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Abstract 

Agent-based models ( ABMs) are dynamic computer simulations that abandon utility maximization and in- 
stead assume that agents are boundedly rational and make decisions using heuristics, myopic reasoning, 
and/or learning algorithms. Because ABMs do not need to compute optima they are more tractable, allowing 
a higher level of realism. Recent research has developed quantitative agent-based models that make time 
series predictions, modelling a specific economy at a specific point in time; some of these address ques- 
tions that mainstream models cannot even ask, and some make predictions that are superior or equal to their 
mainstream equivalents. After explaining what ABMs are and how they are built in more detail, I review four 
examples of models from my own work for leverage cycles, the 2008 housing bubble, Covid, and a general- 
purpose micro-macro model. I conclude by discussing the advantages and disadvantages of agent-based 
models in comparison to standard models. 
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I. Introduction 

Since rational expectations began to be adopted in economics in the 1960s, there has always been 

an alternative strand of thought that we should also be exploring approaches based on Herb 

Simon’s notion of bounded rationality. This naturally leads to what is called ‘agent-based mod- 
elling’, which is based on computer simulation of boundedly rational agents rather than utility op- 
timization within a purely mathematical framework. Over the last 60 years quite a lot of progress 
has been made, but until recently there were no quantifiable successes based on empirical bench- 
marks. On a recent panel, a Nobel prize-winning economist whom I shall not name said ( more or 
less) ‘agent-based modelling has been around for a long time, but there is still very little success 
to show for the effort’. My goal here is to convince you that this economist was speaking out 
of ignorance. Computers are now a billion times more powerful than they were in Herb Simon’s 
day, there is vastly more data, and we know a great deal more about human behaviour. Agent- 
based models are the natural way to take advantage of this new power. Among other things, they 
provide a flexible modelling framework to take advantage of advances in behavioural economics, 
which is only beginning to be explored. One of the new developments is quantitative agent-based 

models ( ABMs) that make time series predictions about a specific economy at a specific point in 

time. These efforts are beginning to be successful, even though the person-hours invested are tiny 
compared to the effort invested in creating the corresponding mainstream tools. These models 
provide proofs of principle for the promise of agent-based modelling. In this paper I explain the 
advantages of agent-based models and discuss how their disadvantages could be overcome by 
pouring more effort into this area. In doing so I hope to convince you that agent-based models 
deserve more attention from the mainstream. 
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This paper is organized as follows: I first explain what agent-based models are and how they 
differ from standard models in economics. I then present four examples, including a very simple, 
stylized toy model for leverage cycles in the financial system, a highly realistic model for the 
Washington DC housing market, a model that was successfully used to predict the economic 
impacts of the Covid pandemic and a detailed quantitative micro-macro model whose predictions 
are roughly as accurate as those of mainstream macro models. I then discuss the pros and cons of 
agent-based models and conclude with some reflections about why they have not been accepted 

by the mainstream in academic economics, even though they are gaining some traction in industry 
and with avant-garde central banks and other policy-makers. 

I want to emphasize that this is a very incomplete review, largely focused on my own work. 
For a more comprehensive survey see Axtell and Farmer ( 2025) , or for something easy to digest 
see Farmer ( 2024) . 

II. What is an agent-based model? 

Agent-based modelling provides a way to do economics that is radically different from the pre- 
vailing mainstream approaches. An agent-based model is a simulation of the economy, which is 
typically constructed like this: 

1. Identify the essential agents to be modelled. Assign each agent a method for making de- 
cisions. This can involve heuristics, simple reasoning, search, learning, AI, or a mixture of 
any of these. When learning algorithms are used, goals need to be assigned, but these need 

not satisfy the requirements of utility functions. 
2. Mimic the institutions, market mechanisms, and other economic factors of interest in soft- 

ware, with as much verisimilitude as necessary ( remembering that it can be counterproduc- 
tive to introduce details that don’t matter) . 

3. Simulate the collective interactions of the agents as time unfolds. 

Agent-based models deviate from standard equilibrium-based economic models in several fun- 
damental ways. Perhaps the biggest point of departure is in step ( 1) , the model for agent decision- 
making. There is a great deal of flexibility in how this is done, but the key point of departure is that 
there is no assumption of optimality. The agents may attempt to optimize something, which might 
even be a standard utility function, but there is typically no requirement that they make decisions 
that achieve the optimum. In very simple situations, the agents may find optimal decisions, but 
as in the real world, this is very unlikely when things get more complicated. Agent-based models 
are powerful precisely because they make it possible to study situations where it is impossible to 

compute optimal decisions ( as is typically the case in reality) . Thus, they may incorporate goals 
along with learning algorithms that attempt to achieve those goals, but there is no assumption 

that the goals are achieved. 
Here are some of the ways agent-based modellers incorporate decision-making: 

� State the obvious. There are many circumstances for which there is an obvious decision rule. 
For example, a class of stock traders called value investors ( think Warren Buffett) follow the 
rule ‘buy undervalued assets’. 

� Ask experts, like psychologists and sociologists, who have done lab experiments or field 

studies or performed surveys to understand how people made decisions in a similar context. 
� Study data where similar decisions have been made. For example, in our housing model 

for Washington DC, discussed later, we used data from the US census on people’s housing 
choices, conditioned on income and wealth. In many cases ABMs use econometrics from 

micro-data ( but see the later discussion about the Lucas critique) . 
� Do experiments in the context of the model. One can potentially slow down an agent- 

based model to human speed, unplugging the computer’s decision-making algorithms and 

replacing them with the decisions of real people, and then build a model mimicking the 
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choices of the human decision-makers. This is a promising approach that remains largely 
unexplored.1 

� Use learning algorithms to train agents to make better decisions through time. This is the 
closest thing to a one-size-fits-all approach and is the most powerful way for agent-based 

models to answer the Lucas critique. Although there are many learning algorithms, they 
often lead to similar behaviours. 

Many current agent-based models endow agents with simple heuristics, such as ‘buy underval- 
ued assets’, ‘imitate the best’, or ‘trial and error’. Using simple heuristics is an example of a more 
general approach that I call ‘modelling behaviour directly’. As illustrated in the examples that are 
given later, sometimes such simple decision-making rules can be very effective in mimicking real- 
world behaviour, but in other cases this is inadequate. Note also that all three of these heuristics 
automatically adapt to new regimes, suggesting they may pass the Lucas critique in many different 
circumstances. 

