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1 Introduction

In the aftermath of the �nancial crisis there has been a broad societal consensus to improve

�nancial regulation. Although di�erent actions have been taken worldwide - the Basel III

(2010) regulations, the Dodd-Frank Act and the creation of the European Systemic Risk

Board (ESRB) are the most important to be mentioned - doubts remain, whether these

actions have been su�cient, see for example Chappe and Semmler (2012) and Dullien

(2012). One of the relatively una�ected �elds are the risk management models particularly

linked to the �rst pillar of Basel II, which allows besides a standard approach the application

of the so-called internal model method (IMM). The idea behind this value-at-risk approach

was to install an e�ective risk calculation inside banks in�uencing daily business strategy

and creating an anchor for the supervision of the national controlling authorities. In the

end, this value determines an essential part of the regulatory capital which is destined to

back the di�erent risks.

Like in other areas of economics there is a huge demand for a turnaround in �nancial

market modeling in order to do justice to the mistakes initiating the recent crisis. Yet, one

could admit that at least in academic �nancial literature half of the distance is covered.

For instance Shiller (2003) already described a development `From e�cient market theory

to behavioral �nance'. Regrettably there is no parallel line within the risk management

models, where still the condition of no-arbitrage among other doubtable assumptions con-

tinues to govern. Although the limits of (no-)arbitrage are well discussed in literature, e.g.

compare Shleifer and Summers (1990) and Ritter (2003), the innovation in risk modeling

is taking place - if at all - very slowly. Besides the assumption of no-arbitrage, which has

its most popular application in the formula of Black and Scholes (1973), there are still hy-

potheses in the background of these models, which in the meantime can hardly be accepted

from an empirical point of view. Still, internal models of large banks are mainly driven by

the assumption that the logarithmic risk factors of their �nancial instruments more or less

follow a random walk. This kind of modeling is rooted in Fama (1970)'s e�cient-market

hypothesis proposing that at least all public available information is already captured by

current prices. Moreover, nothing else remains for tomorrow's prices but to assume that

the change of the underlying information is well enough assessed by a random disturbance.

Implicitly, this puts market prices close to a valuation which is mainly based on changes

in the fundamentals. The problem with this perspective is, as e.g. Lux (1998) points out,
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that observable �nancial market phenomena often do not coincide with the process of new

information. For instance, turbulent market periods, producing fat-tails in the distribution

of returns often cannot be explained su�ciently by a change in the fundamentals according

to the upcoming news about a company.

Another cornerstone of present risk modeling is the concept of rational expectations,

which directly approves a centered stochastic error term su�ciently describing the di�er-

ence between the representative agent's 1 expectation and the current equilibrium price.

The problem here is that the assumption of a centered disturbance or of complete informa-

tion or of perfect capital markets in general is just too simple. Davidson (1982) rejected the

rational expectation hypothesis on the grounds of non-ergodicity 2 and non-stationarity

which often can be found in economic time series. Although modern risk management

models do not directly fail to consider these properties 3 of a stochastic process, his anal-

ysis may be right in the sense that, based on the rational expectation hypothesis, there

is too much simplicity left. This, in particular, prevents these models from capturing the

systemic risk of turbulent markets.

Colander et al. (2009) provide an excellent analysis about the `the �nancial crisis and the

systemic failure of academic economics' which in their view was caused by `a misallocation

of research e�orts in economics.' The same seems to be true for the special �eld of risk

modeling although alternatives for �nancial market modeling have been around for some

time, see DeLong et al. (1990), Campbell and Kyle (1993) and Arthur et al. (1996) among

others. Nevertheless, their analysis, in which market participants partly follow rules of

thumb or market psychology, was widely ignored in risk management models although sta�

members with trading experience could have known better. Or in the words of Colander

et al. (2009, page 1):

We trace the deeper roots of this failure to the profession's insistence on con-

structing models that, by design, disregard the key elements driving outcomes

in real-world markets. The economics profession has failed in communicating

1At this point one could already start the discussion why it is not feasible to have more than one

type of agent in a model. In the literature, e.g. Kirman (1992), there are good reasons against a unique

representative agent. Thus it is plurality that lies at the heart of models with heterogeneous agents. The

presented one deals with three di�erent type of agent for each market.
2Note that the stochastic processes in the presented agent-based model are all time-in-homogeneous.
3Of course the Geometric Brownian Motion underlying the Black-Scholes formula contains a drift.
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the limitations, weaknesses, and even dangers of its preferred models to the

public.

