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Abstract
This paper explores the joint effects of prudential regulation and monetary policy in
a hybrid agent-based-stock-flow-consistent model featuring an agent-based banking
sector. The model is calibrated to a deterministic steady state and a subset of its free
parameters are subsequently estimated empirically, producing a baseline simulation
exhibiting persistent macroeconomic fluctuations. Experiments carried out on this
baseline focus in particular on the expectations formation and forecasting mechanisms used by banks in their decision-making. The result is that simple heuristics
are remarkably robust in the present model in that most alternative specifications
produce little discernible difference in simulation outcomes. Subsequently a range
of policy experiments are conducted, showing that a mix of monetary, prudential
and fiscal policy is necessary to attenuate the macroeconomic volatility produced
by the model.
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Introduction

This paper presents a hybrid agent-based stock-flow consistent (AB-SFC) macro-model
with an agent-based banking sector. Its purpose is to investigate the effects of heterogeneity in banks’ expectations formation and, along the policy dimension, the joint impacts
of monetary policy and prudential regulation. The hybrid model is constructed by fusing
a macroeconomic stock-flow consistent model featuring households, firms, a government
and a central bank with an agent-based banking sector which interacts with the aggregate
portions of the model.

The model is calibrated to a deterministic stationary state using UK data, whereby the
aggregate stock-flow consistent structure is utilised to substantially reduce the degrees of
freedom. A subset of the remaining free parameters is then estimated on a set of moments
of UK macro time-series data, with the result that the model can reproduce these quite
closely. Following validation exercises and a presentation of the dynamics produced by
the baseline simulation thus obtained, we carry out two sets of experiments. Firstly we
experiment with allowing banks to use various alternative forecasting heuristics in their
expectations formation and decision-making. The result is that these changes produce
little to no difference in the overall model dynamics, suggesting that the simple heuristics
used in the baseline are quite robust in the environment provided by our model. The second set of experiments concerns the implementation of various stabilisation policies. It is
shown that an appropriate mix of monetary, prudential and fiscal policy can considerably
reduce the macroeconomic fluctuations present in the baseline simulation, irrespective of
the expectations formation mechanism used by banks.

This document is structured as follows: Section 2 gives a brief motivation for this research
and reviews some relevant literature. Section 3 outlines the structure of the model and
the behavioural assumptions. Section 4 discusses the calibration and estimation strategy
and presents the baseline simulation. Section 5 contains the results of the experiments
carried out on the baseline. Section 6 concludes the paper. Appendix A presents the
2

traditional balance sheet and transactions-flow matrices summarising the stock-flow consistent structure of the model. Initial and parameter values for the baseline simulation
can be found in appendix B. Appendix C contains a sensitivity analysis carried out on
the most important non-estimated parameters the values of which are not implied by the
initialisation.

2

Motivation and literature review

The purpose of this paper is to combine insights from various strands of the literature to
advance research on agent-based stock-flow consistent (AB-SFC) models. Over the past
10 to 15 years there have been substantial advances in the use of agent-based models in
macroeconomics, leading to the emergence of a number of frameworks, partly with different emphases, which have been applied to a variety of topics in macroeconomic research.
Among others, these include the family of ‘Macroeconomics from the Bottom Up’ (MBU)
or ‘Complex Adaptive Trivial Systems’ (CATS) models (Delli Gatti et al., 2011; Assenza
et al., 2015), the various incarnations of the Eurace model (Cincotti et al., 2010; Dawid
et al., 2012), and the Keynes+Schumpeter model (Dosi et al., 2010). The basic goal of
all these frameworks is to provide an alternative way to ‘micro-found’ macroeconomic
models rooted in the complex adaptive systems paradigm, emphasising both micro-micro
and micro-macro interactions, adaptation, as well as emergent properties. Agent-based
approaches, including to macroeconomics, have also attracted increasing interest among
policy-makers (see e.g. Turrell, 2016). Dawid and Delli Gatti (2018) provide a comprehensive review of agent-based macroeconomics and compare the major different frameworks
in detail.

A by now fairly closely related strand of the literature which emerged out of the postKeynesian tradition in macroeconomic research is that of stock-flow consistent (SFC)
models (see Godley and Lavoie (2007), who develop the approach, as well as Caverzasi
and Godin (2015) and Nikiforos and Zezza (2017) for surveys). Stock-flow consistent models are typically aggregative (i.e. not ‘micro-founded’) and aim in particular at jointly
3

modelling the dynamics of national accounts variables and flow-of-funds variables within
a fully consistent accounting framework. This approach provides an important disciplining device and consistency check in writing large-scale computational models and is
essential in comprehensive depictions of real-financial interactions. While by now there
exist a range of large-scale pure SFC-models, including one developed in a central bank
(Burgess et al., 2016), there is also a growing literature which combines stock-flow consistent frameworks with agent-based modelling in various ways (Dawid et al., 2012; Michell,
2014; Seppecher, 2016). Among these, Caiani et al. (2016) stand out in their emphasis upon the SFC structure of their model and the creative use thereof in initialisation
and calibration. The use of a stock-flow consistent framework may also partly help in
overcoming the difficulty of communicating and comparing different agent-based models
since the accounting relationships underlying any SFC model can be set out in a fairly
compact fashion to give a quick overview over the institutional structure of a given model.

The present paper follows the trend of combining agent-based and SFC modelling techniques and in particular represents a contribution to the development of hybrid-aggregateagent-based models in which certain parts or sectors of the economy are modelled in an
aggregate/structural way or using representative agents whilst others (typically one sector) are disaggregated and modelled using AB methods. Examples of this include Assenza
et al. (2007) and Assenza and Delli Gatti (2013) who apply this approach, using heterogeneous firms, to the Greenwald-Stiglitz financial accelerator model Greenwald and Stiglitz
(1993) and Michell (2014) who uses an agent-based firm sector within an otherwise aggregate SFC framework to model the ideas of Steindl Steindl (1952) regarding monopolisation
and stagnation along with Minsky’s (1986) trichotomy of hedge, speculative and Ponzi
finance. Pedrosa and Lang (2017) construct a more complex model than that of Michell
(2014) to investigate similar issues. Botta et al. (2018) focus on heterogeneity among
households to investigate inequality dynamics in a financialised economy. The advantage
of such a hybrid approach is that important insights arising from agent heterogeneity and
interaction can be gained from a hybrid model without the necessity of constructing a
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fully agent-based framework, instead focussing only on a subset of sectors.

In the context of the present project, the emphasis is on introducing heterogeneity only
within the banking sector, which to the author’s knowledge has not been done thus far in
a hybrid AB-SFC model (indeed, even in many otherwise fully-fledged agent-based models (e.g. in Assenza et al. (2015) and Seppecher (2012)), it is assumed for simplicity that
there exists a unique/representative bank). The constructed model is then used to discuss
banks’ expectations formation under bounded rationality. The issues of bounded rationality, learning and (heterogeneous) expectations formation are relatively long-standing
components of the macroeconomic literature, stemming from a dissatisfaction with the
wide-ranging assumptions necessary to sustain the concepts of rational choice and rational
expectations in many contexts. Bounded rationality is a broad concept, with contributions ranging from works such as that of Sargent (1993) which arguably involves only
minimal departures from full rationality, via the heuristics and biases approach of (new)
Behavioural Economics (Kahneman and Tversky, 2000) to the ‘procedural/ecological’
rationality concepts of Simon (1982) and Gigerenzer (2008) which aim to replace the traditional concept of perfect rationality altogether. Regardless of one’s particular position
on what (if anything) should replace the assumption of full rationality, any departure
from full rationality in the traditional sense raises several thorny issues, especially how
economic agents are envisioned to form expectations if the absence of full rationality
does not allow for the immediate application of the rational expectations hypothesis, as
will typically be the case in a computational ABM. As explained in detail by Hommes
(2013), any such departure quickly leads one into the ‘wilderness of bounded rationality’,
as there are countless different possible ways to model imperfectly rational behaviour and
there is often no immediately obvious criterion to prefer any one over all others. Several
ways of tackling this problem have been proposed. Evans and Honkapohja (2001) develop
the so-called e-learning approach whereby one can derive conditions under which agents,
through attempting to estimate model parameters, may be able to ‘learn’ the rational
expectations equilibrium of a model even in the absence of full rationality and perfect
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information. Hommes (2013) is a book-length treatment of the idea, stemming from the
seminal contribution of Brock and Hommes (1997), that agents may switch between a
number of different forecasting strategies based on their relative performance, and possibly the cost of acquiring the necessary information. Arifovic (2000) discusses the use of
evolutionary learning algorithms in various macroeconomic settings.

While expectations formation, including under bounded rationality, is thus widely discussed in the mainstream modelling literature, such considerations have had relatively
less impact in AB and SFC models in which simple adaptive or naive expectations are
often assumed without much discussion. Thus for instance, Dosi et al. (2017) appears to
so far be the only paper explicitly applying structural heterogeneity and OLS learning of
expectations in a macroeconomic ABM. Furthermore, while in most ABMs, agents are by
necessity boundedly rational and endowed with imperfect information, specific modelling
choices with regard to how agents form expectations are seldom discussed in detail, meaning that there is much room to contribute to the existing literature. In this context, it
should however be noted that the modelling of learning, which is of course closely related
to expectations formation, has played a much more prominent role in the macro ABM
literature (see e.g. Dawid et al., 2012; Salle et al., 2012; Landini et al., 2014; Seppecher
et al., 2016), with various forms of genetic algorithms (Dawid, 1999) being a popular
choice to depict the adaptation of agents to a changing economic environment.