The other radical departure from mainstream modelling is step ( 3) , simulation. The interactions 
of agents are explicitly mimicked by the computer. This can be done via equations, e.g. that might 
specify how much an agent will buy or sell or using algorithms that might be difficult to render 
with equations. Although algorithms may be written as mathematical expressions, at least in 

principle, they are not necessarily equations, i.e. in general they are not statements that something 
equals something else. Consider, for example, a heuristic call adaptation level adaptation , which is 
widely used for selling goods such as used cars or houses ( let’s assume it’s a house) . When a house 
is put on the market, the seller looks for recent sales of comparable houses and marks her house 
up from this price by a small amount, typically about 5%. Then if the house doesn’t sell after a 
month or so, the seller marks it down by about 10%, and continues marking it down until either 
the house sells, or the seller decides to take it off the market. This is easily written in software as 
an iterative expression involving ‘if–else’ statements and inequalities, and while it can in principle 
be written as a mathematical expression involving a combination of logical statements and real 
numbers, it is much more easily written as computer algorithm, and is very different from the 
equations that are easily incorporated into DSGE models. ( See the later discussion of the housing 
market model.) 

Algorithms are also more flexible for describing market institutions. Consider, for example, the 
dynamics of the continuous double auction, which in common parlance is called a ‘limit order 
book’, which is widely used in financial markets. Agents can submit different types of orders, such 

as market orders, which generate immediate transactions, or limit orders, which accumulate, and 

they can also cancel limit orders. It is difficult to implement the highly state-dependent dynamics of 
the limit order book with equations, but very easy to implement them with a computer algorithm. 

This differs from standard practice in mainstream economics. While it is now common to use 
computers to solve mathematical equations, e.g. to find the decisions that maximize utility, this is 
very different from directly simulating the processes in the economy using algorithms, as agent- 
based models do. The use of simulation is much more flexible and makes it possible to capture 
economic institutions with more verisimilitude than is possible using mathematical equations and 

solving first-order conditions. 
By verisimilitude , I mean that an attempt is made to model the economy as it is, rather than as 

if it were something else. In other words, an attempt is made to mimic economic processes real- 
istically. This doesn’t necessarily mean literally: good modellers focus on the effects that matter 
and omit those that are irrelevant. Models should be as simple as possible, though no simpler. 
The goal is to capture the essence of how things really work. Verisimilitude just means that it 
is usually much better to model the way the economy actually works, rather than to pretend it 
works another way. This contrasts with the ‘as if’ arguments that are frequently used to justify as- 
sumptions in economic models that are manifestly wrong but might nonetheless yield reasonable 
predictions. In this paper I provide several examples of how agent-based models use assumptions 
with more verisimilitude than those of standard models. 

1 Cars Hommes and his collaborators run economic experiments and explain the results of these experiments using 
simple agent-based models. See Hommes ( 2013) . 
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Figure 1. Comparison of the US stock market ( dashed) , broker-dealer leverage ( solid) , and volatility ( jagged) . 
Note : The scales are adjusted so they are all equal to one in 2002. 

Agent-based models are explicitly dynamic in a stronger sense than dynamic equilibrium mod- 
els, such as DSGE models. At each timestep the agents in the model gather information and make 
decisions. The computer then calculates the economic consequences of these decisions, which may 
generate new information. This is then added to any exogenous information processes ( shocks) , 
and the agents once again make decisions. This simulation goes around and around its loop until 
the simulation stops. There is no assumption of equilibrium ( at least in the game theoretic sense) , 
though in some cases the simulation may converge to an equilibrium. There is a great deal of 
flexibility in how simulations are done; for example, the agents might synchronously make their 
decisions at each timestep, without knowing the decisions of the other agents, or the simulation 

may proceed asynchronously, with agents making decisions one at a time, updating the state of 
the world after each agent’s decision. 

I now give a few examples of agent-based models, drawing on my own work. Agent-based mod- 
els can be simple toy models, designed to illustrate a conceptual point, or they can be complicated, 
striving to achieve realism, e.g. to make quantitative predictions or evaluate a policy. 

Let’s begin with a very simple, conceptual agent-based model designed to understand how 

leverage can cause systemic risk, leading to booms and busts in financial markets. 

III. The Basel leverage cycle 

I now describe a model that was designed to understand the role of leverage and risk control in 

the Great Financial Crisis of 2008 ( Aymanns et al., 2016 ) . Figure 1 compares US broker-dealer 
leverage to the stock market beginning in 2002. Over the next 6 years the price of the S&P index 

and the leverage steadily climb while volatility falls. In 2008 the leverage soars, the market crashes, 
and volatility rises dramatically. The model illustrates that this can be explained by a simple and 

plausible mechanism. 
The model uses a standard framework, with two representative agents, corresponding to two 

types of investors: an investment bank that uses leverage and a value investing fund that does not 
use leverage. They trade a single asset, whose supply is fixed—their alternative is to hold cash. 
They are both given initial endowments of the asset and cash, and then they begin to trade. At 
each timestep, both the fund and the bank evaluate their demand for the asset, the price is set so 

that supply equals demand and the process is repeated. There’s also a random shock that alters 
the fund’s estimate of the fundamental value, so that it is always changing in time according to 



Quantitative agent-based models 575 

Figure 2. A simple schematic diagram of the Basel leverage-cycle model. 
Note : There are two agents: the fund , which represents all unleveraged value investors, and the bank , which 
represents all investors with leverage targets. The equity flow is from their buying and selling of the asset, and the 
shock represents outside noise that randomly influences the valuation perceived by the fund. 

a random walk—the resulting shocks can be turned up or down or even set to zero. The model 
can be written as either a discrete or continuous dynamical system, with seven equations. When 

the solution converges to a fixed point it can be solved algebraically, but in many situations, as 
discussed below, the solution does not converge to a fixed point, even in the absence of noise. A 

schematic of the model is shown in Figure 2 . 
The strategies of the two agents consist of simple but widely used heuristics. The fund is a value 

investor who estimates the value of the asset and buys and holds it when it’s undervalued and 

sells it and holds a short position when it’s overvalued—the size of the positions is proportional 
to the mispricing. The bank is an investment bank that has a leverage target and adjusts its lever- 
age according to the recommendations of Basel II, which are based on estimating value-at-risk. 
When expected volatility is high, leverage is lowered, and when expected volatility is low, it is in- 
creased. Following the widespread practice in financial markets, the estimate of future volatility 
is backward looking, based on an exponential moving average of past volatility. 

The model has a few parameters that control its behaviour. Two key parameters, whose effects 
on the dynamics are similar, are the relative wealth of the investment bank and the value fund 

and the risk appetite of the investment bank. If the fund has most of the wealth and/or if the risk 

appetite of the investment bank is low, then the dynamics are stable. In the zero-noise limit, this 
means that the price of the asset converges to its fundamental value and the leverage and volatility 
converge to constant values. 

In contrast, if the bank has more wealth, and/or if the risk appetite of the investment bank 

is sufficiently high, the system begins to oscillate. During the cycle the stock price and leverage 
slowly build, while the volatility slowly drops. Then the market suddenly crashes and the volatility 
spikes sharply upward. Just before the crash the leverage spikes upward, then its drops sharply 
just after the crash, as shown in Figure 3 . 

One of the nice features of the model is that sensible a priori parameters yield quantitatively 
plausible results. The scale of the horizontal axis in Figure 3 is measured in years. The frequency of 
the oscillations depends on the time-window used for the exponential moving average of volatility; 
with a 2-year window, which is the industry standard, the cycle takes about 10 years, roughly 
equivalent to the period of smooth growth in the build-up to the great financial crisis of 2008. 

