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Abstract

Financial and economic crises are not always the same. It is important to understand why some episodes of
crisis generate prolonged and systemic recessions. Developing the Financial Instability Hypothesis, Hyman
Minsky introduced the idea that in periods of stability, financial actors tend to increase their risk exposure,
moving from a stable hedge-dominated structure to an unstable one, characterized by speculative and ultra-
speculative (Ponzi) financial positions: hence, stability turns out being destabilizing. Starting from the three
different relationships introduced by Minsky (income-debt-hedge, speculative and Ponzi) for financial units,
we involve a simple partial equilibrium agent-based model in which firms, the banking sector, the real and
financial sides of the economy, interact. This theoretic framework is used as computational laboratory to ex-
tend the migration rates open system modeling based on the E(ntry)-S(tay)-L(eave) processes by considering
the economic system, the business cycle and with attention to so-called zombie-firms.
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1. Introduction

Financial and economic crisis are not always the same. Some of them have a deep and persistent impact
on the economic system. As a response to the 2008 Great Recession and the 2020 Covid-19 economic crisis,
several central banks injected a huge amount of liquidity to stimulate the economy and to prevent systemic
collapse. However, although not with the same intensity, these non-conventional expansive monetary policies
had been pursued also during the period of “tranquillity” between 2014 and the beginning of 2020, facilitating
the access to credit over a wide spectrum of solvability degrees. The two recent crisis are intimately different
from each other? and this suggests that is important to understand why some crisis generate prolonged and
systemic recession.

The economic theoretical reference framework of this paper is the Financial Instability Hypothesis (FIH) of
Hyman Minsky ([1],[2]). Several contributions provide both a macro-dynamic perspective (as in [3], [4], [5], to
cite some) and a microeconomic formalization of Minsky ([6]), where authors link the microeconomic financial
variables and the aggregate performance of the economy by means of a microfounded model with firms that
have heterogeneous capital structures. Moreover, the financial crisis of 2008 stimulated the development of
new Regulatory Criteria (commonly known as Basel III) that pushed the banking activity to become more
prudential, either in the short and the long run. Our interest is to analyse the issues of financial fragility and
credit risk asking whether indebtedness may change the ecology of financial units. To this end we deal with
a two-stage computational experiment.

The first stage involves a simple partial-equilibrium agent-based model (ABM) developed by [7] to simulate
an economy in which the real (firms) and financial (banks) sides of the economy interact. This model serves as
a creditworthiness data generating process. In particular, firms are classified into the four Minsky’s standard
species, namely the autarchic or self-financing firms and the non self-financing firms. The latters, that resort
to debt to finance their activity, can be classified into hedge (if able to pay back both the principal and
the financial commitments), speculative (if able to pay back financial commitments only) and Ponzi firms

*Corresponding author.

IThe opinions are of the authors and do not involve responsibility of their institutions.

2The first one may be considered an endogenous shock: while originating in the real economy to affect the financial side, it
then had deep and persistent effects on the real economy. The second one is the first effective exogenous shock ever observed in
economics. Although it appears that the pandemic is regressing, two years of differentiated lock-downs and limitations to the
regular activities of societies had and will have even more deep and persistent effects on societies.
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(if unable to pay back both the principal and the financial commitments). Beyond this we introduce a fifth
species, the so-called zombie-firms, namely those ultra-speculative firms that rest alive only due to further
debt for a number of periods ([8],[9],[10]).

The second stage consists in using the ABM simulation results to deal with credit risk assessment. In
particular, we involve the E(ntry)-S(tay)-L(eave) modelling developed by [11] to classify positions on a sim-
plified rating system while allowing for entries in the portfolio and exits, either in-bonis and at-default. The
portfolio is therefore generated as an evolving complex system of heterogeneous firms that indirectly interact
through price formation, moreover it is a system open to entries and exits driven by the macroeconomic cycle.

With this integrated approach of financial fragility and credit risk assessment we aim at analysing how
the economy reshapes by combining the augmented Minsky’s species classification with a creditworthiness
rating system.

Our findings suggest that when the economy is in good shape the less creditworthy positions diminish as
well as the Ponzi and the Zombies firms. In addition, in the short term the distribution of creditworthiness
appears no longer normally distributed, even with a large sample of units. From a credit risk perspective, the
open to entries and exits sample migration matrices are confirmed to be free of absorbing states, especially
the default state. Finally, we can observe that the series of certain losses react to Zombie.

The rest of the paper is structured as follows. The next Section presents the baseline economic agent-based
model. In Section 3 the credit risk component is introduced. Section 4 discusses the main results. Section 5
concludes with some final considerations.

2. Stage I: A simple economic agent-based model

The FIH presented by Minsky links the expansion of credit with the rise of asset prices and the inherent
fragility of the financial system, that may give rise to economic instabilities also in period of tranquillity. In
this section we describe the ABM of [7], in which agents are able to learn and interact. Starting from this
contribution, it is our purpose to combine the financial fragility issue with firms’ creditworthiness.

2.1. Qwverall scope of the model

Agents usually form expectations about the future relying on different behavioral rules that become
more rigid the higher the degree of uncertainty. Expectations are a key concept for Minsky: in his seminal
contribution of the FIH he stressed their relevance in a sophisticated financial economy characterised by
strong uncertainty, but without analysing the precise process of expectations formation. Minsky, however,
introduces the idea that a state of financial stability may be destabilizing ([12]). Economic agents make their
decisions focusing on the interaction between current and inter-temporal financial constraints ([13]). During
a period of tranquillity economic units may thus want to increase their returns on equity, with a progressive
reduction of the perception of risk associated with forecasting mistakes and a higher financial exposure.
Expectations will consequently deviate more from the initial forecast, causing important fluctuations of the
financial conditions.

In the model, agents are adaptive and able to learn. While mainstream economics has been mainly
focused on the convergence of learning processes to a rational expectations equilibrium ([14]), a huge stream
of literature considers bounded rational agents that use their experience and perception to make inferences
about future states of the economy ([15]). Our framework follows this last approach: the environment in
which agents coexist is shaped by their decisions, as well as their actions’ superimposition influence the
macro-state with a feedback between the micro and the macro levels.