Recent years have seen major advances in the development of AB(-SFC) modelling as a
viable alternative paradigm in macroeconomic analysis. Chief among these has been the
work carried out on empirical estimation and validation of macro-ABMs, moving away
from the rather informal validation protocols which had been standard in the earlier literature (Windrum et al., 2007). Grazzini and Richiardi (2015) show how macro-ABMs can
be estimated using a simulated minimum distance estimator and Grazzini et al. (2017)
suggest the application of Bayesian methods. Lamperti et al. (2018) show how machine
learning surrogates can be used to estimate macro-ABMs in a computationally econom-
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ical manner and Barde and van der Hoog (2017) present a detailed validation protocol
for large-scale ABMs using stochastic kriging to interpolate the response of the model
to parameter changes. Lux (2017) proposes the use of sequential Monte Carlo simulation to identify parameter values of ABMs. These contributions represent a major step
in increasing the credibility and empirical orientation of macro-ABMs as one particular
weakness of this approach has always been the large number of parameters contained in
any reasonably detailed model. A further issue concerns the choice of agents’ behavioural
rules which has already been pointed to above. There have been increasing calls for a
stronger empirical foundation of the behavioural assumptions underlying macro-ABMs,
including through the use of literature from other disciplines (Dawid et al., 2012) and
results of laboratory experiments (Hommes, 2013; Dawid and Delli Gatti, 2018), but developments on this front seem less advanced thus far. Generally, there appears to have
been little systematic investigation of the consequences of variations in the behavioural
assumptions contained in the major macro-ABM frameworks.

The chosen focus for this paper, as already mentioned, lies on the expectations formation
of the banking sector. The debates surrounding the appropriate conduct of prudential
regulation policy and its possible interactions with monetary policy (Galati and Moessner,
2011; Barwell, 2013; Claessens et al., 2013; Freixas et al., 2015) following the global
financial crisis provide a good context in which to discuss this issue. As is well-known,
expectations formation plays a key role in discussions of optimal policy in conventional
macroeconomic models. There is a well-established body of knowledge regarding optimal
monetary policy (Gali, 2015) and departures from fully rational expectations are fairly
well-investigated (Branch and McGough, 2009; Massaro, 2013; Benchimol and Bounader,
2018). While there is also a large and growing literature on the conduct of (macro-)
prudential policy, this has not yet reached the same degree of sophistication, with debates
about fundamental issues such as instruments and targets still ongoing (Schoenmaker,
2014; Banque de France, 2014; Carré et al., 2015) and comparatively few examples of
macro-prudential policy in DSGE frameworks (e.g. Beau et al., 2012; Loisel, 2014; Angelini
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et al., 2014). Nevertheless, the typical structure of a modern DSGE model makes it
obvious that also in the case of optimal prudential policy, expectations will play a crucial
role. Macro-prudential policy has also begun to gain importance in the ABM literature,
with several of the major frameworks being used to conduct policy experiments in financial
regulation (e.g. van der Hoog, 2015; van der Hoog and Dawid, 2015; Popoyan et al., 2017;
Salle and Seppecher, 2017; Krug, 2018). By contrast, there have been relatively few
treatments of this topic in pure aggregative SFC models (exceptions include Nikolaidi
(2015), Detzer (2016) and Burgess et al. (2016)), despite the distinct contributions of
major post-Keynesian authors to the theory of financial regulation.

3

Model outline

The current section provides a compact overview of the model and its behavioural assumptions, beginning with its general sectoral stucture.

General structure
The macroeconomic sectoral structure of the model is summarised in figure 1. The more
traditional balance sheet and transactions flow matrices representing the aggregate structure of the model (i.e. excluding transactions occurring within the banking sector) are
shown in tables 10 and 11 in appendix B.
As can be seen, the model consists of 5 sectors, namely households, firms, the government, the central bank and the banks. The first four sectors are modelled as aggregates
without explicit micro-foundations whilst the banks are disaggregated. In particular, the
model containts an oligopolistic banking sector consisting of 12 individual banks which are
structurally identical (i.e. they all hold the same types of assets and liabilities) but may
differ w.r.t. their decision-making and the precise composition and size of their balance
sheets. The following sub-sections provide a sector-by-sector overview of the behavioural
assumptions. The basic tick-length in simulations of this model is one week (with one
year being composed of 48 weeks), and it is assumed that while all endogenous variables
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are computed on a weekly basis, main decision variables adjust to their target or desired
values at differing speeds in an adaptive fashion, as will be detailed below.

Figure 1: Model overview

Households
Every week, households compute a plan for desired consumption according to the HaigSimons consumption function

(1)

cd = α1 · yde + α2 · vhe ,

where yde is expected household disposable income for the week and vhe is their expected
wealth (both in real terms). The motivation of this rule, which is standard in the SFC
literature, bears similarity to many of the canonical ABM rules described by Dawid and
9

Delli Gatti (2018) and is also used in the benchmark AB-SFC of Caiani et al. (2016), is that
if disposable income is defined in a manner consistent with the Haig-Simons definition of
income, then this rule implicitly defines a target steady/stationary state household wealth
to disposable income ratio to which households adjust over time.1 One variation on the
usual assumption of constant consumption propensities (α1 and α2 ) is that here these are
assumed to depend on the (expected) real rate of return on households’ assets (government
bonds, deposits and houses)2 according to a logistic function, meaning that the target ratio
of wealth to disposable income (and hence households’ saving) also becomes a function of
this return rate.

α1 = α1L +

(2)

α1U − α1L
1

e

2

1 + e(σM P C ·rrh −σM P C )

Both desired consumption and the ‘desired’ consumption propensities are computed every
period, but it is assumed, using an adaptive mechanism, that consumption adjusts more
quickly towards the desired level than do the consumption propensities. The idea is the
following: equation 1 is interpreted as giving an aggregate level of desired consumption
of all households represented by the modelled aggregate household sector. At the same
time, we assume that households on average update their consumption every quarter,
i.e. every 12 periods. Accordingly, we assume that every period (week), 1/12 of the gap
between actual and desired consumption (which may of course itself change from period
to period) is closed. The same mechanism is applied to the consumption propensities, but
here we assume an updating frequency of 24 periods. In a way this adaptation mechanism
may be viewed as a deterministic version of Calvo-pricing Calvo (1993). It enables us to
mimic asynchronous adaptive decision-making at differing frequencies even in the case of
sectors modelled as aggregates, whilst sticking to the basic model-time unit of one week.
1

In a stationary state we must have vh = vhe so that we need cd = yd (= yde = c), meaning that we
1
get
= 1−α
α2
In addition to these assets, households are also assumed to privately own the firms and banks in the
model. However, as firm and bank equity are assumed to be non-tradeable their rates of return do not
enter into the computation of the consumption propensities as households cannot decide to save more or
less in order to accumulate more or less firm or bank equity.
vh
yd
2
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This mechanism is applied throughout the model to decision variables pertaining to the
aggregate sector, all of which adapt according to a process of the form

+
xactual = xactual
−1

(3)

xdesired − xactual
−1
,
horizon

where x is the decision variable in question and horizon is the adjustment speed which
might be 4, 12, 24 or 48 as the case may be.

Households are assumed to privately own the firms and banks in the model, i.e. there
are no traded firm or bank shares. Consequently, in allocating their financial savings to
different financial assets, households have a choice between bank deposits and government
bonds. Households’ demand for government bonds is given by a Brainard-Tobin portfolio
equation (Brainard and Tobin, 1968; Kemp-Benedict and Godin, 2017), which is standard
in the SFC literature (though not in ABMs). In this case, deposits act as the buffer stock
absorbing shocks and errors in expectations, hence the share of financial wealth held as
deposits by households is a residual. It is assumed that households revise their portfolio
decisions at a frequency of 12 periods (quarterly).
The final two important behavioural assumptions regarding households are their demand
for housing, and the dynamics of the wage rate. Households form a ‘notional’ demand for
houses according to

(4)

Hdn = ρ0 + ρ1 (Vhe − Vh∗ ) + ρ2 · LT V − ρ3 (rM,r e − rM,r n ),

where LTV is the maximum loan-to-value ratio (which is constant in the baseline, but
can be endogenised at a later point), Vh∗ is the implied stationary-state level of wealth
derived from equation 1, and rM,r is the average real interest rate charged on mortgages,
with rM,r n being its ‘normal’ or conventional value, set equal to the value in the initial
stationary state. There is hence no ‘direct’ speculative element in housing demand (in the
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sense that, for instance, (expected) house prices do not enter directly into the function),
although appreciation of the housing stock obviously has a positive impact on Vh . With
notional housing demand, the updating time horizon is assumed to be one quarter. Based
on the notional housing demand, households formulate a demand for mortgages based on
the LTV (it is assumed that households always use the maximum permissible LTV ratio).
This demand for mortgages, which may or may not be fully satisfied, in turn gives rise to
an ‘effective’ demand for houses. The supply of houses is determined by the assumption
that in each period, a constant fraction η of a constant total stock of houses in the model
are up for sale. The price of houses is then determined by market clearing.

