumes while, as expected, produces lending rates substantially

below the historical observations. In contrast, the LLM-driven mechanism remains considerably

closer to the realized paths of both credit and lending rates. These findings suggest that incorporat-

ing richer behavioural decision rules enables bank agents to adjust lending rates in a manner that

better reflects observed behaviour when conventional policy rates reach their lower bound. More

broadly, they highlight the potential benefits of behavioural realism for improving the empirical

performance of agent-based models, particularly during unconventional monetary policy regimes,

thereby strengthening the policy relevance of the LLM-integrated framework.

Appendix D. DSTI calibration

An important variable determining the supply of credit is the maximum debt-service-to-income

ratio (DSTI) allowed for households. For each credit request received, the LLM-driven bank agent

is instructed to propose a loan amount and interest rate such that the resulting DSTI remains below

the currently imposed maximum. When this condition is satisfied, the proposed loan is granted.

Otherwise, the prompt is submitted again, with up to ten attempts allowed to obtain a response

satisfying the DSTI constraint. The maximum DSTI is assumed to be determined by the bank,

reflecting its risk tolerance, and is therefore introduced into the model exogenously. Nevertheless,

publicly available information on DSTI values remains very limited, making its calibration from

observed data very challenging. The only available source for such information is the BIS’s debt

service ratios statistics41. The database, as of August 2026, covers 32 countries and provides an

estimate of DSTI series at an aggregate level, in quarterly frequency since 1999. While it should

correctly capture how the DSTI in a particular country evolves over time, this database has two

main limitations; it doesn’t cover Greece, which is examined in this study and, “...it does not

necessarily accurately measure [DSTI’s] level relative to what one could obtain from the correct

micro data” (Drehmann et al., 2015, p. 91). The former limitation extends not only to a country

being included, but also to the fact that the reported DSTI series at sector level42might not represent

41https://data.bis.org/topics/DSR
42The database distinguishes between the following sectors; households &NPISHs; non-financial corporations; and

private non-financial sector, the latter referring collectively to non-financial corporations and households. Naturally,

the second one is the least relevant for the purposes of examining household DSTIs.

38



its sub-components in a sufficient manner. One can reasonably assume that the two components

of total household DSTI -mortgage and consumer credit- follow different paths43. Therefore, the

calibration procedure aims to overcome these limitations.

Appendix D.1. The rationale behind DSTI’s calibration

The first limitation is the most difficult to address in the absence of more detailed data. Thus, it

is circumvented in an axiomatic way; the study assumes that the actual DSTI series for consumer

credit in Greece must have roughly similar dynamics with some of those reported in the database.

The selection of the individual series to be examined in the calibration exercise is based on their

presumed adequacy to resemble the unknown, real-world DSTI in Greece. The second one is

approached in a grid-search way; a range of initial DSTI figures is applied on a number of country-

specific DSTI growth rates and the resulting path is fed as an input in the model. For every pair of

{intitial DSTI, DSTI growth rate path}, the study compares the (rescaled) level and trajectory of

the simulated consumer credit series with the historical ones. In addition to the country- and sector-

specific DSTI scenarios, the analysis constructs several hybrid DSTI scenarios by combining the

best-performing DSTI trajectories across six four-year periods44. These hybrid scenarios are then

subjected to the same grid-search procedure as if they were individual country-specific scenarios.

It should be mentioned that during the DSTI calibration procedure, the interest rate was set to

follow its historical evolution.

Appendix D.2. Hybrid DSTI scenario construction

To construct the hybrid scenarios, the analysis identifies the best-performing DSTI trajectories

within each period and subsequently combines them. These hybrid trajectories are then evaluated

alongside the country-specific trajectories in the full-sample grid-search procedure.

Figure D.21: Mean absolute error (MAE) of alternative DSTI trajectories in replicating the historical consumer credit

series during the pre-crisis period, split into two subperiods: September 2002–August 2006 (left panel) and September

2006–August 2010 (right panel).