Surprisingly, the oscillations in the unstable phase occur even if the shocks are turned off com- 
pletely . This is because the dynamics are chaotic, meaning that the system shows sensitive depen- 
dence on initial conditions ( corresponding to the exponential separation of nearby states) and 
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Figure 3. An illustration of the Basel leverage cycle in the deterministic limit, where the shocks are set to zero. 
Note : The parameter Ē is the target equity of the bank, and the parameter α is the risk aversion of the bank—higher 
α means more risk, which results in higher leverage. ‘Target’ refers to the fact that the bank bases its decisions on 
its volatility forecast and the current price, but these may change ( in practice the true and target leverage and price 
are usually very close to each other) . On the left, parameters are set so that the banking sector is relatively small, 
whereas, on the right, the banking sector is relatively large; we could have increased the bank’s risk parameter α
and achieved the same effect. The scale of the horizontal axis is measured in years. When the dynamics are 
unstable, as they are on the right, there is a steady climb in the price of the stock, followed by a sharp collapse 
when the leverage gets too large. This cycle repeats itself, but does so chaotically, with peaks whose amplitudes 
vary irregularly from cycle to cycle. 

there is an endogenous oscillation, even with no external noise, as shown in Figure 4 . Chaotic 
attractors have the property that the dynamics are locally unstable but globally stable. The state 
is confined to the attractor, but moves around it in an irregular manner. The magnitude of the 
oscillations varies irregularly, as does the time interval between them, as one would expect from 

a system with chaotic dynamics. 
To understand the cause of this behaviour more intuitively it helps to trace the behaviour as it 

moves around the attractor. Shortly after the system crashes, the price and leverage are low and the 
volatility is high. Because the bank uses a moving average of historical volatility to estimate future 
risk ( a smoothing operator) , after the crash prices change slowly and volatility slowly drops. This 
causes the bank to raise its leverage, driving the price up. Increasing leverage makes the system 

less and less stable, until it becomes unstable and crashes. 
The dependence on the size of the banking sector can be understood in terms of two competing 

effects. The fund buys when prices drop, stabilizing the market. The bank, in contrast, has an 

inverted demand function: when prices drop its leverage increases ( by definition) . This forces it to 

sell the asset. It is thus selling into a falling market, which is destablizing. When the combination 

of the size of the banking sector and the bank’s leverage is too large, the market is unstable and 

its behaviour is chaotic. The nonlinear behaviour of the system is such that, though the system 

is locally unstable, it is globally stable, which keeps it on the chaotic attractor seen in Figure 4 . 
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Figure 4. Underlying chaotic dynamics of the Basel leverage cycle. 
Note : The panel on the left shows how the system moves clockwise ( from the top) through a three-dimensional 
projection of its phase space, consisting of the stock ownership by the bank, the price of the risky asset, and the 
risk ( volatility) perceived by the bank, which is inversely proportional to the leverage. ( When the perceived risk is 
high the bank lowers it leverage, and vice versa.) The crash occurs when the bank ownership, leverage, and the 
price are at their maximum, in the upper left in the left figure. A dot is plotted each time step, so one can see speed 
of motion. As the crash happens there are distinct dots, corresponding to very rapid motion, vs the region on the 
bottom, where the system moves so slowly that the dots are blurred together. The panel on the right is what is 
called a Poincaré section, which is made by plotting the ownership vs the perceived risk whenever the price rises 
above a given threshold; the result is as if one took a slice through the attractor in the figure on the left. This shows 
the characteristic fractal structure of stretching and folding that always underlies chaotic behaviour. 

The transition between the stable and unstable modes of behaviour is sharp: the system jumps 
discontinuously from a fixed point to a finite amplitude chaotic oscillation. This creates a danger 
for the financial system—if circumstances change, e.g. because the bank gains more assets, even 

a very small change can cause the chaotic oscillation to suddenly appear at full size. 
The Basel leverage cycle model discussed above illustrates the complementarity of standard 

economics and agent-based modelling. The model was inspired in part by John Geanakoplos’s 
theory of leverage cycles ( Geanakoplos, 2003 ) . His model is an equilibrium-based three-period 

model with utility-maximizing heterogeneous investors, ranging from optimistic to pessimistic. 
The Basel leverage cycle model introduces dynamics and shows that systemic financial risk can be 
caused by prudent investors—it does not necessarily require heterogeneity. It differs from the lever- 
age cycles envisioned by Minsky in that greed enters only indirectly, through the use of leverage by 
the bank. In fact, it is ( boundedly rational) prudence that causes the problem: in the Basel lever- 
age cycle model investors follow institutionally sanctioned risk management. The crash occurs 
because this leads them to collectively sell into falling markets, behaving as if they had inverted 

demand functions. This is a good example of what is called an emergent phenomenon, in that it 
is not obvious a priori that this can lead to a chaotic endogenous oscillation. 

To summarize, this model uses a standard framework in finance of two investors who choose 
between a risky and a non-risky asset. There are four key assumptions: 

1. The investment bank uses value-at-risk ( Basel II) to regulate its leverage. 
2. The investment bank uses an exponential average of historical volatility to estimate future 

volatility. 
3. The value investor holds the asset when it is undervalued and shorts it when it is overvalued. 
4. The price is set by letting supply equal demand. 

The first three assumptions provide good examples of heuristics, i.e. simple rules that agents 
follow, either because they are useful or because they are mandated. When I present this model to 

an economics audience, if I want to rib them a little, I point out that assumption ( 4) , supply equals 
demand, has the weakest empirical support. My point is that it is possible to construct models 
using heuristics that are empirically well-grounded in known behaviour. The only exception is 
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that there is some arbitrariness in the precise way the strategy of the value investor is constructed 

in assumption ( 3) , but numerical experiments make it clear that the behaviour of the model is 
robust with respect to this. 

To close the discussion of this model, I want to emphasize that bounded rationality is key. 
The non-optimality of the agents’ rules of thumb are an important feature of the model. When 

Christoph Aymanns and I presented this model at the OECD, a discussant from the BIS objected, 
correctly pointing out that the chaotic oscillations would never occur if the bank followed rational 
expectations. But our response was to ask whether this is a defect or a virtue? Does anyone 
really think that typical investors understood what was about to happen in the run-up to 2008? 
At a high level, this model illustrates that the bounded rationality of real agents is important, 
and is necessary to achieve verisimilitude. As we discuss later, bounded rationality often leads to 

endogenous oscillations in systems where it is not present with rational agents. ( See Farmer ( 2024) 
for several examples and an extended discussion; Asano et al. ( 2021) is particularly relevant.) 