Regarding wages, it is assumed that the (desired) nominal wage rate is determined by a
Phillips-curve-type equation of the form

(5)

W = (Wn + β · (ueh − un ))(1 + πhe )

which is supposed to mimic the aggregate outcome of a wage-bargaining process. ueh is the
households’ expected rate of industrial capacity utilisation, πhe is their (semi-annualised)
expected rate of inflation whilst un is an exogenous ‘normal’ rate of capacity utilisation.
The wage rate is anchored around Wn , its level in the stationary state, which appears
reasonable given that there is no long-run growth in the model and factor productivities
are fixed. The actual wage rate adjusts adaptively to the desired one with a time-horizon
of 24 periods which appears roughly consistent with available evidence regarding the duration of wage-spells.

Firms
Firms produce a homogeneous good used both for consumption and investment according
to a Leontief production function the coefficients of which are fixed throughout. The good
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is demanded by households, the government and firms themselves (for capital investment)
and it is assumed that demand is in general satisfied instantaneously. However, the
Leontief production function in principle implies a maximum level of output which can
be produced given the capital stock at capacity utilisation = 1. Accordingly it is assumed
that if total demand exceeds capacity, consumption demand is rationed. Moreover, the
production function together with production imply a demand for labour which is assumed
to always be fully satisfied by households at the going wage rate.
Firms set the price for their output according to a fixed mark-up over the sum of unit
labour cost and ‘unit interest cost’, defined here as a one-year moving average of firms’
net interest income over output. The price level adjusts adaptively with a horizon of 24
periods.
To determine the demand for investment goods, firms compute a desired growth rate of
the capital stock according to

(6)

gdk

uef − un
rLL,r e − rLL,r n
,
− γ2 ·
= γ1 ·
un
rLL n

where rLL,r is the average real interest rate charged on bank loans (with rLL,r n being once
more a ‘normal’ or conventional level given by the value in the initial stationary state).
This formulation for the investment function is similar to the one adopted by Caiani et al.
(2016). The desired growth rate of capital is assumed to adapt at a frequency of one
quarter. Together with the depreciation of capital (which takes place at a fixed rate) the
desired growth rate of capital implies a demand for investment goods. Despite the presence of a capital stock and investment, the model does not, as mentioned above, feature
long-run growth but rather aims to depict business cycle fluctuations around a stationary
state.

It is assumed that firms possess a fixed target for their leverage ratio. From this leverage
target one can derive a target for retained earnings (which, if realised, would make leverage
equal to its target) which in turn (given investment demand) determines firms’ demand
13

for bank loans, and hence the combination of internal and external finance firms wish to
use to finance their investment. Deposits with the banking sector act as the buffer stock
of the firm sector, just as they do for households. Firms’ dividend payouts are determined
by the difference between firms’ profit and target retained earnings and adapt with a
frequency of 24 periods.

Government
The government collects taxes on a one-year moving average of household income (wages,
interest and profits/dividends accruing to households) at a fixed rate τ . In addition it may
levy a tax on firms’ retained earnings if it suffers persistent deficits. In the baseline model,
the real value of government spending is assumed to be fixed. Deficits are covered by
issuance of government bonds on a rolling basis while in the case of a surplus, repayments
are made to households and the central bank proportionally to their respective holdings
of bonds. New government bonds are offered in the first instance to households and
the government varies the interest rate on bonds in an attempt to clear the market. It
does so by equating the updated stock of government bonds (following any issuance in the
current period) with the previous period’s demand for bonds from households (emanating,
as outlined above, from a portfolio equation) by adjusting the interest rate.

Central Bank
The central bank sets a nominal deposit rate according to a Taylor-type pure inflationtargeting rule:

(7)

rcb,d = r0 + π e + φπ · (π e − π t ).

This rate is adjusted once every month and then remains constant for the following 4
periods. The central bank’s lending rate is given by a constant mark-up over its deposit
rate, giving rise to a corridor system. In addition, we suppose that the central bank has
in mind a target interbank rate in the middle of this corridor and continuously carries out
14

open-market operations in order to steer the level of central bank reserves to a level consistent with this target. It does so by purchasing and selling government bonds from/to
the households (for simplicity we assume that the households are always willing to enter
into such transactions). If necessary, the central bank also acts as a lender of last resort
to the government by purchasing residuals of newly issued bonds. All central bank profits
are transferred to the government (and all losses are reimbursed by the government).
In principle, given the sequence of events within a period, the central bank is always
able to perfectly target the correct level of reserves, meaning that banks are never ‘in the
Bank’ to acquire advances. However there is a possibility of introducing an autocorrelated
stochastic term (which might be thought of as representing noise in the CB’s information
about the required level of reserves) which induces the possibility of temporary aggregate
reserve shortfalls or surpluses.

In addition, the central bank is the macro-prudential policy-maker in the model. At
present, the model includes three prudential policy ratios, namely the capital adequacy
ratio, the liquidity coverage ratio and a maximum loan-to-value ratio on mortgages, all
applying to banks. In the baseline, the targets for all these regulatory ratios are assumed
constant.
The capital adequacy ratio of a bank i is given by

(8)

CARi =

i
vbb
,
ω1 · M i + ω2 · Li

where M are mortgages, L are loans to firms, the ω’s are risk-weights and vbb is the
banks’ capital buffer, equal to vb + eb , the bank’s net worth plus the fixed amount of bank
equity held by households. The liquidity coverage ratio is in essence a minimum reserve
requirement applying to ‘risk-weighted’ deposits and set to a target of 1 as in the Basel
III framework Basel Committee on Banking Supervision (2010, 2013, 2014).
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Banks
The agent-based banks possess the richest behavioural structure of all the sectors in the
model. Each bank must set three interest rates, namely the rates of interest on deposits,
on loans to firms, and those on mortgages. It is assumed that each period, a random
sample of banks is drawn (such that on average, each bank is drawn once every 4 periods)
and these are allowed to adjust their interest rate in a given period (meaning that on
average, each bank can adjust its interest rate once a month). The deposit rate offered
by a bank i is given by

(9)

rdi = rcb + εd1 · cli .

rcb is a one-quarter moving average of the midpoint of the central bank’s interest rate
corridor and εd1 < 0. cli is an indicator for bank i’s clearing position which is calculated
as

(10)

cli = 1 + tanh(εd2 · cleari )

whereby cleari is a one-quarter moving average of bank i’s clearing position. The intuition
is that a bank which persistently finds itself with a negative clearing position will increase
its deposit rate in order to attract more deposits, and vice-versa. The lending rates of
bank i are given by

(11)

i
rM
= θM,i · (rcb + def aultM,i )

rLi = θL,i · (rcb + def aultL,i ),
where the θ’s are gross mark-ups (the mark-ups are > 1 and evolve endogenously as described below) and def ault signifies the current default rate on mortgages and loans of
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bank i. In addition to setting its interest rates, a bank can also decide to engage in direct
rationing of credit. In particular, each bank calculates the gap between its current riskweighted assets and the maximum allowed given the target capital adequacy ratio and its
expected capital buffer. If this gap is greater than zero, meaning that risk-weighted assets
are too high, banks ration credit directly. In particular, in each period they attempt to
close

1
48

of the gap in risk-weighted assets by rationing both mortgage and loan demand

according to their relative risk weights.3 This way of modelling credit rationing is somewhat similar to the one used in the family of models building on Delli Gatti et al. (2011)
such as Assenza et al. (2015) and Assenza et al. (2018).

A central element in the modelling of the banking sector is that of the distribution of
loan demand and deposits between the different banks. It is assumed that the aggregate
amount of deposits of households and firms is distributed between the banks in each
period according to

(12)

shareiD


=


i
ι1
D−1
b
i
· r · d,i ,
D−1 d

where rbdi is bank i’s relative deposit rate and d is an autocorrelated random variable
centered on 1 and with standard deviation σdis . The shares are then normalised and
multiplied by the total amount of deposits in order to determine the amount held by each
individual bank. The share of mortgage demand received by each bank is calculated as
follows:

(13)

shareiM =

!
i
ι1
ι2
Md,−1
di ·
i
· rc
· ration
M,i .
M
Md,−1 M

di
i
rc
M is the inverse of bank i’s rate on mortgages and rationM is an indicator of the relative
3

It is assumed that banks always grant loans to firms which are purely aimed at financing replacement
investment and only ration loan demand exceeding that needed for replacement investment.
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intensity of the rationing of mortgages by bank i. This is first calculated as

(14)

ξ1

di =
ration
M

ι2 · −

1+e
and then normalised so that

P

i
Ms,−1
Mi
d,−1

!
−ξ2

d i = 1. The distribution of loan demand between
ration
M

the banks takes place in identical fashion to that of mortgages. One potential problem
with this formulation of deposit and loan distribution is that if a bank loses its entire
market share, there is no way for it to re-enter the market. For this reason, a small
lower bound is imposed on the market share of each bank to give it the possibility to
re-capture market shares it previously lost. In each period, a given fraction of firm loans
and mortgages held by each bank are repaid. Defaults evolve according to

(15)

defM,i = ζM · levh · def
M,i
Mnp,i = defM,i · Mi,−1 ,

and symmetrically for firm loans. levh is a one-year moving average of the ratio of mortgages to the housing stock and def
M is a random variable drawn from a logistic distribution which is not only autocorrelated but also cross-correlated across banks. To construct
these random default shocks, we first generate a matrix of cross-correlated normal random
variables and then transform them into draws from a logistic distribution the location parameter of which is the relative interest rate of each bank and the scale parameter of
which is estimated below. It is assumed that defaults on firm loans are more frequent
than those on mortgages on average and this is reflected in the risk weights of the two
assets.