The academic �nancial literature identi�es three basic directions addressing the above-

quoted weaknesses so that they are able to reproduce the so-called market anomalies 4:

• the econometric approach, in particular GARCH/FIGARCH models, see among oth-

ers Bollerslev et al. (1994) and Baillie et al. (1996)

• the geometric approach, in particular FRACTAL models, see among others Mandel-

brot and van Ness (1968) and Mandelbrot et al. (1997)

• the behavioral approach, in particular Agent-based Computational Economic models,

see among others Lux (1998) and Lux and Marchesi (2000)

At least the latter two items are rarely used for risk management although they provide

some useful intuition about the main factors producing the anomalies 5, whereas the �rst

one, while `capturing the time series properties of �nancial data by some stochastic model,

does not explain the underlying regularities', see Lux (1998, page 144). For simplicity

reasons the presented paper concentrates on the agent-based approach but the proposal

could, in general, encompass all the approaches within the regulatory framework so that

`model uncertainty . . . (can be) taken into account by applying more than a single model',

see Colander et al. (2009, page 6). At least we will be able to calculate the maximum

value-at-risk (VaR) out of the current IMM and the proposed agent-based model.

The inability of most of the present risk models to reproduce the so-called anomalies 6

also plays an important role 7 in the debate about whether steps taken towards a better

�nancial market regulation up to now are su�cient. In their penetrating analysis Horn

et al. (2009) reviewed the most important proposals for improving �nancial regulation:

(1) All risks of �nancial institutes should be captured by their balance sheets (and maybe

4Especially the phenomena of excess volatility and volatility clustering - both linked to the origination

of bubbles - have to be mentioned.
5A nice intuition for Mandelbrot et al. (1997)'s multifractal nature of trading hours is the notion that

in turbulent market periods `the clock is ticking faster.' The intuition provided by agent-based models will

be discussed in detail later on.
6In this context it might be more appropriate to speak about stylized facts, also see Pagan (1996).
7There might be exemptions with special Lévy alpha-stable distributions or jump processes but here

again everything is true what has been said so far about GARCH models.
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even more importantly by their risk management 8) and all of them should be secured by

regulatory capital. (2) In general there should be a certain minimum regulatory capital to

ensure against the risk of crises. Regulatory capital required by the regulatory authority

should be designed in a countercyclical manner. (3) Risk management models of the

�nancial institutes should also cover the systemic risk. (4) The biggest part of trading on

derivatives markets should take place under a better control of banks and exchanges. All

these proposals also �t to an examination by Alexander et al. (2012) who �nd evidence

that `the Basel framework allows banks to take substantive tail risk in their trading books

without a capital requirement penalty.'

On the one hand, the new regulatory framework by the Basel Committee on Banking

Supervision (2010), Basel III, tries to draw lessons from the �nancial crisis by changing

the assignment of what is accepted as regulatory capital 9. On the other hand, it can be

criticized that to little is done to improve the concrete risk management models linked to

the �rst pillar of Basel II. Systemic risk should be accounted for at a point, where risks

are really quanti�ed, namely in the VaR approaches for market, credit and operational

risk instead of shifting it towards the more abstract rules of the second pillar. This is the

starting point for the paper at hand and it will be shown that many of the proposals for

improving �nancial regulation, as summarized above from Horn et al. (2009), are re�ected

in the results of the agent-based simulations.

This paper contributes to the literature by accommodating the idea of agent-based

computation to the existing regulatory framework. For this purpose of risk calculation a

modi�ed version of the model Lux and Marchesi (2000)-model is developed. Extensions

are two-sided. On the one hand, measures are taken to reduce the in�uence of calibration

and to put the agent-based simulations closer to observable data. This enables the model

to work within the Basel framework, where the last 250 realizations of the risk factors shall

be taken into account. On the other hand, the model is extended to include the derivatives

market, which shows that the approach is not limited to the stock market (or even to

assess market risk 10). Furthermore, this extension reveals a key ratio of the derivatives

market which in the future, if monitored by national controlling authorities, may lower the

8There is an ongoing discussion about the di�erent choices in the (international) accounting standards

and the strict date reference of the balance sheet, which both weakens the ability to pose risks correctly.
9In particular higher core capital quota are required and countercyclical bu�ers are created.