Economic units operate free from any top-down centralizing constraint and know little about future
outcomes. A learning procedure is considered that involves uncertainty, bounded rationality and limited
information. Along the line of [7], the learning procedure is a structure of sequential expectations based
on some external (public) information about the economic system and internal (private) information about
the internal state of economic units. In other words, decisions and actions of firms are based on a sequence
of expectations. As far as expectations are central to the FIH likewise the role of financial structure of
economic units in macro dynamics, expectations influence agents’ decisions and the implied actions define a
(new) macro-economic environment that induces changes in the macro-economy that will in turn shape the
micro-behaviour.

2.2. Main assumptions

The assumptions about the macro-structure of the markets are the following:

e All the firms produce the same perishable homogeneous good.



e Good market equilibrium. The whole production is sold-out at each period.
e Labour market equilibrium. Households infinitely elastically supply labour at a fixed wage rate w > 0.

e Credit market equilibrium. Banks behave like Automated Teller Machines (ATMs) that infinitely elas-
tically supply credit at differentiated but constant interest rates between self (surplus positions) and
non self-financing (deficit positions) firms.

e Path-dependent good market price index. The effects of a single period may be more persistent than
others depending on firms’ behaviour, their choices and how they react to the system changes through
time. The market price index is defined as the ratio of the past period total revenues Y (¢ — dt) to the
total output Q(t — 2dt)3.

e The macro-state of the economy is defined as ¥(t) = (A(t), Q(t), P(t),w,rNsr,TsF), where A(t) is
total equity, P(t) is the market price index, rysr and rgp are the interest rated for non self- and
self-financing firms.

The assumptions about the micro-economic model are the following:

e Heterogeneity. Firms are heterogeneous with different financial resources A(i,t), with ¢ indicating the
interest rate, and share the same production technology with differentiated parameters. Labour L(i,t)
is the only input factor financed with own resources or debt.

e The firm selling price P(i,t) is a uniformly distributed idiosyncratic shock to the market price.

e Law of motion. At the beginning of period T = [¢, t/), the firm fills the balance sheet items due to the
previous period 7" = [t”,t) activity. The firm can either go bankrupt, if net-worth is accounted being
negative, or rest operating, otherwise. In former case the firm updates its equity endowment to finance
the next period of activity, in the latter one the firm defaults and is randomly replaced with a new one.

e Uncertainty, incomplete information, bounded rationality and expectations. The main source of uncer-
tainty concerns the demand side: as a consequence, firms’ expectations may not be fulfilled. Firms are
embedded into a competitive and uncertain environment. They have incomplete and limited informa-
tion. Bankruptcy is costly, so firms schedules future activity to improve their financial soundness in
order to avoid default.

The baseline economic model describes a partial-equilibrium sequential economy, where firms produce the
same perishable good that is sold out at each period under perfect competition, meaning that all the firms
are price takers. Firms form predictions in order to make decisions about their future output programs based
on expectations. Their main purpose is to increase the chances of being operating through time at best by
improving their financial soundness. To do so, they schedule their production self-referentially, monitoring
their balance sheets and financial exposure. Moreover, firms behave adaptively by considering the current
financial position. As introduced by Minsky, during an upward phase of the cycle economic units aim at
increasing their returns, being confident that their financial structure is robust enough to cover the financial
commitments on debt. This leads firms increasing their financial exposure until they face, typically after an
adverse shock, that they are below their self-financing capacity. The new struggle is being able to self-finance
their economic activity with own financial resources.

Firms perform an anticipatory behaviour. They are forward-looking and, in every period, anticipate the
effects of their decisions: on the basis of their equity they prepare today the conditions to produce tomorrow
with the aim of rest operating the day after tomorrow. This assumption is translated into the model with the
introduction of dual strategy to the standard profit maximization procedure, which merges anticipatory, self-
referential and adaptive capabilities. The behaviour and the production scheduling of the firm is financially
constrained, but they also learn how to reasonably use their financial resources: future production is scheduled
on resources and information from the past. A firm can be considered as an organization of three departments.
First of all the accounting department updates the balance sheet, so revealing if the firm is operating or
bankrupted, in this last case the bankrupted firm is replaced with a randomly initialized new one. If operating,
the production department realizes the previous period scheduled output and the management department
schedules the production for the next period.

3From here on, t is the beginning of the current period. Following [7], we denote with t"/ =t — dt and ¢/ = t + dt so that
t"" <t <t,since dt > 0; therefore all the periods are equi-spaced.



2.83. Micro-behaviour of the firms

The balance sheet is the key element of our ABM because it allows to classify agents in Minsky’s species,
according to their ability to repay their commitments. If the balance sheet returns a strictly positive net
worth, then the firm is operating through the current period, otherwise it goes bankrupt and is replaced. The
behavior of the firm involves three main actions:

1. Past period accounting. Assume that in the previous period the firm has hired a total amount L(i,t"”) of
labor such that it paid a wage bill W (i,t”) = wL(i,t")*. Let A(i,t") be the previous period net-worth,
then D(i,t") = W(i,t") — A(i,t”) accounts for the NSF S(i,t") = +1 state (deficit) if D(i,t"”) > 0,
otherwise it accounts for the SF S(i,t”) = 0 state (surplus) if D(i,t"”) < 0.

The first step here consists in the accounting procedure. Accordingly, the past period activity implies
financial flows that are regulated at the beginning ¢ of the current period as financial commitments
F(i,t) = —rnspD(i,t") < 0 or financial income F(i,t) = —rgpD(i,t") > 0, where rygr and rgp
stand for the interest rate adopted by NSF firms and SF firms respectively.

The second step consists in selling the past period scheduled production, Q(i,t”). Revenues are ac-
counted as Y (i,t) = P(i,t)Q(i,t").