In addition to its decisions on credit rationing (and indirectly through the effects of defaults on both equity and the interest rates), the capital adequacy ratio also feeds into
banks’ dividend policy. In particular, banks form an expectation about their future capi18

tal buffer (discussed below) and compare it to a target value (based on the target capital
adequacy ratio). Every quarter, they calculate a mean of the deviations over the previous
period and then, for the following 12 periods, pay a dividend equal to current profits plus
1
12

of the deviation (which may be negative, though the total dividend must be positive

or zero).

A further element of the banking sectors’ behaviour concerns the interbank market.
Banks’ final demand for reserves is determined by their deposits and the target liquidity
coverage ratio set by the regulator. In order to calculate their demand for/supply of funds
on the interbank market, each bank calculates a clearing position netting all its in- and
outflows of reserves over the present period. After adding this clearing position to their
previous stock of reserves, banks end up with a ‘prior’ stock of reserves which is compared
to their target stock, thereby determining whether they will demand or supply funds on
the interbank market.

The interbank market is modelled in a fairly simple fashion whereby total demand and
supply are aggregated and matched, and then whichever side of the market is short
is rationed proportionately. For instance, if total demand on the interbank market is
higher than total supply, each bank on the demand side receives funds according to
individual demand
total demand

· total supply. If banks are unable to obtain all the reserves they need on

the interbank market, they request advances from the central bank. These advances are
always granted on demand at the central bank lending rate, which is however higher than
the interbank rate, since the latter by construction falls within the corridor and is given
by

(16)

rIB = rcb,d +

rcb,l − rcb,d
,
1 + e(−σIB ·(Rgap ))

where Rgap is the aggregate gap between reserves prior to the central bank’s intervention
and target reserves.
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Recall that when setting interest rates on loans and mortgages, banks add the default
rate to a moving average of the central bank rate and then apply a mark-up on this sum.
In the baseline model, each bank adaptively changes its mark-ups every time it is allowed
to alter its interest rates. In particular, a given bank i will follow the following rule:
• If revenues of bank i on the asset (mortgages or loans) were higher during the past
month than in the month before that, and bank i’s rate is lower than the sector
average, increase the mark-up.
• In the opposite case, decrease the mark-up
• Otherwise, leave the mark-up unchanged.
If the mark-up is changed, it does so by a stochastic amount centered on the parameter step. Overall this mechanism is intended to depict a type of heuristic search for the
most profitable mark-up rate, and it involves banks implicitly making predictions about
the relationships between (relative) interest rates and revenues. This heuristic for setting the price of loans is similar to the one used by Assenza et al. (2015) to model the
pricing decisions of firms. When setting interest rates, banks’ information set includes
the current-period default rates on their portfolios of mortgages and loans and they use
these current default rates as a prediction of future ones without extrapolating from them
in setting their interest rates. Both of these mechanisms will be altered as part of the
experiments presented in section 5.

Finally, the model does not contain a bankruptcy mechanism for banks which does not
represent a problem since no bank has so far gone bankrupt in any simulation.
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Expectations
In the current baseline all expectations are modelled following an adaptive mechanism:

(17)

xe = xe−1 + ψad · (x−1 − xe−1 ).

To take into account that decision variables in the model adjust at different speeds, x−1
in the equation above may be a moving average of some length corresponding to the adjustment speed of the forecasted variable.

While the focus of the model lies on the expectations of banks, expectations also enter into the behaviour of other sectors for both theoretical and computational reasons.
Households forecast their disposable income, their wealth, mortgage interest rates, the
rate of inflation, and the composite rate of return on their assets. Firms forecast the
average interest rate on long-term loans, as well as their capacity utilisation. The central
bank forms expectations about inflation as well as capacity utilisation. Banks must form
expectations about their capital buffer, vbb . In addition, as outlined above, they engage
in a type of forecasting or expectations formation when setting mark-ups and (possibly)
in forming perceptions about default rates, which however is different from the adaptive
expectations mechanism.

The first experiment, reported in section 5, consists in replacing the adaptive expectations
mechanism in the banking sector with the model of heterogeneous expectations formation
and heuristic switching first proposed by Brock and Hommes (1997); more specifically we
use the version presented in Anufriev and Hommes (2012) where it is assumed that agents
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can switch between four different specifications for expected variables given by

e1
xe1 = xe1
−1 + ψad · (x−1 − x−1 )

xe2 = x−1 + ψtf 1 · (x−1 − x−2 )
(18)
xe3 = x−1 + ψtf 2 · (x−1 − x−2 )
xe4 = ψaa · x−1 + (1 − ψaa ) · x−1 + (x−1 − x−2 ).
The first rule is the same adaptive one used in the baseline, which is now augmented with
two trend-following rules (one weak and one strong, i.e. ψtf 1 < 0 and ψtf 2 > 1) and an
‘anchoring and adjustment’ mechanism in which the anchor is the moving average of x.
Agents switch between these four mechanisms based on a fitness function calculated using
the error between expected values and realisations of the forecasted variables as detailed in
Anufriev and Hommes (2012). In addition, section 5 discusses experiments with allowing
to use simple econometric techniques to conduct forecasts and form expectations.

4

Calibration, estimation & baseline simulation

Before simulation, the model is calibrated to a deterministic stationary state. This is done
using a script in which initial values and as well as a range of parameters can be sequentially calculated based on the imposition of some characteristics of the stationary state
such as the capital stock, the stock of housing, the investment and government spending
to income ratios, and so on. Where possible, these values are chosen so as to correspond
roughly to those of the economy of the United Kingdom.4 The aggregate stock-flow consistent structure of the model greatly helps in reducing the degrees of freedom in this
procedure as by accounting convention, the values of several variables are implied by
those of others. Nevertheless, this procedure leaves a range of parameters unidentified. A
subset of these are subsequently estimated while the rest are calibrated to values which
give rise to reasonable results and subjected to a sensitivity analysis in appendix C. Fur4

In the case of stock variables, the chosen initial period is 1995 Q1.
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ther details on the initialisation and parametrisation of the baseline simulation can be
found in appendix B.

For estimation we make use of the Simulated Minimum Distance (SMD) approach proposed by Grazzini and Richiardi (2015). As outlined in the latter paper, the parameters
of an agent-based model can be estimated through maximising an objective function involving a set of moments of empirical data along with simulated moments generated by
the model. In particular, the function to be maximised is

(19)

O(θ) = −(md (θ0 ) − m(θ))0 · W · (md (θ0 ) − m(θ))

where θ is a vector of model parameters (with θ0 being the vector of their ‘true’ values),
md is a vector of empirical moments and m(θ) is a vector of simulated moments. W is a
weighting matrix. For simplicity, we use the identity matrix for W here. As outlined by
Grazzini and Richiardi (2015), building on Grazzini (2012), the estimation of agent-based
models using SMD raises the issues of stationarity and ergodicity, in that parameters can
only be consistently estimated using simulated moments which are stationary and ergodic.
Note that equation 19 is somewhat misleading in that in an agent-based model, m may be
a function not only of θ but also of the random seed s and the vector of initial conditions y0
and may in particular be non-ergodic w.r.t. the random seed and/or the initial conditions.

Having observed the behaviour of the model across a large number of simulations, it
appears reasonable to assume that the stationarity assumption is fulfilled for the simulated moments we use in our estimation, in particular since we apply the HP-filter to
the simulated data before calculation of the objective function. The ergodicity assumption w.r.t. the random seed and initial conditions is somewhat more problematic but we
can at least partly overcome this issue on the one hand by choosing initial conditions
based on empirical information as far as possible (with most others being implied by the
SFC-structure) and subsequently keeping them fixed across simulations, and on the other
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hand by defining m as the Monte-Carlo average of moments from a set of simulations with
different random seeds, for which in turn the ergodicity assumption appears less heroic.
More broadly, the estimation procedure is used here primarily to arrive at a reasonable
baseline simulation without having to fully calibrate the model by hand rather than to
necessarily arrive at the ‘true’ values of the parameters (all the more so since, as outlined
below, we are not able to cover the entire parameter space in our simulations and instead
rely on sampling).

The empirical time-series we choose for estimation of our model are quarterly real GDP,
real consumption, real investment and the CPI for the UK from 1995 Q1 until 2018 Q2. We
apply the HP-filter to each series and then calculate the standard deviation of the series’
percentage-deviations from the trend-components. The same procedure is applied to the
simulated quarterly time-series which are constructed from the weekly model-output. The
vector of parameters we are aiming to estimate consists of the following parameters:
• γ1 and γ2 , the parameters of the investment function
• β, the slope of the Phillips curve
1
• σM
P C which determines the steepness of the logistic function by which the consump-

tion propensities are set
• ρ1 and ρ3 , the two free parameters entering the housing demand function
• ARdef and sdef , where the former determines the strength of the autocorrelation
of random default shocks at the bank level and the latter determines the scale
parameters of the logistic distributions used to draw default shocks.
The estimation proceeds by sampling the parameter space made up of the eight parameters above using latin hypercube sampling, simulating each parameter configuration 100
times with different (reproducible) seeds and calculating the values of the objective function. Sampling is then repeated around points which appear promising in terms of the
value of the objective function until eventually a satisfactory configuration is reached in
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the sense that further sampling and simulation generates no significant improvements
in the value of the objective function.5 Table 1 provides a comparison of the empirical
moments and those generated by the model following estimation, showing a quite good fit.6

Table 1: Comparison of empirical standard deviations and (MC-average) standard deviations generated by the estimated model
GDP

Consumption

Investment

CPI

Empirical

0.01112609

0.009523869

0.03665715

0.006372696

Simulated

0.0109247

0.009553128

0.03885293

0.005888018

A final remark regarding initialisation and parametrisation concerns the agent-based
banks. Rather than start with completely identical agents, as is sometimes done in the
literature, we instead impose a heterogeneous initialisation by giving banks balance sheets
of differing sizes. The initial distribution is detailed in appendix B. Following calibration
and estimation of the model, we move on to the baseline simulation. This is conducted using 100 Monte Carlo repetitions. Stochastic elements in the simulation emanate from the
default process, the distribution of aggregate flows of loan demand and deposits between
banks, the re-setting of bank interest rates at random intervals, the random amount by
which banks’ mark-ups change in case they are revised, and noise in the central bank’s
perceived target level of reserves. After discarding a transient of 480 periods, the baseline
simulates the behaviour of the model for 1200 periods, corresponding to 25 years (it is
assumed that one year is made up of 48 weeks).