IV. Housing markets 

I now describe an agent-based model which sits at the other end of the spectrum, in that the model 
is much more complicated, and is calibrated carefully against empirical data to be as realistic as 
possible. The original model for Washington DC was built in a project led by Rob Axtell, John 

Geanakoplos, Peter Howitt, and me, supervising a long list of graduate students and postdocs 
( Geanakoplos et al., 2012 ; Axtell et al., 2014 ) . This model mimics the institutional structures for 
buying and selling houses in the real world and employs rules of thumb that people use to make 
decisions in housing markets, employing a mixture of forward- and backward-looking expecta- 
tions. Using detailed data on real-estate transactions and mortgages, and information from the 
IRS and the US census, our model reproduces all the steps of buying or selling a house. It simu- 
lates the decisions of households to rent or buy and their interactions with banks and real-estate 
agents in taking out loans and buying and selling houses with as much realism as possible. The 
result is a model that was able to quantitatively reproduce the housing bubble in Washington DC 

reasonably well. 
Agent-based modelling in economics has a long history of qualitative agent-based macro mod- 

els, which study the behaviour of a hypothetical generic economy at a generic point in time. 
These models have made valuable contributions to understanding the likely effect of policies on 

economic outcomes. For a more extensive discussion see Axtell and Farmer ( 2025) . Our hous- 
ing market model is perhaps the first quantitative agent-based model in economics. Constructing 
it required considerable computer programming and data ingestion, but at the same time, it is 
conceptually simple—the way it works will be familiar to anyone who has ever bought a house. 
Calibrating our model with detailed data on real-estate transactions and mortgages, and infor- 
mation from the IRS and the US census, we simulated the decisions of households to rent or buy 
and their interactions with banks and real-estate agents in taking out loans and buying and selling 
houses. To make the most realistic possible simulation of how houses are bought and sold, we 
modelled details such as how people get loans from banks and how real-estate agents help them 

find the right house. The agents in our model were households, who could be homeowners or 
renters. We simulated the behaviour of 10 000 households in small runs and up to 100 000 in 

larger runs—fewer than the actual number of households in Washington but enough to provide a 
good sample. We created artificial households with different levels of income and wealth, so that 
they were representative of the actual households in the Washington DC area in roughly the right 
proportions. 

The central question that each of our households faced was, ‘Should I rent or buy?’ This de- 
cision is of course strongly influenced by whether or not households expect prices to rise. In our 
model of the decision-making of prospective buyers, each household estimated future house prices 
based on the recent trend; if house prices have been going up, the households assumed they would 

keep going up, at least for a while. The fact that people make house-buying decisions this way is 
well supported by empirical studies. At the same time, our households thought about how future 
prices would affect them. Thus, our model for prospective buyers used a mixture of forward- and 

backward-looking expectations, based on research supported by data and common sense. 
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We also simulated the process of taking out a housing loan. When our simulated households 
decided to buy a house, unless they were rich enough to buy the house outright, they went to 

a simulated bank to ask for a loan. The bank would consider each loan application, consider 
the household’s income and wealth, and accept or reject the application accordingly. The simu- 
lated bank offered several kinds of loans, ranging from simple, old-fashioned fixed-rate 30-year 
mortgages to complicated, newfangled loans with variable rates and balloon payments. This was 
important: in the build-up to the actual crisis, lending policy became more liberal, so that it was 
easier to get a loan and the terms were more generous, often with higher leverage and a higher 
proportion of complicated loans. We were able to acquire a detailed data set with a record of 
almost all mortgages in Washington, so we could adjust our bank algorithm on a year-by-year 
basis to match the types of mortgages that were actually issued and the lending criteria that were 
in place at the time. We could also run counterfactual scenarios, for example holding the types of 
loans constant. Similarly, the interest rates at which loans were given could be adjusted to match 

historical rates, or we could make up hypothetical interest rates to assess their importance in 

driving the bubble. 
We were able to acquire data based on tax returns that told us how many people in a given 

age and income range entered or left Washington each year. In the course of our simulation, for 
each year, we could introduce new households ( who needed to buy or rent new houses) or put 
new houses on the market when they moved away from Washington. We were able to check our 
predictions against detailed real-estate records. 

At the beginning of the simulation, we assigned households diverse incomes and wealth to 

match the real data in 1997 and created a range of houses for them to live in, corresponding to 

the range of values of existing houses. Then, for each household, we simulated subsequent savings 
and consumption behaviour. Most households’ incomes tended to slowly increase, but unlucky 
households could become unemployed and default on their mortgages. 

Agent-based models have a big advantage for studying housing markets because of the way 
the market works, which is not at all close to market clearing. Housing markets operate through 

bilateral trading. Sellers set the offering price via aspiration-level adaptation, as described earlier. 
They choose an initial price and gradually lower it until either the house sells or they remove 
it from the market. Meanwhile buyers search for houses in their preferred price range, which 

depends on their income and wealth, and houses are removed from the market when there is a 
transaction. We carefully analysed a comprehensive record provided by real estate agents that 
makes it clear that houses are sold using aspiration-level adaptation and implemented this in the 
model. 

The housing market in our model was constructed to be as realistic as possible. Each month a 
given number of new houses were chosen at random to be put on the market ( using a constant 
rate in time) and additional houses might be put on the market because the owners defaulted 

on their mortgage payments. These were added to the unsold houses already on the market. The 
rate at which new buyers entered depended on several factors, including household income and 

savings, perceptions about future housing prices, interest rates, and the availability of bank credit. 
Then we cleared the market, matching as many houses as possible based on the offered selling 
prices and the buyers’ reservation prices. This typically leaves behind many unsold houses and 

unsatisfied buyers, meaning the market did not clear. The operation of housing markets is hard 

to write in mathematical form but easy to simulate—one of many examples of how agent-based 

models allow greater verisimilitude. 
The fact that houses are sold via aspiration-level adaptation means that there can be large im- 

balances in supply and demand—housing markets often operate very far from market clearing. If 
there are more sellers than buyers, then some of the sellers are left without making a transaction, 
and if there are more sellers than buyers, some of the buyers are left without making a transac- 
tion. During the 2008 housing bubble, there were times when there was more than an order of 
magnitude more buyers than sellers, and after the bubble burst, the reverse was true. ( This was 
true both empirically and in our model.) One consequence of this, observed in real markets, is 
that prices respond sluggishly, which means that assuming that supply equals demand is a poor 
approximation. 
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We also modelled the rental market. This meant we had to model landlords, who buy houses 
to rent to others. This part of our model was less accurate, because we couldn’t get good data on 

rental prices. 
We simulated the model on a monthly timescale. We began by initializing the model to match 

conditions at the beginning of 1997. Each month, the model would run through a series of steps 
like this: 

1. Demography is updated, so that new households enter and leave the area to match the 
historical record. 

2. The banks survey all their existing loans and make foreclosure decisions. 
3. Households are updated. This requires a long list of possible actions and decisions for each 

household, including: receive income; consume; make a rental or mortgage payment; decide 
whether or not to buy a new house; decide whether or not to sell or delist a house that is 
already on the market; apply for a loan or refinance an existing loan. 