10For example, it is not always clear whether credit derivatives belong to the class of credit or market

risks generating instruments.
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in�uence of speculative derivatives trading. The remainder of this paper is structured as

follows. Section 2 brie�y discusses stylized facts observable on �nancial markets. Section

3 reviews a typical risk calculation according to the IMM - both for stock and derivatives

markets - and presents the simulation results. Section 4 develops an agent-based model

for market risk calculation - again for both markets - and provides the results. Section 5

deduces policy implications from the previous results. Section 6 �nally concludes.

2 Anomalies or Stylized Facts ?

Figure 1 presents the stock price returns of two di�erent samples - one before and one during

the recent �nancial crisis. Both are part of the presented risk calculation, where for our

�ndings the exact temporal delimitation is of secondary importance. What immediately

attracts the attention in the sub-�gure on the left are the peaks of the new economy and of

last crisis' bubble 11. Illustrated on the right we �nd periods, where weak market-e�ciency

could hold (upper right) and where not (lower right). Additionally, excess volatility is only

striking at the beginning and at the end 12 of the lower right sample interrupted by a

relatively calm market period. Summarizing one can speak about volatility clustering.

It is remarkable how matter-of-factly much of the literature uses the terms anomaly or

curiosa to describe the above-mentioned empirical facts - just as if market-e�ciency and

no-arbitrage phases were the only natural state of �nancial markets. In contrast, Pagan

(1996) in his seminal contribution paints a complete picture, where (for univariate �nancial

series) he examines the questions of (1) stationarity, (2) independent distributions over time

(which is linked to non-linear modeling and volatility cluster), (3) the existence of moments

and of (4) normally distributed returns (which both are linked to excess volatility). The

permanent change between calm and turbulent market periods also �ts the analysis of

Chen et al. (2001, page 1) who �nd that `explicit tests for non-linearity and dependence

also give very unstable results in that both acceptance and strong rejection of IIDness can

be found in di�erent realizations.'

11Of course both bubbles di�er in what was cause and what e�ect in each case. Nevertheless, in the

light of their absolute level they seem to be comparable to each other and, although the paper at hand

concentrates on the �nancial crisis, we want to mention the new economy bubble to emphasize the fact

that bubbles are recurring phenomena.
12Lehman Brothers declared bankruptcy in September 2008.
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Figure 1: Stock prices and stock price returns for di�erent samples re�ecting the phenom-

ena of excess volatility and volatility clustering - both often linked to bubbles.

Finally Lakonishok et al. (2007) ascertain that at least for the less sophisticated option

traders a special behavior can be observed in bubble times. All this leads to one conclusion:

It is time for the so-called anomalies to enter the world of risk management models.

3 The Internal Model Method (IMM)

3.1 Stock Market

3.1.1 Model

The models introduced by Black and Scholes (1973) as well as Merton (1973) assume perfect

and complete capital markets. In particular, this includes homogeneous expectations and

rational behavior, no transaction costs 13, no short-selling constraints 14 and consequently

no arbitrage. Moreover the underlying asset is assumed to follow the Geometric Brownian

Motion, i.e.

dS (t) = µ̃S (t) dt+ σS (t) dW (t) , dW (t) ∼ N (0, dt) . (1)

By Ito's lemma we have

ln (S (t)) = ln (S0) + µt+ σ
√
tε, t > 0, µ̃ = µ+

σ2

2
. (2)

13The agent-based approach (ABA) neither considers transaction costs directly. But one of the most

discussed implications of existing transaction costs in literature is that markets are no longer arbitrage-free.

And this is certainly considered with the ABA.
14In the aftermath of the �nancial and the European sovereign-debt crisis several nations at least partly

banned short selling in their �nancial markets.
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3.1.2 Risk Factors and Simulation Results

Simulation before the Crisis for stock A1EWWW

Figure 2: Simulated price paths (top left),

the corresponding returns (bottom left) and

the average price path re�ecting the drift

(top right) according to the IMM, where drift

(0.0011) and di�usion (0.0131) parameters

are based on the sample 2007M1-2007M12.