7

Starting from the deterministic stationary state, the random elements present in the simulation are sufficient to make the economy diverge from the stationary state and converge
5

There is clearly a danger for this estimation algorithm to get ‘stuck’ at a local maximum of the
objective function, but there is little we can do regarding this issue given limited time and computational
resources, and the obtained results seem reasonably good.
6
The model appears to be incapable of producing a price level which is as exactly volatile as its
empirical counterpart whilst at the same time reproducing the moments of the other series. This is likely
due to the limited sources of inflation which exist in the model.
7
The model code has been written in R. The scripts necessary to reproduce the baseline simulation as
well as the experiments presented in section 5 can be downloaded from https://github.com/SReissl/
ExSIDE.
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to a pattern of irregular cyclical movements. Figures 2 to 6 give an idea of the dynamics
of the model by showing aggregate time-series from one individual, representative run.
Figure 6 reports the sectoral financial balances at a quarterly frequency since the weekly
data is too noisy to allow for a legible graphical representation.
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Figure 2: Real GDP and components (excluding constant g) for a single run
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Figure 6: Sectoral financial balances

Investment demand which reacts quite sensitively to both utilisation gaps and financing
conditions is clearly the main driver of fluctuations in aggregate income, with consumption being more persistent and driven by a combination of factors including changes in
the wage rate, fluctuations in the consumption propensities, and the impact of cycles in
the price of housing on household wealth which enters into the consumption function.
Figure 4 shows that even average lending rates are quite volatile, reacting to developments
in the cross-correlated default shocks and revisions in the mark-ups. In addition, since
the model is estimated so as to produce quite volatile inflation rates, the pure inflationtargeting monetary policy leads to strong fluctuations in the central bank rates which in
turn feed through into the rates offered by banks. Credit rationing is not particularly
prevalent but increases strongly at the peaks of economic booms, contributing to the consequent downturn.

Indeed, turning to the dynamics at the level of individual banks, it can be seen that
banks are quite successful at remaining close to the fixed target for the capital adequacy
ratio. Fluctuations in the CAR are clearly correlated across banks to some extent, but
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at times individual banks diverge from the common trend. Figure 8 shows that the sizedistribution of banks in terms of the length of their balance sheets is relatively constant
and in particular that there appears to be no tendency towards monopolisation of all loan
markets. Instead, the oligopolistic structure appears stable.
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Figure 7: Capital adequacy ratios of individual banks
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Figure 9: Distribution of mortgages and loans among banks

A look at the distribution of loans and mortgages, as in figure 9, reveals an interesting
pattern. It can be seen that in general, banks never lose significant market shares in
both loan and mortgage markets at the same time and even that instead, a bank which
loses shares in one market tends to increase its share in the other one. This is a general property of the simulation results which can be found across the individual Monte
Carlo runs of the model. In some simulations, one individual bank eventually gains a
considerable share in one market (loans or mortgages) but at the same time, its share in
the other market declines strongly. This interesting phenomenon is not a feature which
was built into the model but rather can be considered an emergent property of the system.

While the model dynamics are qualitatively quite similar across different Monte Carlo
repetitions, the cyclical movements almost disappear when taking the mean of simulated
time-series as the peaks and troughs of cyclical movements do not necessarily coincide
across different runs. To get an idea of the dynamics generated by the model, we must
hence focus on analysing individual runs, as was done above, together with second moments of simulated data and various other summary statistics. In addition to estimating
the model so that the volatility of the main macro time-series corresponds to that of their
empirical counterparts, we also follow Assenza et al. (2015) in taking a look at the autoand cross-correlations of these series. Figures 10 and 11 provide an overview of these.
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Figure 10 (where the blue lines represent the (filtered) simulated quarterly data and the
bars are Monte-Carlo standard deviations) shows that the model does a reasonably good
job at reproducing empirical autocorrelations although the simulated time series appear
to uniformly be somewhat less persistent than the empirical ones.

Figure 11 shows the cross-correlations of real output at time t with output, investment,
consumption and the price level at time t − lag. Again the fit appears reasonably good,
with the exception of that of the price-level. In the case of the latter our model produces a
much stronger cyclicality than that which is observed in the empirical data so that overall
our model does not appear to reproduce price and inflation dynamics especially well (this
is also underlined by figure 12 which shows that our model is clearly missing some source
of inflation volatility which is present in the data).
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Figure 10: Autocorrelations
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Figure 11: Cross-correlations
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Figure 12: Autocorrelation of inflation
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20

5

Simulation Experiments

Given the importance of banks’ balance sheet management for the observed model dynamics, a straightforward experiment to carry out is to replace banks’ adaptive expectations
formation process with the heterogeneous expectations and heuristic switching mechanism outlined in section 3. As was explained in the model description, banks must make
forecasts about the composition of their own balance sheet, in particular their future
capital buffer, to use as an input in their decision-making about credit rationing and dividend payments. Interestingly, however, an implementation of the mechanism described
in Anufriev and Hommes (2012) in the present version of the model appears to have little
effect on simulation results.8 Banks do indeed switch between different heuristics and tend
to prefer a mix between the strong and weak trend following rules but also frequently use
the adaptive and very occasionally the anchoring and adjustment rule. Notably, no individual dominant forecasting strategy appears to emerge. Table 2 reports the means and
standard deviations of banks’ errors in forecasting their own capital buffer in the baseline and under heterogeneous expectations (the numbers in parentheses represent 95%
confidence intervals calculated across MC-repetitions). While heterogeneous expectations
provide a clear improvement over simple adaptive ones in terms of the standard deviation
of forecast errors in particular, in the present model which is stationary and exhibits persistent cycles, simple adaptive expectations by themselves turn out to be a fairly decent
forecasting heuristic upon which heterogeneous expectations cannot improve sufficiently
to significantly alter the dynamics of the model.

8
The parametrisation of the mechanism is as follows: ψad = 0.5, ψaa = 0.5, ψtf 1 = 0.75, ψtf 2 = 1.3,
intensity of choice = 5, memonry parameter = 0.7. The functional forms exactly follow those suggested
by Anufriev and Hommes (2012). As with the baseline, the version of the model with heterogeneous
expectations is simulated for 100 MC-repetitions
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Table 2: Forecast errors; baseline & heterogeneous expectations

Baseline

Het. Expectations

Mean

Standard deviation

-0.01181828

1.713802

(-0.2925527; 0.2689161)

(1.373747; 2.053858)

-0.0386186

0.8577411

(-0.06498596; -0.01225125)

(0.6875466; 1.027936)

Table 3 shows that the introduction of heterogeneous expectations for banks makes no
significant difference for the simulated moments of the macroeconomic time-series. In
essence, the mixture of forecasting heuristics selected by banks based on the fitness criterion turns out to be so similar to adaptive expectations that simulation results change
only very little.

Table 3: MC-average standard deviations; baseline & heterogeneous expectations

Baseline

Het. Exp.

Baseline

Het. Exp.

GDP

Consumption

0.0109247

0.009553128

(0.01061857; 0.01123084)

(0.009246922; 0.009859334)

0.01100802

0.009631923

(0.01072411; 0.01129193)

(0.009327675; 0.009936171)

Investment

CPI

0.03865595

0.005730241

(0.03772773; 0.03997813)

(0.0056885; 0.006087536)

0.03864883

0.005754581

(0.03756349; 0.03973418)

(0.005574196; 0.005934966)

Instead of allowing banks to switch between the forecasting rules suggested by Hommes,
we can instead also allow them to attempt to make forecasts using econometric methods,
as is sometimes done in conventional models (see Evans and Honkapohja, 2001). In our
case, we allow banks to estimate an AR(1) model of their own capital buffer using OLS
and make the forecast based on the estimated parameters of this model. The result of this
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exercise is summarised in tables 4 and 5. Interestingly, OLS-learning leads to an increase
in the mean forecast error, although this increase is not significant based on the confidence
intervals. The reduction in the standard deviation is similar to the one we find for the
case of heterogeneous expectations. In terms of macroeconomic outcomes this experiment
is little different from the previous one; OLS-learning is able to improve slightly but not
significantly upon simple adaptive expectations but once again, the improvement is so
marginal that it makes little difference to model outcomes.