The third step accounts for production costs C(i,t) = —F(i,t) as the opportunity costs to the sub-
scription of the financial contract. Profits are then accounted as the difference between revenues and
production costs II(i,t) = Y (i,t) — C(i,t ).

Finally, the balance sheet closes by updating the net-worth with profits:

A(iyt) =00, t) + [A(i, t ) — W(i,t )] =Y (i,t) — (L+7)D(i,t) (1)

If A(i,t) < 0 the firm goes bankrupt and is replaced, while if A(i,t) > 0 it operating. As a consequence
of the above mentioned assumptions, only NSF can go at default®. In addition, for these kinds of agents
the current period equity is the sum of profits and the results of the financial contracts of borrowing.

2. Current period production activity. Assume that in the previous period the firm set an output scheduling
parameter «(i,t) > 0 for the current period output to be produced: Q(i,t) = «(i,t)A(i,t) > 0. The
production function is linear with labour Q(i,t) = ¢L(i,t), where ¢ > 0. As far as it has been assumed
that the whole previously scheduled production is going to be realized in the current period then
Q(i,t) = Q(i,t), implying that L(i,t) = a(i,t)A(i,t)/¢ is the labour to be hired. Therefore W (i, t) =
wL(i,t) = (w/p)a(i, t)A(i, t) is the wage bill to be paid. Now the firm can evaluate the financial position
D(i,t) = W(i,t) — A(i,t). Differently said, the firm knows if it in deficit D(i,t) > 0 or in surplus
D(i,t) < 0, actually meaning that in the next period it will face financial commitments F(i,t') =
—ryspD(i,t) < 0 or income F(i,t') = —rgpD(i,t) > 0. Clearly, the current period production activity
will influence the accounting and balance sheet at the beginning of the next period, after the selling
price will be known at t.

3. Next period production scheduling®. This period is currently performed to obtain an estimator for the
scheduling parameter «(i,t). Expectations are now crucial: the scheduling procedure deals with incom-
plete information and uncertainty. Firms form their expectations considering both private information
about the internal state of the agent and public information about the system. Also the next period
equity follows the law of motion (1) but before its estimation, the firm should calibrate o(i,t ) in order
to define the level of output. Firms make price expectation according to possible different attitudes
in their behaviour: a firm may be confident on the accuracy of its expectations; neutral (so it gives
the same weight to the present price and its estimation for the next period) or cautious, when it gives
more weight to the current period price. Finally, the firm simulates net-worth (reflexivity) and sets
production to remain operating (anticipation). Firms are reflexive ¢ la Soros [16], so as a simplified
approximation of thinking decision-makers, where thinking is the necessary condition to Soros’ reflexiv-
ity, they are able to learn. Both production and scheduling of output take a whole period of length dt.
In addition, firms’ behaviour is characterised by anticipation and reasonableness. Notice that in this
context anticipation, intended as part of the learning procedure, simply means to prepare today the
conditions to implement the current choices for tomorrow. The main aim of the firm is thus to increase
its chances of survival at best through time by improving its financial soundness: the estimation of the
control parameter previously obtained is thus applied to known information to reject the null hypothesis

ANamely, W (i,t"") = wL(i,t") = (w/¢)a(i, t")A(3,t"") where a(i,t"") > 0 is the output scheduling parameter.
5For a SF firm, —(1 + T‘)D(i,t”) > 0 by definition.
SFor a detailed description of the scheduling parameter estimation we address the reader to Section 5.2.3 in [7.



of bankruptcy. The firm behaves self-referentially, that is, by looking at its own resources and its state
of financial soundness, and adaptively, that is, by considering the state of the economy. Expectations
influence agents’ decisions, which in turn shape the macro-scenario. Consequently, the induced changes
in the environment will feedback into the micro-behaviour.

2.4. Using the ABM simulation

In this Section we present numerical evidence to provide an economic interpretation of the dynamics we
obtain. Parameter values are set in order to show results that are economically meaningful. The previously
discussed ABM is used as a computational laboratory to:

e Simulate the economy behaviour according to the parameter setting reported in [7]. In particular, the
interest rates are rsp = 0.5%, rnysr = 1.0%, the wage rate is w = 10, and the number of firms is
N =100, 000.

o Classify augmented Minsky species according to the firms’ balance sheets and their financial exposure:

1.
2.

SF firms are classified as autarchic (A) if D(i,¢) < 0 and they earn a financial income;

Firms are considered as NSF if D(¢,t) > 0. NSF firms must only pay their financial commitments.
Recall that depending on what scheduled in ¢t =t — dt the accounting procedure is currently set
in ¢, the next period production currently scheduled is going to be realized in ¢’ = ¢ + dt and its
implied financial flows will be be paid in ¢/ = ¢/ +dt. According to their ability of recovering their
debt in next period, NSF can be categorized following the different Minsky species:

Hedge (H) firms have profit that covers both principal and financial commitments. In other
words, H are solvent.

Speculative (S), if profit covers only financial commitments.

Ponzi (P), where profit does not cover either principal and financial commitments.

— Zombie (Z), when a firm has been cured from bankruptcy in the past period and is P in the
current one, as it is operating but at the lowest degree of financial soundness.

e Simulate creditworthiness. On the basis of the ABM we apply the following procedure:

1.
2.
3.

set x1(i,t) = II(,t), the current period profit;

set 29(i € NSF,t) = —(1+rysp)D(i € NSF,t) < 0orxs(i € SF,t) = —(14rsr)D(i € SF,t) > 0;
evaluate x3(i,t) = x2(i,t)/x1(4,t) as the ratio of the value of the financial contract to profit, in
case of a NSF firm it includes either the principal and financial commitments outflow, in the case
of a SF firm it includes either the financial income and the deposit inflow;

4. apply an order preserving sigmoidal transform z4(i,t) = tanh(z3(4,t)) € [—1, +1];