4. The banks consider loan applications and offer terms for mortgages. 
5. Houses and buyers enter the market, and houses are bought and sold. 

If we allowed ourselves to adjust parameters in-sample, it was easy to fit the data well. To 

address the problem of overfitting, we set the free parameters for each part of the model separately, 
using microdata, and without looking at the time series we wanted to fit. For example, we adjusted 

the parameters for how the households set their housing budgets by looking at census data ( which 

recorded how much individual households actually spent) , and the parameters for their strategies 
for selling houses by looking at real-estate quotes, and so on. This was a lot of work—even more 
than constructing the original model. Then we put all the modules together and pushed Run. We 
started the model in 1997 and let it run without any intervention until 2010. The last value in the 
simulation was, in a sense, a 13-year-ahead prediction, though of course it was strongly influenced 

by the exogenous inputs. To test the validity of our model, we then compared our simulation’s 
prediction to what actually happened in the Washington housing market during those 13 years. 
The results are shown in Figure 5 . 

The plots shown in Figure 5 consider nine different features of the housing market. The match is 
by no means perfect; for example, the simulated bubble peaks before the real bubble and prices go 

a little higher. The model doesn’t fit every feature perfectly, but most of the time it’s in the ballpark. 
It is important to look at the scales on the plots—for home ownership rates, for example, we 
predicted rates around 60%, whereas in reality they varied between 65 and 70%. So we weren’t 
doing badly given that we were missing the data needed to calibrate some of the features, such as 
the rental market. 

In addition to trying to match reality, we also did some counterfactual experiments. When 

we held interest rates constant at the initial ( high) value, for example, the bubble in our simu- 
lation was damped. This was expected; low interest rates reduce monthly payments and so cre- 
ate more demand for housing. We also experimented with holding lending policy constant, with 

banks continuing to issue the same type of loans they were making in 1997, which were mostly 
fixed-rate with down payments of 20% or more. The result was that the housing bubble almost 
disappeared, which confirmed our hypothesis that shifts in lending policy played a bigger role 
in causing the housing bubble than other factors, such as interest rates. The important role of 
lending policy is understood now, but it was not well established at the time we developed our 
model. 

This model was subsequently simplified and further developed in collaboration with the Bank 

of England and used to provide advice about setting lending policy in the UK ( Baptista et al.,
2016 ; Carro et al., 2022 ) . Models of this type are now used by many European central banks for 
analysing lending policy in the housing market. 

The main conclusion of our model was that lending policy was the main driver of the housing 
bubble. If we kept lending policy fixed as it was in the 1990s, there was almost no bubble, but 
when lending policy was allowed to loosen, as it did leading up to the crisis, we reproduced the 
bubble. 
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Figure 5. Housing market simulation for Washington DC. 
Note : We compare predictions to data for nine different features of the housing market. Solid lines are model 
outputs, dashed lines are data. The Case–Shiller index is an indicator of how much housing prices have changed; ‘1’ 
indicates not at all, ‘2’ indicates that prices have doubled, etc. 2 ‘OLP’ is ‘original listing price’. Note the scale of the 
plots; for example, it looks like homeownership rates are substantially wrong, but the difference is only about 5%. 

V. Economic impact of the Covid-19 pandemic 

The economic impact of the Covid pandemic combined three exceptional features that made 
standard models inadequate. First, the shocks were highly industry-specific, making it essential 
to model the economy with a high degree of resolution; second, the shocks affected both supply 
and/or demand, depending on the industry; and third, the shocks were huge and sudden. 

Our Oxford-based team modelled the impact of Covid on the UK and used this to advise the 
UK government. There were two main tasks: ( i) predict the magnitude of the primary supply and 

demand shocks on each industry ( del Rio Chanona et al., 2020 ) and ( ii) predict how these shocks 
would propagate through the economy, and what the overall effect would be ( Pichler et al., 2020 , 
2022 ) . 

To calculate the size of the primary supply shocks we made use of the O ∗NET database, com- 
piled by the US Bureau of Labor Statistics, which has data on factors such as the distance that 
workers in a given occupation are typically separated while on the job. This allowed us to deter- 
mine which occupations were likely to not be allowed to go to work, and other data allowed us to 

predict who would be able to work remotely. We also used an Italian list of critical industries to 

determine who would likely be forced to go to work. By mapping occupations into industries, we 
were then able to estimate the size of the labour shock. To estimate the demand shock, we used 

a study compiled by the US Congressional Budget Office in 2006, which predicted what would 

happen to demand for the products of different industries during a flu epidemic. 
Our shock propagation model was a dynamical disequilibrium model, which is conceptually 

very simple. We assumed that an industry cannot produce its product if it lacks either labour, 
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demand, or essential inputs. The essential inputs of each industry were mapped out for us by IHS 
Markit, a commercial data provider who has since been acquired by S&P, who asked its experts 
in each industry to say which inputs for each of 52 industries were essential, and which could 

be omitted for 2 months while still producing the good. For example, the essential inputs for 
steel include iron, energy, and coke, but do not include restaurants ( who manage their cafeterias) 
or management consultants, even though they both have non-zero entries in the input–output 
Table. This allowed us to construct a partially-binding Leontief production function that ignored 

non-essential inputs. 
We began by initializing the model with the inventories that were typical for each industry 

and ran the model dynamically day-by-day. The model was a simple discrete dynamical system. 
If an industry had no restrictions on labour, demand, or inputs, it would continue to produce its 
good or service just as it did before the pandemic. However, if there were restrictions on any of 
these, production was reduced accordingly. We followed this process day-by-day. Although the 
lockdown was constant over a 2-month period, the state of the system could change over time as 
inventories were reduced. Because most industries provide inputs for other industries, if an up- 
stream industry’s output was reduced, its customer’s output could also be reduced on the next day, 
and so supply shocks propagated downstream. ( To clarify terminology, goods flow downstream 

and money flows upstream.) Similarly, if a retail industry experienced a drop in demand, its sup- 
pliers would also experience a reduction in demand, and so demand shocks propagated upstream. 
The shock waves could also interact, e.g. a supply shock might cause an industry to reduce its 
output, causing it to need less inputs, creating a demand shock. As inventories were depleted, and 

as industries reduced their production, supply shortages accumulated, and the primary shocks 
were amplified accordingly. 

We had no prior pandemics that we could use to estimate parameters, so we minimized the 
number of free parameters and kept the model as simple as possible. Examples of free parameters 
included the rate at which industries adjust their demand for their inputs as their inventories are 
depleted, parameters relating to consumption behaviour, and the rate at which industries fire or 
re-hire in response to changes in production. Whenever possible we took the parameters from 

the literature, and when this was not possible, we made educated guesses. With hindsight the 
output was not very sensitive to the free parameters—most of the work was done by the initial 
conditions, such as the input–output Tables and industry-specific inventories. 