Table 4: Forecast errors; baseline & OLS-leaning

Baseline

OLS

Mean

Standard deviation

-0.01181828

1.713802

(-0.2925527; 0.2689161)

(1.373747; 2.053858)

0.1151706

0.7712881

(-0.02264871; 0.2529899)

(0.6182478; 0.9243284)

Table 5: MC-average standard deviations; baseline & OLS-learning

Baseline

OLS

Baseline

OLS

GDP

Consumption

0.0109247

0.009553128

(0.01061857; 0.01123084)

(0.009246922; 0.009859334)

0.01101789

0.009592278

(0.01072688; 0.0113089)

(0.009289724; 0.009894832)

Investment

CPI

0.03865595

0.005730241

(0.03772773; 0.03997813)

(0.0056885; 0.006087536)

0.03897847

0.005863227

(0.03788233; 0.04007461)

(0.005669068; 0.006057386)

The model contains two more points at which the behaviour of banks may be modified to
allow for some more sophisticated prediction behaviour. Recall from the model description
that in setting their lending rates, banks apply a mark-up over the sum of the central
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bank rate and the current default rate of the class of loans in question. We may suppose,
for instance, that instead, banks attempt to estimate the future default probability of
loans and in addition that they make some estimates in order to set their mark-ups.
We implement this notion in the following way: For default probabilities, we once more
suppose that the banks use an AR(1) model to make one-period ahead forecasts. With
regard to the mark-ups, recall that banks use two criteria for revision, namely whether
their revenues from each asset have been growing and whether their interest rates are high
relative to those of other banks. We now allow them to make a forecast of their future
revenues using an econometric model to make a judgement as to whether their revenues
are going to increase over the next month. In particular, each bank which is allowed to
re-set its interest rates in a given period draws a mark-up revision for both loans and
mortgages using the same distribution as in the baseline model. It then estimates the
model

(20)

i
i
iiL,t = c + ϕ1 · iiL,t−1 + ϕ2 · rL,t−1
+ ϕ3 · rL,t−2
+ εt

for revenues on long-term loans, and symmetrically for revenues on mortgages. Based on
the estimated coefficients, the bank then calculates its expected revenue conditional on
an increase in the mark-up by the amount drawn beforehand, as well as conditional on a
decrease of the same amount. It then increases its mark-up if its expected revenue from
doing so is greater than its current revenue and the expected revenue from decreasing the
mark-up. Conversely, if its expected revenue from decreasing the mark-up is greater than
its current revenue and the expected revenue from increasing the mark-up, it implements
the decrease. In all other cases the mark-up remains unchanged.

In contrast to the previous experiments, this modification of the model does have a significant impact on simulation outcomes, but only at the level of the individual banks. In
particular, allowing the banks to use the new, arguably more sophisticated behavioural
rules outlined above leaves the macroeconomic dynamics of the model virtually unchanged
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(see table 6) but leads to a significant increase in banks’ weekly profit (see table 7), with
the latter result being principally driven by the alternative heuristic used for setting
the lending rate mark-ups. In this sense, the alternative behavioural rules which are
ultimately aimed at increasing profit from lending activities seem to work as intended.
Banks’ average lending rates become less volatile under the alternative behavioural rules,
which contributes to the very slight reduction in the volatility of the price-level shown in
table 6. Consumption and investment (and thereby GDP), however, which do not react
strongly to very short-term fluctuations in the interest rate, are not significantly affected.

Table 6: MC-average standard deviations; baseline & alternative behavioural rules

Baseline

Alternative

Baseline

Alternative

GDP

Consumption

0.0109247

0.009553128

(0.01061857; 0.01123084)

(0.009246922; 0.009859334)

0.01091669

0.009711764

(0.01061388; 0.0112195)

(0.009404511; 0.01001902)

Investment

CPI

0.03865595

0.005730241

(0.03772773; 0.03997813)

(0.0056885; 0.006087536)

0.03846631

0.005419639

(0.03720076; 0.03973187)

(0.005239749; 0.005599529)

Table 7: Bank profits (weekly); baseline & alternative behavioural rules

Baseline

Alternative

Mean

Standard deviation

59.67035

6.023366

(58.23343; 61.10727)

(4.828199; 7.218532)

67.14966

8.238241

(64.93356; 69.36576)

(6.603595; 9.872887)

More generally, however, the result of using an OLS-type learning algorithm in the pricing
behaviour of banks turns out to be very sensitive to the specification of the regression
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model, as well as the length of the data-set banks use in forecasting their revenues (in
the version presented above they always use the past 3 years), in many cases leading to
highly unstable or even explosive simulation results. This is the case in particular if parameter estimates after some time converge to relatively stable values, eventually leading
all banks to monotonically increase or decrease their mark-ups at every opportunity (even
if revenues and profits overall remain relatively constant) so that interest rates continuously rise or fall. This indicates that OLS-type learning algorithms, which have been
very successfully applied in standard models, may not be a suitable tool for all contexts
in agent-based models since convergence may not be a desirable feature of an algorithm
in a constantly evolving and fluctuating environment.9

Taken together, the results from the experiments outlined above lead to the conclusion
that adaptive expectations and more generally simple heuristics can be quite successful
in a relatively complex model such as this. While this finding is interesting in itself, and
mirrors the arguments advanced by Gigerenzer (2008), it is nevertheless curious that in
most cases, the presence of alternative and arguably more sophisticated forecasting or
decision heuristics is not sufficient to systematically alter the actual realisations of the
forecasted variables or the resulting overall model dynamics. One might suspect based on
this result that banks’ beliefs and expectations in fact do not have an important impact
on the model. This assertion can be tested by a simulation in which banks, rather than
form expectations about their capital buffer, simply assume that it will at all times be
equal to its target. This leads banks to frequently make large forecast errors which in
turn leads to increased volatility at the aggregate level. Nevertheless it must be conceded
that, as in most agent-based models to date, forward-looking behaviour in general plays a
relatively minor role in the present model especially when compared to the DSGE literature. A next step in investigating the role of expectations formation in ABMs might hence
be to try to go beyond the simple replacement of one expectations formation heuristic
with another and instead think more fundamentally about how to increase the degree of
9

This remark notwithstanding, OLS learning does, as outlined above, seem to work fairly well as an
expectations-formation mechanism to replace simple adaptive expectations.
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forward-looking behaviour in the assumptions underlying ABMs.

To conclude our investigation of the model, we conduct several policy experiments. To
begin with, we undertake a parameter sweep of the Taylor rule in order to analyse the
effects of monetary policy on the model. Recall that in the baseline, the central bank
follows a pure inflation-targeting policy rule. For the experiment, we generalise the policy
rule to

(21)

rcb,d = r0 + π e + φπ · (π e − π t ) + φu · (uecb − un )

meaning that the central bank can also react to gaps between expected capacity utilisation and its normal or conventional value. In the baseline, φπ = 0.25 so that the Taylor
principle holds. We then simulate the model for a range of values for both parameters,
the range being −1 to 1 for φπ and 0 to 1.5 for φu with step-size 0.25 in both cases. All
parameter combinations are simulated for 100 MC-repetitions as in the baseline. Note
that if φπ < 0, the Taylor principle does not hold and when φπ = −1 monetary policy
does not react to inflation dynamics at all. Figures 13 and 14 show the response of the
standard deviations of (filtered) real output and the (filtered) price-level to variations in
φπ (axis label π) and φu (axis label u).

It can be seen that simulation results are quite sensitive to changes in the parametrisation
of the monetary policy rule. Attempts of monetary policy to react to utilisation gaps
appear to uniformly lead to greater volatility in both output and inflation (indeed for high
values of φu the model may break down depending on the value of φπ , which explains the
missing observations in the surface plots).
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Figure 13: Response of output volatility to changes in interest rate rule parameters

Figure 14: Response of output volatility to changes in interest rate rule parameters
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By contrast, the effect of varying φπ is not monotonic, with both output and inflation
volatility being minimised around the value of φπ in the baseline. This means that, within
this model, adherence to the Taylor principle is indeed helpful for inflation control, but a
too strong response of monetary policy to changes in inflation may also be destabilising.
Overall, monetary policy by itself does not appear able to improve on the outcomes of
the baseline simulation in terms of limiting macroeconomic volatility.

More generally, the model appears to be extremely difficult to stabilise through policy
intervention. To begin with, we tested several policy rules for an endogenous and countercyclical target capital adequacy ratio, making the target ratio a function of variables
such as the private non-financial debt to income ratio or its growth rate as well as default rates on loans and/or mortgages. The finding is that overall, none of these policy
rules can significantly contribute to reducing macroeconomic volatility in the model and
in some cases in fact amplify it if banks are forced to ration credit when the target ratio increases too quickly. Instead we find after some experimentation that a significant
reduction in macroeconomic volatility can be achieved through the introduction of an endogenous maximum loan-to-value ratio on mortgages jointly with a countercyclical fiscal
policy (each component by itself does not achieve significantly more stable outcomes). In
particular, we endogenise the maximum loan-to-value ratio as follows:

(22)

LT V = LT V ·

Ω1
,
1 + eΩ2 ·pˆh

where LT V is the fixed loan-to-value ratio from the baseline and pˆh is a one-quarter
moving average of house-price inflation. In the experiment Ω1 = 2 and Ω2 = 10. It is
assumed that the central bank resets a ‘target’ maximum LTV according to the equation
above once every quarter and then adjusts the maximum LTV to this target over the
following 12 periods. Additionally, instead of being completely fixed, real government
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expenditure now follows the function

(23)

g = g0 · (1 − ĉ)µ ,

where ĉ is a 24-period moving average of the growth rate of private consumption and
µ = 5. The government sets a target level of expenditure according to the equation above
on a semi-annual basis and then adjusts its spending to the desired level over the next
quarter.