23 (i,t)—min z3(i,t)
max x3(%,t) —min x3(%,t) € [£07€1] where

fo = 0.0001 and ¢; = 1 — £y allow to skip corner-cases that cannot be numerically evaluated and
to obtain a normalized set of valued that can be assumed as probabilities;

assign creditworthiness wABM (i, t) = ®~1(x(i,t)) as standard normal drown value at the proba-
bility «(i,t). The more z(i,t) — 1~ the more the firm is on the tail associated to lower risk levels
so receiving a great-positive value of creditworthiness, the more x(i,t) — 0T the more the firm is
on the tail associated to higher risk levels so receiving a great-negative value of creditworthiness.

apply a modified max-min transform x(i,t) = £y + ({1 — o)

The involved transformation emphasizes the extreme cases, most relevantly those with a very low degree
of financial soundness, namely those that are associated to very risky positions. We justify the function
® with the need to be compliant with standard modeling of creditworthiness after [17] and to apply the
methodology developed in [18] and [11] in the next stage to model credit risk.

Fig.

1 shows the species concentration and creditworthiness at the beginning and at the end of the

simulation, where zombie firms emerge. When the economy is in good shape the less creditworthy positions
diminish and with them the Ponzi and hence the zombie.

Fig. 2 depicts the “Augmented Minsky Species” distribution that emerges along a simulation over 10
years. We choose to run the simulator with a single run of 100,000 agents because this value can empirically
be considered large enough to guarantee a reliable convergence to the expected value. This can also be seen
as a good trade-off between the computational effort and the trustability of the numeric outcome”. The

7We choose to not run a sensitivity analysis of the parameter involved: this study is a first attempt of integrating two different
procedures, so at this preliminary stage we only focus on the computational issues.



series presented in this figure is in line with the concept of “intermittent route to chaos”, introduced by
[19]: systemic turbulence appears to decline, only to subsequently rise once more. This pattern reproduces
a phenomenon that can also be observed in (recent) real macroeconomic time-series: a rising level of private
debt compared to GDP ([20]). The private debt to GDP ratio in fact tends to rise if private debt growth
exceeds the rate of economic growth. [5] demonstrate how the time horizon of the economic unit is an
important source of instability in an economic system. The presence of a longer time-horizon lead to both
a reduction in volatility and to a more severe liquidity constraints to firms. The combination of these two
effects leads to a GDP that fluctuates less but crashes are also more likely to occur. More in general, are
unexpected events that contribute to change the risk perception of firms that are trasmitted to an economy
as shocks, representing the main driving force behind economic crashes. These shocks hitting firms’ solvency
constraints causes output fluctuations that may have the same magnitude of crashes®.
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Figure 1: Left panels: distribution of firms over the augmented Minsky’s species at the beginning and at the end of the 10
periods of simulation. Right panels: creditworthiness for firms in the species.
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Figure 2: Dynamics of the augmented Minsky’s species concentration and the growth rate of the GDP.

8[5] in their result present how this mechanism is amplified in an asymmetric way by the right-skewed solvency constraint.



3. Stage II: credit risk modelling

In this section we integrate the ABM simulation results with the ESL modelling of [18] and [11]. We first
apply the ESL modelling to the ABM results bearing in mind that the simulated economy is populated by a
fixed number N = 100,000 of agents: bankrupted firms are replaced as if they were cured after leaving the
system. In this first application the migration modelling is only open to exits, namely the firms who leave
(L) are replaced. The simulated system provides a base portfolio of firms, closed to entries, with individual
balance sheets, each of them is classified according to previously mentioned augmented Minsky’s species and
is endowed with a measure of creditworthiness related to financial soundness. Therefore, differently from the
modelling of [18] and [11], where creditworthiness is randomly simulated as sample drawing from a standard
normal distribution, here firms’ creditworthiness is related to their economic activity, although very simplified.
Fach firm can be therefore classified according to a simplified rating rating system of four grades, namely
A ={A,B,C,D} where A is the best grade while D is the worst one representing default. This allows for
estimating two kinds of migration matrices:

e The Stay-only rating considers all the positions except those who leave;

e The Stay-and-Leave includes also those positions that exit the system due to bankruptcy while waiting
for being replaced.

At each time step ¢ along the simulation, such absolute valued migration matrices are estimated and
their sequence can then be time-averaged to obtain the unconditional estimate of migration probabilities as
reported in Table 1.

Stay — only A B C D
A 0.7163 | 0.1027 | 0.0129 | 0.1680
B 0.0251 | 0.7910 | 0.0247 | 0.1592
C 0.0158 | 0.0088 | 0.5913 | 0.3840
D 0.0154 | 0.0015 | 0.0037 | 0.9793
Stay — and — Leave A B C D L
A 0.6982 | 0.1001 | 0.0126 | 0.1638 | 0.0253
B 0.0245 | 0.7715 | 0.0241 | 0.1553 | 0.0246
C 0.0154 | 0.0086 | 0.5773 | 0.3749 | 0.0237
D 0.0151 | 0.0015 | 0.0036 | 0.9550 | 0.0248
L - - - - 1

Table 1: Unconditional estimate of the migration rates in the Stay-only and in the Stay-and-Leave modelling.

Looking at Table 1 we provide further comments on the data. First of all, consistently with what can be
observed in reality but contrary to standard assumptions in the literature, the default state is not absorbing.
This is because the obligor receiving a D grade represents a non-performing loan (NPL) but he is still
operating, hence it is not bankrupted: the NPL state is not absorbing as it is possible to be cured into a
performing loan (PL) while the bankruptcy state is absorbing because it triggers the recovery process’. As
far as some cure events can be observed, it is possible that some obligors at default may come back in-bonis
without going bankrupt.

Secondly, the Stay-and-Leave matrix is open to exits L and the exit state appears being absorbing because,
in our modelling, we do not consider the case for an obligor that exits the portfolio with the possibility to
demand for credit in a second time. Clearly, this is but a simplifying technical hypothesis, but not so far
from reality in the short-run of the simulated T" = 10 periods.