As illustrated in Figure 6 , our model produced surprisingly accurate predictions. We predicted 

a GDP shock of 21.5% in the second quarter of 2020; when the dust settled, the correct figure was 
22.1%. The industry-by-industry predictions were reasonably good, and the time profile of the 
predictions of all the major economic indicators over the subsequent year matched what actually 
happened quite well. A post-mortem showed that while there were a few places where we got 
lucky, by and large the predictions succeeded for the right reasons. 

In a sense this model is not even an agent-based model—there are no agents making deci- 
sions. All the work is done by the production function and inventory dynamics. Our postmortem 

showed that the use of the partially-binding Leontief production function was essential to the 
accuracy of the model. During the pandemic, industries didn’t substitute so much as they just got 
along without inessential inputs. The model succeeded because it had verisimilitude, i.e. it directly 
mimicked the processes that were causing economic output to drop. That said, it is not a complete 
model; for example, there are no prices or markets. ( At the time we clearly stated that the model 
did not predict inflation, which we correctly conjectured would not be a factor during the first 
year of the pandemic.) 

The predictions of the model were made in real time and communicated to the UK government. 
Based on the analysis of several scenarios, we concluded that the least-bad policy was to keep 

upstream industries open but close customer-facing downstream industries. By ‘least bad’, we 
meant that this scenario caused only a small increase in deaths while doing relatively little damage 
to the economy. ( To analyse deaths we built our own simple epidemiological model.) This was the 
policy that was enacted by the government. ( For a state-of-the-art ABM, coupling an economic 
model to an epidemiological model, see Pangallo et al. ( 2023) .) 
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Figure 6. Real time predictions made by the Covid model of Pichler et al. on 8 May 2020, when the true values 
were unknown. 
Notes : Upper panel: The solid black line is the model’s prediction of aggregate gross output for the UK, while 
coloured lines are predictions for individual industries. The black dots are measurements of aggregate output 
( which appeared a year later) . Lower panel: Industr y-by-industr y comparison of values predicted by the model 
against those measured later in the data. Disk size is proportional to industry gross output. Perfect predictions 
would lie on the diagonal line. 
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Figure 7. A schematic of the Oxford micro-macro model. 
Source : Wiese et al. ( 2024) . 

VI. Quantitative agent-based micro-macro models 

There have recently appeared quantitative micro-macro models that make time series predictions 
for a given economy at a given point in time ( Poledna et al., 2023 ; Hommes et al., 2024 ) . In the 
Oxford model ( Wiese et al., 2024 ) , for example, initial conditions are constructed with synthetic 
populations of simulated individuals that closely match demographics, including age, education, 
gender, and geography ( see Figure 7 ) . These individuals, who are organized into households, con- 
sume diverse goods and services and either work for a simulated firm or are unemployed. Each 

household lives in a house that they own or rent. Simulated firms combine labour, capital, and 

raw materials to produce goods and services, competing with other firms in the same sector. Banks 
and other financial institutions provide capital to firms, lend to households, and employ labour. 
Governments formulate fiscal policy, buy goods and services, and employ labour. Central banks 
lend to commercial banks and set interest rates. The model is ( almost) stock-flow consistent.3 

All the existing models are currently calibrated for only two countries, the country of interest 
and the rest of the world, but it should soon be possible to run such models for all the major 
countries of the world simultaneously. I call these ‘micro-macro’ models because the economy is 
built from the bottom up, and they can answer questions at the micro level as well as the macro 

level. Thus, they are capable of answering many questions that conventional macro models cannot 
even ask. 

The remarkable early result from these models is that their predictions are comparable to those 
of the best DSGE models. I say ‘remarkable’ because this is even though this work is still in early 
stages, and there are many known problems with all the existing models—problems that are 
fixable but require a combination of more careful thought and data gathering to be resolved. 
We are currently in the process of carefully benchmarking the performance of the Oxford model 
against state-of-the-art Bayesian Value at Risk models, doing this for many different countries in 

order to get statistically significant comparisons. 

VII. Discussion 

( i) Advantages of agent-based models 

Agent-based models have several important advantages over standard mainstream models. Per- 
haps the most important and least controversial is tractability. To quote Xavier Gabaix and David 

Laibson ( 2008) : 

3 We later realized that because we do not have a long-term bond we are not handling government debt properly, 
i.e. no one pays for the government’s borrowing. This will be corrected soon. 
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Tractable models are easy to analyze. Models with maximal tractability can be solved with an- 
alytic methods—i.e. paper and pencil calculations. At the other extreme, minimally tractable 
models cannot be solved even with a computer, since the necessary computations/simulations 
would take too long. For instance, optimization is typically not computationally feasible when 

there are dozens of continuous state variables—in such cases, numerical solution times are mea- 
sured on the scale of years or centuries. 

A realistic model of a complicated economic phenomenon like the 2008 financial crisis requires 
understanding the behaviour of many agents and many institutions, which require at least ‘dozens 
of continuous-state variables’. Furthermore, any realistic model contains nonlinearities, which 

means that the search landscape is not convex, but rather rugged and difficult to search. This point 
should be emphasized—in a nonlinear problem with many agents there can be literally millions, 
billions, or trillions of local maxima that need to be searched. The reason that standard models fail 
is because they require calculating the optimal decisions for each agent. It can be difficult for real 
people to do this, which is an important clue that such models lack verisimilitude. If computers 
can’t solve the models, how can we expect human beings to solve them? The tractability problems 
of the standard modelling approach are unavoidable. Utility-maximizing agents can be very useful 
in simple settings where the necessary calculations are easy to make, but they will inevitably fail 
in complicated settings. Using models based on utility-optimizing agents, it will never be possible 
to make successful models of complicated real-world situations that take the many interacting 
moving pieces of the economy into account. 

In contrast, agent-based models don’t try to find optima, so they don’t suffer from this prob- 
lem. In our housing model, for example, we considered as many as 100 000 households, all of 
whom differed from one another. In current state-of-the-art quantitative micro-models, there are 
millions of agents, requiring many millions of state variables. It would be hopelessly impossible to 

maximize each household’s utility while taking all the others into account. Instead, agent-based 

models attempt to mimic the way that real households behave. At each step, each agent processes 
the information available to her and makes decisions using plausible and simple methods. Each 

agent’s decisions consume very little computer time, and as a result it is possible to model millions 
of heterogeneous agents on a laptop. Finding solutions in such complicated settings will never be 
possible for a standard model based on utility maximization. 

Agent-based simulation can easily incorporate realistic assumptions about the complicated 

structure of the economy. We can come closer to modelling the complexities of the real world, 
gaining verisimilitude in two different ways: the decisions of the agents can be more realistic, and 

the structure of the economy can be more realistic. But the most important consequence is that we 
can make tractable models, ones that produce solutions even when things get complicated. Such 

models can be built in modular fashion, making it easy to extend them and to compare alternate 
theories about behaviour. Although many properties of agent-based models are likely to remain 

controversial, the advantages of agent-based models for tractability should be clear cut. 
Endogenous dynamics emerges naturally in many agent-based models. This contrasts with 

mainstream DSGE models, which under reasonable assumptions, absent shocks, converge to a 
fixed-point.4 As a result, mainstream models need to postulate implausible outside shocks to 

explain events such as the 2008 financial crisis, even when common sense suggests they were 
endogenously generated by the economy itself. As discussed in some detail in my popular book 

( Farmer, 2024 ) , and in several papers ( Pangallo et al . 2019 ; Asano et al., 2021 ) , one should expect 
endogenous oscillations to occur under circumstances that combine bounded rationality, nonlin- 
ear feedback, complex forecasting problems, delayed feedback, and multiple timescales. 