As shown by table 8, the joint effect of these policies is a relatively small but significant
reduction in the volatility of real GDP as well as private consumption as the endogenous
LTV is able to smooth fluctuations on the housing market and the fiscal policy provides
counter-cyclical support to aggregate demand. The volatilities of investment and the
price-level, however, are almost unaffected. The policy mix also has very slight but statistically significant negative level-effects on GDP and consumption since the level of bank
dividends under the policy mix is slightly lower than in the baseline, as is interest income
from government bonds as, interestingly, the mean level of government debt under the
policy mix involving anti-cyclical government spending turns out to be lower than that
resulting from a completely passive spending policy as in the baseline.
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Table 8: MC-average standard deviations; baseline & policy mix 1

Baseline

Policy

Baseline

Policy

GDP

Consumption

0.0109247

0.009553128

(0.01061857; 0.01123084)

(0.009246922; 0.009859334)

0.009079031

0.008559472

(0.008846632; 0.00931143)

(0.008376133; 0.008742811)

Investment

CPI

0.03865595

0.005730241

(0.03772773; 0.03997813)

(0.0056885; 0.006087536)

0.03880507

0.005828826

(0.03768251; 0.03992763)

(0.005648852; 0.006008799)

The outcome of the above experiment changes if, in addition to endogenising the maximum
LTV and government expenditure, the monetary policy rule is amended with the specific
aim of stabilising investment expenditure. For this purpose we augment the interest rate
rule as follows:

(24)

rcb,d = r0 + π e + φπ · (π e − π t ) + φi · ibd ,

where ibd is the growth rate of private investment demand and φi = 0.15. As shown by
table 9 this policy mix is able to improve on the previous one in terms of stabilising GDP,
consumption and investment, but this comes at the price of a significant increase in the
volatility of the price-level. The level-effects, however, are similar to those obtained for
the first policy mix, i.e. the mean of the price level remains unchanged.
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Table 9: MC-average standard deviations; baseline & policy mix 2

Baseline

Policy

Baseline

Policy

GDP

Consumption

0.0109247

0.009553128

(0.01061857; 0.01123084)

(0.009246922; 0.009859334)

0.007517116

0.008044637

(0.007344369; 0.007689864)

(0.007876649; 0.008212626)

Investment

CPI

0.03865595

0.005730241

(0.03772773; 0.03997813)

(0.0056885; 0.006087536)

0.02903354

0.007234646

(0.02824339; 0.0298237)

(0.007017237; 0.007452056)

To an extent there hence appears to be a trade-off between output and price-level/inflationstabilisation in the model. In particular, the second policy mix somewhat increases the
volatility of unit-interest cost and leaves the volatility of wages almost unchanged so that
neither of the two sources of inflation in the model are stabilised by the policy mix. Monetary, prudential and fiscal policies, if calibrated appropriately, may interact in a mutually
reinforcing manner to promote the attenuation of business cycles in real GDP and its
components. However, such joint effects of policy may come at the price of at least partly
sacrificing other policy objectives such as inflation control in the case of the present analysis. In addition, the timing of policy interventions, or more particularly the frequency
at which policies are altered and the speed at which they adjust play an important role
in determining the success of a policy rule in this model. Too frequent or infrequent
intervention may well reduce the effectiveness of a policy mix. All policy experiments
presented above were re-run under both heterogeneous expectations and OLS learning for
banks. Just as in the baseline, the use of these two alternative heuristics does not have a
significant impact on simulation outcomes.
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6

Conclusion

This paper presented a hybrid agent-based stock-flow-consistent macroeconomic model
with a multi-agent banking sector and used it to investigate the effects of alternative
assumptions regarding the expectations formation and forecasting behaviour of banks.
Overall it can be concluded that the simple heuristics and in particular the adaptive expectations formation mechanism incorporated in the banks’ behaviour in the baseline model
are remarkably robust in that alternative and arguably more sophisticated behavioural
rules such as heterogeneous expectations or OLS-learning are not able to significantly improve upon them. To an extent, this mirrors the conclusions of Dosi et al. (2017) who find
that within the K+S framework, simple heuristics represent superior strategies for agents
to follow, although they also find that more sophisticated behaviours may be destabilising;
a result we do not obtain. The more general point that simple heuristics tend to work
well in complex environments, which is also strongly emphasised by Gigerenzer (2008),
however seems to be confirmed by our analysis.

In addition the paper presented some policy experiments involving prudential, fiscal and
alternative monetary policies to analyse their effects on macroeconomic stability. It was
shown that an appropriate policy mix can considerably reduce macroeconomic volatility
and that prudential, fiscal and monetary policies can be mutually reinforcing in their
effects (though this depends on the calibration and timing of policy interventions). Similarly to the baseline simulation, the results of the policy experiments were robust to the
introduction of alternative expectations formation mechanisms for the agent-based banks.

As already pointed out in the section discussing the simulation experiments, a useful
next step in investigating the role of expectations formation in agent-based models is
to find some way to introduce more forward-looking behaviour in these frameworks. The
experiments considered here consisted largely in replacements of the adaptive expectations
mechanism with others which are in essence very similar to the former. While this is a
useful first step and robustness check, more work remains to be done.
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Appendices
A

Additional tables

The tables below show the traditional balance sheet and transactions flow matrices which
provide an overview of the aggregate SFC structure of the model.

Table 10: Balance Sheet Matrix
Households Firms Banks Government Central Bank
Bank Deposits

+Dh

+Df

−D

Σ
0

Reserves

+R

−R

0

CB Advances

−A

+A

0

+GBcb

0

Gov. Bonds
Mortgages

−M
−LL

Long Term Loans
Firms’ Equity

+Ef

Banks’ Equity

+Eb

Σ

+M

0

+LL

0

−Ef

0
−Eb

0

+p · k

Fixed Capital
Houses

−GB

+GBh

p·k

+ph · h
Vh

ph · h
Vf

Vb
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Vg

Vcb

p · k + ph · h

Table 11: Transactions Flow Matrix
Households

Firms
Current

Consumption

−C

Banks

Government

Central Bank

Σ

Capital

+C

0
−I

Investment

+I

0

Gov. Spending

+G

−G

0

+T ax

0

Taxes

−T axh

−T axf

Wages

+W

−W

0

Firm Dividends

+Divf

−Divf

0

Bank Dividends

+Divb

−Divb

CB profits
Interest Mortgage

0
+P CB

−iM
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Interest Loans
Interest Deposits

+iDh

Int. Gov. Bonds

+iGBh

−P CB

0

+iM

0

−iL

+iL

0

+iDf

−iD

0
−iGB

+iGBcb

0

Int. CB advances

−iA

+iA

0

Int. on reserves

+iR

−iR

0

(0)

0

Saving

(Savh )

∆ Deposits

−∆Dh

∆ Gov. Bonds

−Savf

+Savf

(Savb )

−∆Df

+∆D

−∆GBh

(Savg )

0
+∆GB

−∆GBcb

0

∆ CB advances

+∆A

−∆A

0

∆ Reserves

−∆R

+∆R

0

∆ Mortgages

+∆M − Mnp

∆ Loans
Σ

0

0

−∆M − Mnp

0

+∆L − Lnp

−∆L − Lnp

0

0

0

0

0

B

Initialisation, parameter values and data sources

The sources of the data used to estimate the model are as follows:

• Real GDP (quarterly): Office for national statistics; Source dataset: QNA; CDID:
ABMI
• Real consumption (quarterly): Office for national statistics; Source dataset: PN2;
CDID: ABJR
• Investment (quarterly): OECD; Subject P51
• Price level/CPI (quarterly): Office for national statistics; Source dataset: MM23;
CDID: D7BT
Table 12 below shows the values of all parameters and exogenous variables used in the
baseline simulation. In addition it shows whether a given value is estimated, imposed
to produce the initial stationary state (“pre-SS”), implied by the stationary state (“SSgiven”), or free. Where applicable, the range of values used for the sensitivity analysis is
also shown. For parameters and initial values which need to be set “pre-SS” (i.e. they are
needed to identify the initial stationary state rather than being implied by the latter or
being estimated), we try where possible to use rough empirical values. Thus for instance,
the fixed housing stock and the initial capital stock are set so as to roughly correspond to
their empirical counterparts in the UK in 1995 Q1 according to the national balance sheet.
Similarly, conditions such as the ratios of government consumption and capital investment
to GDP, the labour share in GDP, depreciation and labour productivity are set to values
close to their empirical counterparts. The conditions thus imposed are kept fixed across
all simulations. Once a sufficient number of such conditions have been imposed, a large
part of the remaining free parameters and initial values is implied by those already set
together with the SFC structure and the assumption of a stationary state. Of the rest
(category “free”), a subset is estimated while some others are subjected to a sensitivity
analysis which is discussed in appendix C.
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Table 12: Parameters & Exogenous variables
Symbol Remark