Finally, it should be noticed that the exit rate, i.e. the last column of the Stay-and-Leave matrix, is almost
the same for every grade. This may be due to the replacement algorithm we used to shape a closed sample
economy, that serves to estimate macroeconomic quantities driving the entry process we describe here below.
We recognize this a limitation of our modelling, that we accept just for technical reasons that simplified the
computational challenge of melting of the simulated ABM-economy with the ESL methodology.

The ABM-economy provides a base portfolio that mainly serves to obtain macroeconomic data in order
to develop the open system modelling. To this end, the first macroeconomic relevant quantity is the GDP,

9The recovery process may not start if the amount to be recovered is lower than the costs of the recovery process.



indicated as Y'(t), evaluated as the summation of the revenues of all the firms in the economy. The second
quantity is the growth-rate of the GDP, indicated as gY (t), that drives the generation of new entries in the
system according to the following Poisson process regulated by a time varying parameter 0(¢) scaled by the
number N of firms in the ABM:

0.15 4 (0.20 — 0.15)u iff gY'(t) > 0
0.05+ (0.10 — 0.05)u iff gY (t) < 0

E(t) defines how many firms will enter the system depending on the cycle. Eq. (2) represents a situation
in which a number of firms will enter the system - and therefore the portfolio - in any case, but if the cycle
is positive the number of entries is greater than during a downturn.

E(t) ~;;q Poisson(0(t)N) : 6(t) = { , u~U(0,1) (2)

1 2 3 4 5 6 7

m
=]
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Figure 3: The GDP growth rate (dots, right axis) and the number of entries (squares, left axis) along the simulation run.

Once the total number of entries E(t) is evaluated for period ¢, a number of F(t) positions has to be
simulated again, as far as they do not belong to the set of previously simulated balance sheets. Not to
simulate these positions in a purely random way, we consider the third relevant macroeconomic quantity Z(¢)
that represents the latent process that emerges from the simulated economy. In particular, together with a
parameter p representing the correlation of Z(t) with the system dynamics, this process is estimated as in
[18] and [11] on the basis of the Stay-and-Leave sequence of migration matrices generated with the ABM
economic model. The matrix in Table 1 provides their unconditional estimate. Therefore, here Z(t) and p
are estimated on the basis of a simplified economic system of N = 100,000 firms, simulated according to
transparent microeconomic behavioural rules generating a population of balance sheets with creditworthiness
that can be classified in different grades of financial fragility. The value of Z(t) estimated on ABM data'® is
now used to simulate the new-entries’ creditworthiness as:

wP(i,t) = \/p- Z(t) +/1—p-eli,t) (3)
where e(i,t) ~ N(0, 1) represents the idiosyncratic term.
A dynamic portfolio is now simulated. Although the ABM component always maintains the same size of N
obligors through time, a second component renews the portfolio with F(t) new entries (depending on the
cycle) and L(t) exits. All what matters are now the information about the creditworthiness of the simu-
lated obligors, W (t) = [wABM (), wF(t)], that can be classified with respect to a simplified rating system
A ={A, B,C, D} according to a structure of thresholds.

In order to classify the entries, let assume the following entry-probabilities into different grades:

E 0.50 | 0.25 | 0.20 | 0.05

and define the following probabilities:

GBa =Y PEj =1, qBp = Qfa — DPEA , QB = dbp — PEB , dBp = PED (4)
J

10In credit risk modeling literature dealing with single-risk factor models, the latent factor is usually axiomatically assumed
following a standard normal distribution. In this study as a novelty we extrapolate it from empirical data.



As the underlying probabilistic model is assumed being standard normal, the classification thresholds are

=271 (qEa) . B =27" (akp) , (5 =2 (aEc) . B =2 " (¢kp) (5)

To build up a thresholds’ structure to classify the creditworthiness of the obligors that stay in the portfolio
from t — 1 to ¢, a so-called true-closed migration matrix!® is involved:

A 0.9614 | 0.0361 | 0.0010 | 0.0014
B 0.0180 | 0.9397 | 0.0169 | 0.0254
C 0.0010 | 0.0718 | 0.7386 | 0.1875
D 0.0010 | 0.0020 | 0.0170 | 0.9800

The threshold structure to classify the stayers is defined in the same way used to classify the entries. First
of all the following probabilities are defined for each row:

Tia = Zij =1, ¢ip = q3a —DPaa, qgg = i —PaB , ¢ip = PAD
l

QBa = Zij =1, qhp =dpa —PBA, 43¢ = 4B — PBB , dAp = PBD
l

A=Y poi=1,q0p=0q24—Pca, @Oc =405 — PCB » 4op = PCD
l

S S S S S S
dpa = Zij =1, qpp =q9da —PDA > 9Dc = 4DB — PDB > ¢Dp = PDD (6)
l

and the the following thresholds can be computed:
Co=7" (ady) =07 (a5y) s lo= 27" (ay) » tp =" (apy) » €A (7)

By means of (5) and (7) the creditworthiness w(i,t) of the ith obligor may now receive a grade on the rating
system, either if it is a new entry or an already existing obligor.

3.1. Classifying the creditworthiness into grades

Either according to the ABM or randomly generated entries by means of (3), all the positions have
a creditworthiness w(i,t). In order to simulate what obligors will stay or leave the portfolio, a threshold
p* € (0,1) is fixed and a number ¢(i,t) ~ U(0,1) is randomly generated for all the firms such that:

. +Liff q(i,t) > p* : stay (S)
SL{i.t) = { —1iff Z(i,t) < i* : 1ea\}f,e (L) (8)

defines the stay-or-leave states. Once an obligor leaves it is maintained in the leave-state o(i,t) = L forever
while those who stay may leave the portfolio in the future.