Filled circles mark the best-performing configuration and hollow circles those with statistically

equal performance at 95% confidence level. Subscript H refers to the household sector, while

subscript P refers to the private non-financial sector.

The results for the two pre-crisis subperiods in Figure D.21 reveal a clear difference. In the

first subperiod, only a few DSTI trajectories stand out, while in the second subperiod many exhibit

43In (Papadopoulos, 2019, p. 61) the author shows that, for the case of the US, housing and consumer credit DSTIs

have indeed very different dynamics.
44Dividing the sample into four-year periods balances two objectives: it provides sufficient temporal resolution to

distinguish between different economic regimes (two subperiods pre-crisis, two during financial stress, and two during

the subsequent recovery) while it maintains adequate sample sizes for robust statistical testing.
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performance that is statistically equal to the best one. This contrast is also reflected in the overall

distribution of MAEs. In the second subperiod, many trajectories achieve relatively low MAEs of

around 0.2, even if they are not statistically equivalent to the best-performing one, whereas in the

first subperiod most MAEs are clustered around 0.4.

Figure D.22: Mean absolute error (MAE) of alternative DSTI trajectories in replicating the historical consumer credit

series during the crisis period, split into two subperiods: September 2010–August 2014 (left panel) and September

2014–August 2018 (right panel).

Filled circles mark the best-performing configuration and hollow circles those with statistically

equal performance at 95% confidence level. Subscript H refers to the household sector, while

subscript P refers to the private non-financial sector.

Figure D.22 presents a similar contrast between the two subperiods of the crisis period. During

the first subperiod (September 2010–August 2014), several DSTI trajectories achieve performance

that is statistically indistinguishable from the best-performing one. In contrast, only two trajecto-

ries exhibit comparable performance during the second subperiod (September 2014–August 2018).

This deterioration is also reflected in the MAEs, which are generally lower in the first subperiod

and increase across most DSTI trajectories in the second.

Figure D.23: Mean absolute error (MAE) of alternative DSTI trajectories in replicating the historical consumer credit

series during the recovery period, split into two subperiods: September 2018–August 2022 (left panel) and September

2022–December 2024 (right panel).

Filled circles mark the best-performing configuration and hollow circles those with statistically

equal performance at 95% confidence level. Subscript H refers to the household sector, while

subscript P refers to the private non-financial sector.

Finally, the results in Figure D.23 show that during the recovery period, few DSTI trajectories

have the same performance, statistically.

To avoid the combinatorial explosion of the hybrid scenario tree, the analysis considered, at

each period, only the best-performing trajectories together with those that had the highest number
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of equally well-performing representatives. Specifically, the selected trajectories areDEH for the

first, HUP , DEP , DKH & PTH for the second, DEP & NOP for the third, DEP & PLP for the

fourth, DEP & PLP for the fifth and DKH for the sixth period. This selection resulted in a total

of 32 hybrid scenarios being evaluated.

Appendix D.3. Identification of the best-performing DSTI scenario

Having constructed the hybrid scenarios, the analysis conducts the same grid-search procedure,

and evaluates the performance of every scenario over the full sample.

Figure D.24: Mean absolute error (MAE) of alternative DSTI trajectories in replicating the historical consumer credit

series over the full sample (left panel) and comparison of the historical and simulated consumer credit series for the

best-performing DSTI trajectory (right panel).

Filled circle marks the best-performing configuration. Subscript H refers to the household sector,

while subscript P refers to the private non-financial sector.

The results in Figure D.24 show that the pair of {intitial DSTI, DSTI growth rate path} which

yields the lowest distance from the historical series of consumer credit is the hybrid scenario

marked as GR10, which is the combination of DEH , DKH , DEP , PLP , DEP & DKH individ-

ual scenarios, for the respective subperiods.

Figure D.25 presents the evolution of the selected DSTI scenario, along with the simulated and

historical consumer credit series.
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Figure D.25: Best-performing DSTI trajectory (dash-dotted line) together with the corresponding simulated (solid

line) and historical consumer credit series (dashed line).