Description

Value

α1U
α1L
α2U
α2L
LT V
ψad

free
free
free
free
pre-SS
free

0.85
0.75
0.055
0.045
0.75
0.5

πt
δk
α
θ
levft
r0
r1
g0
γ1
γ2
εd1
εd2

pre-SS
pre-SS
pre-SS
pre-SS
pre-SS
pre-SS
pre-SS
SS-given
Estimated
Estimated
pre-SS
free

step

free

σstep

free

β
η
CARt
LCRt
ω1
ω2
ω3
χM
zetaM
χL
ζL
Wn
un
ρ0
ρ1
ρ2
ρ3
λ10
λ11

Estimated
pre-SS
pre-SS
pre-SS
pre-SS
pre-SS
SS-given
pre-SS
SS-given
SS-given
SS-given
SS-given
pre-SS
SS-given
Estimated
SS-given
Estimated
pre-SS
pre-SS

upper bound of MPC out of income
lower bound of MPC out of income
upper bound of MPC out of wealth
lower bound of MPC out of wealth
Maximum loan-to-value ratio
Adaptation parameter in adaptive expectations
Inflation target
Capital depreciation rate (weekly)
Labour productivity
Firms’ mark-up
Firms’ target leverage
Taylor rule intercept
interest corridor width
Government spending
Investment sensitivity to utilisation
Investment sensitivity to rate
deposit rate mark-up
slope parameter to calculate clearing
indicator
mean step-size of banks’ mark-up revision
standard deviation of banks’ mark-up
revision
Phillips curve slope
proportion of houses sold annually
target capital adequacy ratio
target liquidity coverage ratio
CAR risk weight on mortgages
CAR risk weight on loans
LCR risk weight on deposits
Mortgage repayment rate
component of mortgage default rate
loan repayment rate
component of loan default rate
normal wage rate
normal capacity utilisation
Housing demand intercept
Housing demand sensitivity to wealth
Housing demand sensitivity to LTV
Housing demand sensitivity to rate
Household portfolio parameter
Household portfolio parameter

λ12
tau
1
σM
PC

= λ11
Household portfolio parameter
SS-given
Tax rate on YD
Estimated Sensitivity of MPC to return rate

!
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0.005

Sensitivity
range (step
size)
N.A.
N.A.
N.A.
N.A.
N.A.
0.35 - 0.65
(0.025)
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
0.0025 - 0.025
(0.0025)
N.A.

0.00125

N.A.

8.8
0.08
0.1
1
0.5
1
0.03992782
0.05
0.04
0.16896
0.12
14.56015
0.8
336.4583
0.0003
606.9444
600
0.25
4

N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.

4
0.2147787
12

N.A.
N.A.
N.A.

0
0.002385
24
0.5
0.5
0.04
0.01
779.3754
0.001
0.0009
-0.025
0.01

Symbol Remark

Table 12 – continued from previous page
Description
Value

Sensitivity
range (step
size)
SS-given
MPC shift parameter
0.08317182 N.A.
Free
Sensitivity of interbank rate to excess 0.01
0.0025 - 0.02
supply/demand
(0.0025)
Free
Sensitivity of bank share to rel. rate 0.25
0.15 - 0.35
(0.025)
Free
Sensitivity of bank share to rationing 0.25
0.15 - 0.35
(0.025)
Free
Persistence of shocks to bank market 0.9
0.85 - 0.95
share
(0.025)
Free
Persistence of noise in CB informa- 0.9
0.825 - 0.975
tion
(0.05)
Free
Variance of shocks to bank market 0.0005
2.5e-04 share
7.5e-04 (5e-04)
Estimated Persistence of default shocks
0.92
N.A.
Estimated Shape parameter of default distribu- 1.9
N.A.
tion
Free
Standard deviation of CB noise
196.8948
160 - 240 (10)
Free
Taylor rule inflation sensitivity
0.25
N.A.
Free
Cross correlation of default shocks
0.5
0.3 - 0.7 (0.05)
Free
Upper bound for rationing indicator 2
N.A.
Free
Intercept parameter for rationing in- -1
N.A.
dicator
SS-given
Capital to output ratio
1.218925
N.A.

2
σM
PC
σIB

ι1
ι2
ARdis
ARr
σdis
ARdef
sdef
σr
φπ
CCdef
ξ1
ξ2
κ

Table 13 below shows the aggregate initial values which are needed to initialise the model
for the simulations shown in the paper. Variables pertaining to banks (e.g. stocks such
as deposits, loans, mortgages etc. but also flows such as interest payments or profits) are
set by imposing an initial market share for each bank (assumed equal in all markets) and
then distributing each stock and flow according to these shares. The shares assumed here
for the twelve banks are 0.13, 0.11, 0.11, 0.1, 0.09, 0.08, 0.07, 0.07, 0.06, 0.06, 0.06 and
0.06. Due to the way the model is set up, all banks offer equal rates on loans and deposits
in the initial, deterministic stationary state. Initial values for flows refer to weekly values
in all cases.
Table 13: Initial values
Symbol
k
h
Dh

Remark
pre-SS
pre-SS
SS-given

Description
Capital stock
Housing stock
Household deposits
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Value
300000
475000
139932.3

Symbol
M
ph
L
p
Vh
levh
c
α1
α2
Hdn
u
W
levf
yf c
P rf
divf
savft
rd
gbh
T axh
gbcb
rgb
l
rcb
rIB
Ls
Ms
YD
rrh
Ld
Md
y
Df
iL
rL
rM
R
Vbb
P rb
Divb

Table
Remark
SS-given
pre-SS
SS-given
pre-SS
SS-given
pre-SS
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
pre-SS
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given
SS-given

13 – continued from previous page
Description
Mortgages
House price
Bank loans
Price level
Household wealth
ratio of mortgages to housing stock
Consumption
MPC out of income
MPC out of wealth
Notional housing demand
Capacity utilisation
Nominal wage
Firm leverage
Full-capacity output
Firm profit
Firm dividends
Firm target retained earnings
Average deposit rate
Gov. bonds held by households
Households’ tax payments
Gov. bonds held by CB
Interest rate on gov. bonds
CB lending rate
Interbank rate
Supply of loans
Supply of mortgages
Disposable income
Real return rate on HH assets
Demand for loans
Demand for mortgages
Real GDP
Firm
Interest payments on loans
Average rate on loans
Average rate on mortgages
Stock of reserves
Bank capital buffer (aggregate)
Bank profits (aggregate)
Bank dividends (aggregate)
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Value
356250
1
150000
1
500563.3
0.75
2607.1
0.8
0.05
791.6667
0.8
14.56015
0.5
5127.47
839.3253
839.3253
0
0.02
59068.45
834.8009
19689.48
0.03170631
0.05
0.045
715.5
593.75
2607.1
0.006930985
715.5
593.75
4101.976
353194.7
393.2578
0.126
0.09
19689.48
32812.5
461.5912
461.5912

C

Sensitivity analysis

We conduct a basic sensitivity analysis on those 10 parameters for which a sensitivity
range is shown in table 12. This is done by varying the value of each parameter, one by
one, along the range and according to the step sizes shown in the table. We simulate
each parameter configuration for 100 Monte Carlo repetitions and compare the results
to the baseline by inspecting time-series plots as well as the volatility of the time series
which were used in estimating the model. The results for variations in each parameter
are discussed below in turn. In all cases, the general cyclical properties of the model are
robust to the perturbations we consider.

ψad
In contrast to varying only the expectations mechanism of banks, as was done in the
experiments above, jointly varying the adaptation parameter in adaptive expectations for
all sectors (including banks) at once has a slight effect on macroeconomic volatility. A
larger value of ψad leads tends to increase fluctuations as expectations which feed into the
determination of various decision-variables become more sensitive to forecast errors.

εd2
A higher value of εd2 implies a greater sensitivity of the deposit rates offered by banks
to their clearing position. Overall this increases the range of variation in deposit interest
rates but, due to the functional form of equation 10 involving the hyperbolic tangent also
somewhat reduces short-term fluctuations in deposit rates. Overall this means that a
higher εd2 translates into a small reduction in macroeconomic volatility.

σIB
An increase in σIB , the sensitivity of the interbank interest rate to excess demand or
supply on the interbank market obviously increases the volatility of the interbank rate.
Beyond this, however, there is no noticeable effect on model dynamics.
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ι1
ι1 determines the sensitivity of banks’ market shares to interest rate differentials. Consequently, a higher value of ι1 leads to larger variations in market shares but does not
give rise to persistent monopolisation tendencies. For the range of values considered, the
effect on macro time-series is not significant.

ι2
The effects of variations in ι2 , which determines the sensitivity of banks’ market shares
in loans and mortgages to their history of credit rationing and also enters into the calculation of the rationing indicator (equation 14), are similar to those caused by varying ι1 .
As with the latter, there is no significant effect on macroeconomic volatility for the range
of values used here.

ARdis
An increase or decrease in the persistence of shocks to the distribution of deposits and
loan demand between banks does not appear to have any systematic impact on simulation
outcomes for the range of values of the parameter which are considered here.

ARr
Variations in the persistence of the shocks representing noise in the central bank’s target
level of reserves do not seem to have any significant effect on simulation outcomes for the
range of values considered.

σdis
σdis denotes the standard deviation of shocks to the market shares of banks. Similarly to
the effect of varying the persistence of these shocks, varying σdis along the range of values
considered here has no significant impact on simulation outcomes.
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σr
σr is the standard deviation of the shocks representing noise in the central bank’s target
level of reserves. As with ARr , variations in this parameter over the range of values used
here do not appear to have any systematic effect on simulation outcomes.

CCdef
As one might suspect, an increase (decrease) in the cross-correlation of default shocks
among banks significantly increases (decreases) macroeconomic volatility. More systemic
fluctuations in defaults produce an increased volatility of interest rates as well as greater
correlation in the fluctuations of individual banks’ capital adequacy ratios, both of which
feed back on the aggregate sectors and ultimately lead all macro time-series to become
more volatile.
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