Let now ty be the initial time of the simulation. If ¢ = ¢y and SL(i,t) = +1 then every firm is classified as
follows

o(i,t)=A < w(it) € (+oo,l5)

o(i,t) =B < w(i,t) € ((5,05]

o(i,t) =C < w(it) € (9,05

o(i,t)y =D & w(i,t) € (1, —o0) (9)

1'We involve an observed migration matrix according to [21], that here we call true ether because it is observed and it is used
to initialise the simulation process. This matrix is also closed because, as usual, migration matrix estimates do not consider
entries and exits to deal with a closed sample estimate. Except the last line this is the same migration matrix estimated by [21]
that use P(A|D) = P(B|D) = P(C|D) = 0 and P(D|D) = 1 assuming the default as an absorbing state which, as mentioned
above, is not our case.



As regarding the entries, for which the entry-point-in-time is an initial period, the classification needs the
following rule:

o(i,t)=A < w(i,t) € (+oo,lF]
o(i,t) =B & w(i,t) e (5,05
o(i,t) =C < w(it) € (5,02
o(i,t)=D < w(it) € (R, ) (10)

If t > tg and SL(i,t) = +1 it means that 4 is a stayer from ¢ — 1 to ¢, hence it may maintain its grade or
migrate to a different one according to the following rule

o(i,t)=A | o(i,t) =B | o(i,t) =C | o(i,t) =D

given that if then 1 or 1 or T or 1
it -0 =4 w(nh) €| (+oo 8] | (E15] | (05.e8] | (B, —o)
o(it—1)=B w(it)e | (+oo lF] | ((F.L5] | (5,05 | ((5,—o0)
o(i,t—1)=C w(i,t) €| (4o0,lZ] ((B,0¢] (¢S, 2] (8, —o00)
o(i,t—1)=D w(i,t) €| (+oo,lB] (6B, (5] (€%, 08] (5, —o00)

In all the cases, V¢ > to if SL(i,t) = —1 then o(i,t) = L.

By means of these classification rules we may know the number of stayers Ng(t) = #{SL(i,t) = +1} and
leavers Ny (t) = #{SL(i,t) = —1}. We may also evaluate how the stayers distribute over the rating system,
that is N&\(t) = #{0(i,t) = A|SL(i,t) = +1} , NB(t) = #{o(i,t) = B|SL(i,t) = +1}, N§(t) = #{o(i,t) =
C|SL(i,t) = +1} and N2 (t) = #{o(i,t) = D|SL(i,t) = +1}. Of course Ns(t) = NZ(t) + NE(t) +
N§(t) + NP(t). Furthermore, we also know how entries distribute, say Na(t) = #{o(i,t) = Ali € E},
NB(t) = #{o(i,t) = Bli € B}, N§(t) = #{o(i,t) = Cli € E} and NB(t) = #{o(i.t) = Dli € E}
such that Ng(t) = NA(t) + NE(t) + NS(t) + NE(t) = E(t). Finally, the size of the dynamic portfolio is
N(t) = Ng(t) + Ns(t) — Np(t) > N where N is the ABM-economy size.

3.2. Maigration matrices
Once all the ABM firms have been classified in each period, migration matrices time series can be
estimated. By selection of all the firms simulated with the ABM that do not exit the system, i.e. if
SL(i,t —1) = SL(i,t) = +1, a 4 x 4 stay-only matrix M®(t) can be estimated as a cross-tab of o (t — 1)
and o (t), where the element ij (t) evaluates how many firms in grade i at time ¢ — 1 become of grade j at
time ¢, where i, j € A. The sequence {M?®(t);t < T} is like a time series of closed sample migration matrices
that can be time-averaged to estimate a long-run matrix of transition probabilities:
T
s_ 1 s s
M fT;M t)—P (11)

where P¥ is usually what banks estimate.

P3(ji) A B C D
A 0.6649 | 0.1213 | 0.0154 | 0.1984
B 0.0290 | 0.7593 | 0.0280 | 0.1837
C 0.0176 | 0.0099 | 0.5360 | 0.4365
D 0.0173 | 0.0017 | 0.0042 | 0.9768

By considering also those ABM simulated firms that leave the system, i.e. if SL(i,t—1) = +1A[SL(i,t) =
—1V SL(i,t) = +1], a 5 x 5 stay-and-leave matrix M%(¢) can be estimated as a cross-tab of oL (t — 1)
and o°%(t), where the element ijL(t) evaluates how many firms in grade ¢ at time ¢ — 1 become of grade
j at time ¢, where 7,5 € A U {L}. This matrix is similar to M?(¢) with a further row and column. The last
column evaluates how many firms exit the system by any grade: those who leave from {A, B,C} are exits
in-bonis, just like they reached the maturity of the contract, while those who leave from D are firms who
exit the system from default, hence they affect the credit risk of the bank. The last line has a very simple
structure, the first four elements are 0 while the fifth one accounts for the cumulative number of exits up to
time ¢t. Also this time series can be time-averaged:
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T
1
M= 2% MSE() — PO (12)
t

and the last column of PS5 estimates the exit-rate by grade.

PSL(ji) A B C D L
A 0.6488 | 0.1184 | 0.0150 | 0.1935 | 0.0243
B 0.0283 | 0.7404 | 0.0273 | 0.1791 | 0.0250
C 0.0171 | 0.0097 | 0.5224 | 0.4254 | 0.0253
D
L

0.0169 | 0.0017 | 0.0041 | 0.9526 | 0.0248
0 0 0 0 1

By considering also the entries, a 6 x 6 entry-stay-leave matrix M¥9L(t) can be estimated as a cross-tab
of o(t — 1) and o (t), where the element M”°"(t) evaluates how many firms in grade i at time ¢ — 1 become
of grade j at time ¢, where i,j € {E} UA U {L}. This matrix is similar to MF(¢) with a further row and
column. The first column is set to 0 because once a firm enters the system it can only assume a position
in the rating system or exit: that is, it is not possible to enter the system twice at a time. The first row
reports the distribution of entries on the rating system A including the L state to consider those who enter
and immediately leave the system. It also includes the number of firms that enter in state D, which is not
unusual, just like in cases of mergers or portfolio acquisition in which some positions are at default. Also this
time series can be time-averaged:

T

1
MESL — = Z MESL (t) = PESL (13)
t

where PPSL represents the open-system migration rates matrix as it is estimated on a system that is open
to entries and exits.