To get some intuition as to why this is true, consider a man balancing a pole, as shown in Figure 
8 . The man’s goal is to maintain the pole in a vertical position, but that goal is never perfectly 
achieved; the pole oscillates away from being vertical in an irregular manner. Why? To make an 

economics analogy, think of the angle that the pole makes from vertical as the output gap of the 
economy. A DSGE modeller would explain the movement of the pole in terms of shocks, making 
the approximation that the man is a perfect pole balancer. Every time a shock strikes the pole, 

4 According to the turnpike theorem, absent shocks, DSGE models will reach a fixed point unless the discount rate 
is unrealistically high ( Scheinkman, 1976 ) . 
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Figure 8. A man balancing a pole, illustrating instabilities caused by imperfect control. 

the man begins to guide it in an optimal manner toward its vertical position, but then he receives 
another shock, and starts over. However, in a quiet room we know that this explanation must 
be wrong for the simple reason that there are no such shocks. The right explanation is that a 
man cannot do this task perfectly—as the pole begins to tip, he moves his hand to compensate, 
but he tends to over or undershoot, and the pole wobbles, continuously and endogenously. The 
problem is complicated by the fact that there is a lag between applying the force to move his 
hand and the response of the pole. In fact, the dynamics are chaotic,5 as one expects from control 
systems with lags between the control and the response ( Farmer, 1982 ) . Of course, if a man is 
standing on the deck of a ship in a hurricane, shocks play an important role, but the point is 
that the oscillations occur even when the ground is stationary and there is no wind. The lesson 

for macroeconomics is that it suggests that imperfect control due to bounded rational decision- 
making plays an important role in causing the endogenous oscillations of the economy. This is 
also suggested by several agent-based models ( Pangallo et al . 2019 , Asano et al., 2021 ) , which 

show how chaotic oscillations emerge in these situations. 

Ability to incorporate insights from behavioural economics 
Macroeconomics is in a bind. On one hand, the now well-established field of behavioural eco- 
nomics has shown that people are not rational in many important ways. On the other hand, 
all the workhorse models of macroeconomics, such as those used by treasury departments and 

central banks, assume rational expectations, albeit with frictions, and sometimes with learning. 
There is so far no systematic, well-agreed upon method to incorporate insights from behavioural 
economics into macroeconomic models. 

Agent-based modelling potentially solves this. By using computer simulations, it is possible 
to incorporate the idiosyncrasies of real human behaviour and the role of institutions with as 
much verisimilitude as needed. This provides a natural route to bring in insights from behavioural 
economics to economic modelling. 

5 As in the Basel leverage cycle model, the dynamics are locally unstable. They are also globally stable as long as the 
man does a good job of balancing the pole, so that it doesn’t fall over entirely. 



Quantitative agent-based models 587 

That said, I want to emphasize that I am not saying that rational expectations is always a bad 

way to model the world. Rational expectations is a good model in simple situations where the 
agents involved can find the appropriate Nash equilibria. When I was 9 years old, my friends 
and I went through a fad of playing tic-tac-toe ( noughts and crosses) . But when we discovered 

the strategy whereby the second player can always get a draw, the game got boring, and we quit 
playing. For chess in contrast, even with powerful modern computers, no one has yet deduced 

even a single Nash equilibrium, and there might be billions of them. Rational expectations and 

Nash equilibria are a great behavioural model for tic-tac-toe, but a useless model for chess. The 
point is that rational expectations makes lots of sense when the decision problem of the agents is 
easy to solve and makes no sense when it is extremely hard to solve. 

Over the last 20 years or so my collaborators and I have studied the question of when one 
should expect players with plausible bounded rationality to converge to equilibria in normal form 

games ( for the culmination of this work see Pangallo et al . 2019 ) . The upshot is this: whether or 
not players will converge to equilibria depends on the complexity of the game, here measured 

by the size of the payoff matrix, which depends on the number of pure strategies and the num- 
ber of players. It also depends on whether the game is competitive or cooperative. In the way 
we use the terms here, a game is competitive if one player tends to lose if the other player wins, 
and it is cooperative if one player tends to win when the other player wins. We studied all pos- 
sible normal form games using Monte Carlo methods and theoretical techniques from statistical 
physics and found that when games are both complex and competitive, the strategies of players 
with plausible bounded rationality do not converge to equilibria. Instead, the system typically has 
chaotic dynamics in the strategy space, meaning that the strategies of the players never settle into 

an equilibrium, but rather they continually evolve in an irregular manner. When the games are 
sufficiently complex the chaotic dynamics of the strategies can be high dimensional, meaning that 
they are effectively random. This is because players cannot learn the Nash equilibria unless they 
possess unrealistically heroic levels of rationality. 

This work makes two important points. First, it illustrates the earlier point that rational ex- 
pectations is a poor approximation in complex settings. Second, it shows that one may not be 
able to make effective models in complex, competitive settings by assuming that the strategies of 
agents will settle into fixed points. One instead needs agent-based models that can cope with the 
endogenous dynamics that are likely to occur in settings that are complicated and competitive. 

Calibration 

Agent-based models are typically not differentiable and are often complicated, making them dif- 
ficult to calibrate. Recent work offers solutions to this problem using Bayesian methods that take 
advantage of developments in machine learning ( e.g. Dyer et al. ( 2024) provides a recent example) . 
While this work is still under development, there has been some success in calibrating reasonably 
large models with several free parameters. This is a key enabling factor for constructing quanti- 
tative agent-based micro-macro models. 

An intrinsic advantage of agent-based models is that they can be micro-calibrated , meaning that 
they can take advantage of data about individual households and firms, to calibrate the model at 
the level of individual households and firms, rather than relying on aggregate data alone. This can 

potentially solve the inherent problem caused by severe data limitations to macro-modelling based 

on aggregate data. There are only 80 years of data since the Second World War, which means that 
even at quarterly frequency there are only the order of 300 data points. At quarterly frequency, 
the standard aggregate time series based on quantities like GDP, unemployment, and inflation, 
are strongly autocorrelated and cross-correlated. As a result, the amount of information they 
contain is small. As my graduate student Samuel Wiese was able to show, the standard time series 
used to calibrate aggregate macro-models can be compressed into about 500 bytes of information. 
( Note that I mean bytes , not kilobytes or megabytes.) Conventional macro-models used by central 
banks, such as the Smets–Wouters model, have at least 40 or 50 free parameters. This is to be 
expected—the economy is complicated, and one should expect that good quantitative models 
need to be correspondingly complicated. However, it is unrealistic to imagine that this many 
parameters can be usefully estimated with so little data, and even with strong Bayesian priors, 
this is a big problem. 
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Micro-calibration can potentially solve this, or at least make it better. Agent-based models are 
best calibrated with micro-data. Using modern computational power, one can potentially build 

hyper-realistic models that literally model real firms and households at a one-to-one scale. The 
challenges to doing this are data and confidentiality. This requires detailed data about households 
and firms, including supply chain information linking the firms together. Such data are only avail- 
able for some countries ( those with VAT taxes recording the counterparties in transactions) . It 
can be challenging to construct synthetic populations that preserve confidentiality while main- 
taining the needed economic realism. This approach to modelling the economy remains on 

the horizon, though some central banks are already working to model their economies this 
way. 