The DSTI trajectory shown in Figure D.25 initially declines, reflecting the path of the DEH

component used during the first subperiod. It then rises sharply until the onset of the financial crisis

in Greece, in 2010, after which it enters a prolonged and pronounced decline. This downward trend

is interrupted only briefly between 2013 and 2015 before continuing until around 2019, when the

trajectory begins to recover, albeit with several fluctuations. The resulting simulated consumer

credit series confirm their high similarity to the historical one, both in terms of distance as well as

correlation45.

Appendix E. Expectations formation under the Heuristics Switching Model

TheHeuristics SwitchingModel (HSM) is described in detail inAnufriev andHommes (2012a,b)

and the subsequent literature. Nevertheless, a brief overview is provided here. TheHSMcomprises

three main components: a pool of forecasting heuristics, a measure of their performance, and a rule

governing the selection of heuristics.

For a generic variable yt, the forecasting heuristics take the form of the following linear, adap-

tive, or trend-extrapolating rules:

A weak trend following rule (WTR):

yewtr,t = yt−1 + ωwtr · (yt−1 − yt−2) (E.1)

A strong trend following rule (STR):

yestr,t = yt−1 + ωstr · (yt−1 − yt−2) (E.2)

An adaptive expectations rule (ADA):

45The correlation coefficient between the two series is 0.85, which is statistically equal to the highest one obtained

from the hybrid scenario GR9 with an initial DSTI of 44%, at 0.87.
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yeada,t = yet−1 + ωada · (yt−1 − yet−1) (E.3)

And a learning anchoring and adjustment rule (LAA):

yelaa,t =
yavt−1 + yt−1

2
+ (yt−1 − yt−2) (E.4)

, where yavt−1 =
1
t

∑j=t−1
j=0 yj .

The first, second and fourth heuristics (WTR, STR and LAA) are trend extrapolating ones. The

distinction between the first two lies in the strength of the trend-following behaviour, with STR

assigning greater weight to the prevailing trend than WTR (ωstr > ωwtr). The fourth heuristic,

LAA, is more complex, as expectations are extrapolated from an anchor that incorporates previ-

ously realized values (Anufriev and Hommes, 2012a,b). In contrast, the third heuristic follows

a simple adaptive rule, combining past observations with previous expectations to determine the

current expectation of yt.
Each heuristic i’s performance is evaluated according to the following measure:

Ui,t−1 = −(yt−1 − yei,t−1)
2 + ηUi,t−2 (E.5)

The parameter η ∈ [0, 1] determines the extent to which past prediction errors influence house-
holds’ choices, thus capturing their memory. When η = 0, households disregard past performance
entirely, whereas for η ∈ (0, 1], past prediction errors continue to affect their decisions, although
their influence gradually declines over time. This treatment is consistent with the literature on

household memory and expectations, which suggests that memories can persist when households

make financial decisions (Ampudia and Ehrmann, 2017) and may extend back approximately 10-

15 years or even longer before their influence completely fades (Ehrmann and Tzamourani, 2012).

The final element of the HSM is the selection rule which determines the probability ni,t of

heuristic i being selected in each period t:

ni,t = δ · ni,t−1 + (1− δ)
exp(β · Ui,t−1)∑i=4
i=1 exp(β · Ui,t−1)

(E.6)

Heuristrics’ relative performance and two behavioural parameters, δ and β, determine their
stochastic selection. The first parameter, δ ∈ [0, 1], captures inertia in heuristic selection, reflecting
households’ tendency to retain their previously chosen heuristic. The second parameter, β ≥ 0,
referred to as the “intensity of choice”, determines how strongly households respond to differences

in heuristic performance and, consequently, how quickly they switch towards the better-performing

heuristic. The HSM-related parameters are set to the values identified in the original studies of

Anufriev andHommes (2012a,b), which have subsequently been shown to provide a good fit across

a range of different settings (Assenza et al., 2014).
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