PTGy [E| A B C D L
E 0 | 0.4840 | 0.2459 | 0.1961 | 0.0484 | 0.0256
A 0 | 0.8052 | 0.0076 | 0.0073 | 0.0853 | 0.0246
B 0 | 0.0177 | 0.8292 | 0.0252 | 0.1030 | 0.0246
C 0 | 0.0045 | 0.0343 | 0.6559 | 0.2801 | 0.0251
D 0 | 0.0148 | 0.0015 | 0.0044 | 0.9544 | 0.0248
L 0] 0 0 0 0 1

What this open-system migration rates matrix shows is that entering the default state is more likely as far
as the initial grade is lower, that is P(D|E) < P(D|A) < P(D|B) < P(D|C) < P(D|D).

4. Results

The ABM simulated economy is populated by N = 100,000 firms in all the 7' = 10 periods and it turns
out being populated by a variety of species. The interactive and anticipatory behaviour of the heterogeneous
agents is a complex system that reshapes through time. As reported in Table 2, the concentration of firms
over the augmented set of Minsky’s species seems stable: on time average, about 9.61% of the firms is self-
financing or Autarchic, the largest share of firms (56.79%) is Hedge, 31.69% is Speculative and a few (1.50%)
are Ponzi. There appears a residual share of about 0.41% of Zombie firms.

Although the shares of standard Minsky’s species appears stable through time, the share of Zombie firms
performs something similar to a so-called structural break between period 4 and 5, where it jumps from 0.05%
to 0.95%.

The simulated economy therefore appears almost robust with about 66% of Autarchic and Hedge firms
while the remaining 34% includes either Speculative, Ponzi and Zombie.

Fig. 4 shows the trajectories of the number of Zombie firms, that arise in the ABM economy, and the
systematic factor Z(t), that unpredictably emerges at the macroeconomic level from the micro behaviour
of firms that migrate over the rating system of creditworthiness grades according to the Stay-only model
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t Autarchic | Hedge | Speculative | Ponzi | Zombie | Z(t)
1 9.57 56.66 31.88 1.90 0.00 2.10
2 9.59 57.06 31.48 1.79 0.08 1.61
3 9.44 56.84 31.79 1.87 0.06 0.75
4 9.66 56.85 31.57 1.87 0.05 0.21
5 9.55 56.71 31.83 0.97 0.95 -0.11
6 9.64 56.82 31.60 1.45 0.49 -0.43
7 9.44 56.94 31.72 1.26 0.64 -0.72
8 9.80 56.77 31.42 1.38 0.63 | -0.96
9 9.75 56.51 31.90 1.26 0.58 | -1.22
10 9.65 56.72 31.75 1.27 0.62 -1.44
Autarchic 1
Hedge -0.44 1
Speculative -0.35 -0.65 1
Ponzi -0.17 0.35 -0.21 1
Zombie 0.20 -0.33 0.13 -0.99 1
Z(t) 20.42 0.34 0.01 0.74 | -0.76 1

Table 2: The ABM portfolio distribution over the augmented Minsky’s species and correlation with the systematic factor Z(t).

1.200 2,500

ZomMbie  e— )

Figure 4: The ABM portfolio distribution over the augmented Minsky’s species and the systematic factor Z(t).

described above'?. This result allows us considering that the financial fragility and the deterioration of the
economy, in terms of zombification, are somehow related. Indeed, interestingly the concentration of Zombie
firms makes a jump right about the point in time the systematic factor becomes negative from being positive.
A possible explanation may be that the system is facing a period of deterioration, somewhat persistently. In
Figure 6 it can be seen that the high-grade firms decrease while the mid-low grade one increase up to the
point in time the zombie firms make a jump and the default grade firms sharply increase persistently. In such
a context it is much more likely that the cured from default firms, that are also Ponzi, become zombie.

Fig. 5 describes the trajectories of the ESL modelling. First of all we can notice that since the beginning,
mainly due to entries, the ABM-portfolio of N = 100,000 firms increases: remember that the number of
entries is driven by the growth rate of the GDP as described by (2). Most of the obligors, either ABM-
simulated or stochastically generated, are stayers. This means that either are persistent since the beginning
or they do not leave for some time once they entered the system. Nevertheless, the share of stayers decreases
of about —10% over the simulated periods. This loss of positions is due to exits that cumulatively increase
from about 2,000 up to about 22,000 units that is more than compensated by entries because, although with
less intensity, entries happens also during downturns of the cycle.

After having integrated the creditworthiness classification of either the ABM-simulated firms and the
stochastically generated ones, all the positions that do not leave the system receive a creditworthiness grade.
Fig. 6 describes the trajectories of the number of positions in each grade of the rating system and the sys-
tematic factor. The systematic factor is highly positively correlated (0.9796) with the decreasing trend class
A concentration and negatively correlated (—0.9911) with the increasing trend of the D concentration. As
regarding the intermediate classes B and C' it can be seen that both the concentrations increase until the sys-

12See 1 and Section 3.1.
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Figure 5: Entries, stayers, cumulative number of leavers and the systematic factor Z(t).

Figure 6: The distribution of the ESL portfolio over creditworthiness rating system and the systematic factor Z(t).

tematic factor become negative, after that they both decrease. These results suggest that the creditworthiness
classification of the economy is almost polarised between firms in good and bad shape.

A B C D L
Autarchic | 0.4520 | 0.0984 | 0.0289 | 0.2934 | 0.1272
Hedge 0.2819 | 0.1212 | 0.0140 | 0.4569 | 0.1260
Speculative | 0.1115 | 0.1570 | 0.0246 | 0.5808 | 0.1262
Ponzi 0 0 0 0.8800 | 0.1200
Zombie 0.0002 | 0.0005 | 0.0007 | 0.8314 | 0.1671

Table 3: Time average estimate of the augmented Minsky’s species and their creditworthiness grade configuration.