( ii) Disadvantages of agent-based modelling 

There are also some disadvantages to agent-based modelling. The first problem that most 
economists will raise is that the decision-making rules are ad hoc. This is necessarily true, though 

as discussed earlier, there are many ways of grounding assumptions in reality. 
In mainstream economics there are very clear and explicit methods for modelling behaviour 

based on utility maximization, but as discussed above, in agent-based modelling this is much less 
cut and dried. So far, agent-based modelling has failed to properly and carefully incorporate what 
has been learned in behavioural economics, which provides a potentially very fruitful avenue for 
future research. 

Another disadvantage of agent-based modelling is that large-scale quantitative models are 
labour-intensive. Making a realistic agent-based model typically involves considerable program- 
ming and data gathering, which is best done by large teams with an internal division of labour. For 
example, our model for Washington DC housing markets had thirteen authors, and our more re- 
cent micro-macro model has nine authors. In contrast to other fields, like particle physics, where 
papers can have thousands of authors, the anthropological conventions of the academic eco- 
nomics community do not accommodate this style of work. 

( iii) The Lucas critique 

Agent-based models using fixed rules potentially suffer from the Lucas critique. I used the word 

‘potentially’ to indicate that this is not always true. For example, there will always be investors 
who buy undervalued assets, and people will always imitate each other and adjust their behaviour 
based on trial and error. There are also many circumstances where decision-making is mandated 

by institutions. For example, the model of leverage cycles discussed earlier assumes that invest- 
ment banks manage their risk as dictated by Basel II. Of course this can change, but the model can 

change accordingly. Exploring alternatives then becomes an interesting topic of research. For ex- 
ample, in Aymanns et al. ( 2016) we explored alternatives to Basel II and found some that worked 

better. 
In general, however, there are still many circumstances where one needs to consider how be- 

haviour may change in a new policy regime, and where it is important to take into account the 
fact that people can think. One way to do this is with learning algorithms. To investigate how 

agents will respond to a policy change, one can train the learning algorithms first with the old 

policy regime, and then repeat the training with the new policy regime. Then one can assume 
that the agents switch their behaviours when policies change. In my view, this is a more fruitful 
way to address the Lucas critique than rational expectations. This suffers from the disadvan- 
tage of non-uniqueness—there are many possible learning algorithms, with varying degrees of 
effectiveness, raising the challenge of discovering which of them best correspond to how real peo- 
ple behave. Finding the methods that best match real human decision-making presents a wide- 
open field for new research. This method clearly has two major advantages: it is tractable, and 

it potentially has more verisimilitude. That is, using techniques from machine learning, such as 
large language models, one can learn decision-making algorithms for the agents in the model 
that are not designed to be optimal, but rather are designed to mimic the way real people make 
decisions. 
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( iv) Vision of the future 

Agent-based modelling has been fiercely opposed by the mainstream in economics. There are es- 
sentially no agent-based modellers in US economics departments—most agent-based modellers 
either sit in departments other than economics or belong to unconventional economics depart- 
ments in Europe. It is currently virtually impossible to publish agent-based modelling in top eco- 
nomics journals. Nonetheless, there are some cracks appearing that suggest that this might be 
changing. One is that a review paper on agent-based modelling in economics by Rob Axtell and 

me recently appeared in the Journal of Economic Literature. This paper was solicited by Stephen 

Durlauf, an open-minded mainstream economist. It remains to be seen whether this indicates a 
new trend or whether it is an isolated event. 

Central banks are another indicator of change. As already mentioned, several central banks, 
including those of England, Italy, Hungary, and Spain, use agent-based models to analyse policy 
in housing markets. The Bank of Canada now uses an agent-based micro-macro model along 
with its other more conventional models for advice about monetary policy, and the central banks 
of Hungary, Italy, Spain, and England are developing such models. There is openness to change, 
but it takes a model to beat a model. Agent-based models are unlikely to take hold unless they 
can demonstrate that they make better predictions. While it seems clear that agent-based micro- 
macro models can match the performance of mainstream aggregate models, whether they can 

outperform mainstream models remains an open question. 
The development of good quantitative agent-based models poses a chicken-egg problem. Creat- 

ing large-scale quantitative agent-based models is labour and data intensive. Agent-based models 
that can beat traditional mainstream models are unlikely to emerge without serious effort by large 
teams requiring large scale resources. But since agent-based modelling sits outside the mainstream, 
it has so far not been possible to get such resources. 

One possibility for a breakthrough may come from the commercial sector, which seems open 

to using agent-based models. One of the advantages of agent-based models is that there are many 
situations where their ability to model the world at the micro level allows them to answer ques- 
tions that traditional models cannot even ask. This opens a potential window to get the fund- 
ing needed to make such efforts succeed. To meet this need, my colleagues and I have created 

a company, called Macrocosm Inc., that is building economic models to guide the green energy 
transition, but this is still in its early stages. 

There is a sense in which mainstream macroeconomics and agent-based macroeconomics are 
converging. As the list of frictions used in mainstream macro gets longer and longer, the num- 
ber of ad hoc assumptions increases accordingly. In addition, to match data, mainstream macro 

has found it necessary to abandon the hypothesis that all households make life-cycle calculations 
based on rational expectations, and instead incorporate ad hoc assumptions, such as ‘hand-to- 
mouth’ households. The similarities are obvious. The real economy is complicated, and so it is 
likely that complicated models are needed to understand it properly ( even if we may be able 
to get some understanding from simple models) . Nonetheless, the differences in the theoreti- 
cal framework are fundamental: agent-based models abandon the assumption of utility max- 
imization that has been a central component of economics for more than a century. Because 
the frameworks are so different, I don’t think these efforts are going to converge, but they 
may undergo parallel paths of evolution, and they can certainly learn a great deal from each 

other. 
Of course, it is possible that mainstream economists might change their mind and begin hiring 

agent-based modellers in economics departments and opening the top journals to publishing this 
kind of work. At present this possibility seems remote, but if agent-based modellers are able to 

somehow solve the chicken-egg problem and show that their models can outperform mainstream 

models, this might change quickly. 
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