To better understand how the system reshapes we consider the joint distribution of the augmented Min-
sky’s species (AMS) and the grades rating system including the exits (ESL). Table 3 reports the time average
of the joint distribution between the AMS and the ESL series. To some extent, the following results confirm
the previous polarization hypothesis. The probability for an Autarchic firm to be of grade A is about 45%,
while of being in grade D is relatively high: 29%. The opposite happens for Hedge firms that have a relatively
high probability of being in grade D (45%) and A (28%). Speculative firms have a high probability of being
in grade D (58%) and even higher is that of Ponzi firms (88%). As regarding Zombie firms they mostly
concentrate in grade D (83%) or leave the system (17%).

We now consider two further results, more tightly related to credit risk, that is the sure-losses for banks,
that are those obligors that exit the system from being at default, and the so-called Stage 3 positions that,
according to the Regulation, includes positions gone at-default, no matter what the performing grade of origin
is ([22], [23]).

Often banks consider that any exposition at default is a sure-loss because the standard approach is to
consider state D as absorbing. This is proved to be empirically untrue and, if one considers the open portfolio
approach such as the ESL, it can be proved that it is possible to observe some cure events, that are those
expositions migrating from default to some in-bonis grade (see [18] and [11]). In our case we consider a
sure-loss the event of an exposition in grade D the exits the system, so inducing an effective loss for the bank.
According to the MP9L(t) matrices described above, the number of sure-losses are M gif“(t), the number
of obligors that were in grade D at time t — 1 while leaving (L) the portfolio at time ¢. The trajectory
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Figure 7: The sure losses, P(L|D), and the systematic factor Z(t).

n
[y
~
3

3

3

3
n
]

(R

n
¢
G
c
c
E

n

L 8B B R MM
I~ v P
2 £ 2 58 8 3

-

o

AN
=]
B oa f
i

i
in
=
3
SR

o 1 < 0 =3I WL [=]
o i oo
g w B b a o a o a

Stage 3 ND{L) ssssss Z[t)

Figure 8: The Stage 3 positions, the number of positions in grade D and the systematic factor Z(t).

of sure-losses that we observed from simulation is reported in Fig. 7 together with the systematic factor
Z(t). What we may observe is that the sure-losses increase as the systematic factor becomes more and more
negative: the estimated correlation is —0.9764. If, for instance, we suppose that each contract in the portfolio
is valued 1$ the total amount of losses over the whole period is of more that 13,000% on a portfolio valued
about 130, 0008, say about 10%.

As regarding the expositions in Stage 3 reported in Fig. 8 we may notice the same trend of the sure-losses,
what makes the difference is the scale of the data. As it can be seen, right about the end of the simulation
period, the number of expositions in Stage 3 is very high, say 84% of the whole portfolio. This means that
the economy is not only somewhat fragile but also characterised by remarkable credit risk. Moreover, by
considering the Stage 3 and the D positions we can see that both are increasing over time. Moreover, as far
as the systematic factor is decreasing, in the first periods of the simulation the Stage 3 and D positions are
almost equivalent but as the systematic factor approaches the negative side then Stage 3 and D positions
begin to sensibly diverge: the more the Z(t) series becomes negative the flatter the trajectory of the number
of firms at default while the Stage 3 almost linearly increase. Therefore, although the default state is very
relevant to evaluate the credit-risk it appears that the Stage 3 group become more and more relevant.

5. Concluding remarks

Minsky introduced the idea that in periods of stability, financial actors tend to increase their risk exposure,
moving from a stable hedge-dominated structure to an unstable one, characterised by speculative and ultra-
speculative (Ponzi) financial positions: hence, stability turns out being destabilizing.

Our interest is to analyse the issues of financial fragility and credit risk asking whether if indebtedness
may change the ecology of financial units. To this end we deal with a two-stage computational experiment.
The aim is to apply ESL methods for credit-risk based not on pure simulation of creditworthiness from a
standard normal distribution but obtaining a proxy from a model of financial fragility.

Building up on [7], we integrate the ABM simulation results with the ESL modeling of [18] and [11]. We
first apply the ESL modeling to the ABM results. The baseline model simulates a very simplified economy
in which it is possible to identify the so-called Minsky species for indebted enterprises (Hedge-Speculative-
Ponzi) by tracing among them also those that can be said to be Zombies, i.e. unable to honour obligations
but nevertheless financed. The model is integrated with the entry of new companies, whose creditworthiness
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is considered according to the standard literature (Merton-Vasicek model), and also considers the exits from
the system, both in-bonis and in default.

From this computational experiment aimed at integrating two very different modelling perspectives, some
preliminary results are emerging and are worthy to be stressed. Firstly, when the economy is in good shape
the less creditworthy positions diminish and with them the Ponzi and hence the Zombies. In the short
term of 10 periods, the distribution of creditworthiness appears no longer normally distributed, even with a
large sample of 100,000 units that ends up doubling: perhaps the assumption can be confirmed in the long
term, but, so far, the actual series are 10 years. Secondly, the open to entries and exits sample migration
matrices are confirmed to be free of absorbing states, especially the default state (D), which is nevertheless
characterised by high persistence Cure rates (re-entries in-bonis/performing from default/non-performing) as
it happens in reality. Finally, we can observe that the series of certain losses and Stage 3 react to Zombie.

In terms of policy implications, it follows that policy makers need to understand what is behind this
remarkable credit risk and how regulation can be designed to avoid instability related to the emergence of
Ponzi and Zombies.

Future extensions of this study may involve an ABM refinement with endogenously dynamic changing
size of the economy (including households and banks). From the side of the credit risk modeling, additional
investigation should be made on a sounder creditworthiness assessment and on the possibility to simulate the
Exposure at Default (EAD) and Loss Given Default (LGD). The model lends itself to introduce three-stage
bucketing for adequate estimation of EL (Expected Loss) and UL (Unexpected Loss), so it will be interesting
to develop the method for these estimations.
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