Here the IMM results in a VaR equal to -1.70.

In equations (1) and (2) µ̃ denotes the drift parameter, ε a standard normal random

variable, µ the average of the empirical returns and σ the di�usion parameter or volatility.

The latter two are taken from the observable market prices of the last 250 trading days. The

only risk factor here is the stock itself. Its uncertainty is captured by the Wiener process

W . For each risk calculation in this paper 50000 simulations are taken into account. Here

this means that 200 price paths are produced, where one path lasts for one trading year

(250 trading days) according to the Basel framework. Then the value-at-risk (VaR) can

be calculated

Ê
(
V aRi

0.99

)
=

1

200

200∑
i=1

dqi0.01e (dSt) , (3)
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Simulation in the Crisis for stock A1EWWW

Figure 3: Simulated price paths (top left),

the corresponding returns (bottom left) and

the average price path re�ecting the drift (top

right) according to the IMM, where drift (-

0.0025) and di�usion (0.0304) parameters are

based on the sample 2008M1-2008M12. Here

the IMM results in a V aR equal to −1.65.

where qi0.01 (dSt) stands for the 1% quantile of the stock price di�erences of the i-th path

so that 99% out of all daily losses will not exceed the VaR.

For the presented �gures an arbitrary stock in the German stock index DAX was chosen

15. Figure 2 illustrates the results for a point in time before the last crisis had started and

�gure 3 for a point in time after the last crisis had started. The average price paths for the

di�erent points in time re�ect bearish and bullish markets. At �rst glance the change of the

VaR from −1.70 (before the crisis) to −1.65 (during the crisis) does not look exceptionally

pro-cyclical. However, when considering the base level (initial prices), the VaR before the

crisis comparatively seems to be too low. The reason is that the VaR is de�ned as the

quantile of the absolute, not of the relative price changes.

15MATLAB code for both the IMM and the ABA is available on request so that risk calculation for all

the stocks in the index can be executed. Section 5 contains the VaR results for two more assets.

8



3.2 Derivatives Market

3.2.1 Model and Risk Factors

The models by Black and Scholes (1973) as well as Merton (1973) deliver (European) call

and put prices. In the case of call options and for S = S (t) > 0, 0 ≤ t < T we have

C (S, t) = SΦ (d1)−K exp (−r (T − t)) Φ (d2)

C (0, t) = 0, C (S, t) ∼ S for S →∞, C (S, T ) = (S −K)+

d1 =
ln (S 6 K) +

(
r + σ2/2

)
(T − t)

σ
√
T − t

, d2 = d1 − σ
√
T − t,

(4)

where Φ stands for the normal cumulative density function. The underlying assumptions

(and, according to the introduction, weaknesses) are the same as in the previous section.

In this paper we only deal with call options 16 but the basic ideas could also be applied

to other derivatives - including interest and credit derivatives for which realizations of the

risk factors are observable on a market. Hence, on a large scale the call options can be

taken as representatives of derivatives market in general.

W.l.o.g. we choose the above mentioned stock as the underlying and an arbitrary strike

price K at the money 17. A view to equation (4) reveals the risk factors, which are the

stock S (generated by the Wiener process), the interest rate r and the volatility σ. To

pose interest rate risk and volatility risk we refer to historical values. 18 In practice

the acceptance of di�erent computation methods depends on the judgment of the national

regulatory authorities - in Germany BAFIN and Deutsche Bundesbank - but the procedure

here can be viewed as a widely-used one. This time the decline in value-at-risk from −2.33

(before the crisis) to −1.04 (during the crisis) can be described as almost counter-cyclical.

Nevertheless, also in this case it is not possible to �nd the anomalies 19mentioned in the

introduction. Therefore the results are too smooth.

16Models can be extended to include dividend payments.
17Note that the small distance between initial and strike price is the same for both the IMM and ABA.
18Interest rates are taken from the one-month EURIBOR and the volatility is conservatively approxi-

mated by the one-percent quantile of the VDAX NEW implicit volatility index which is also linked to an

one-month maturity.
19Sometimes it is argued that there are less knocking outs observable on option than on stock markets.

On the one hand this adjoins a self-ful�lling prophecy if anybody is exclusively using Black-Scholes formula

for his trading decision. On the other hand this leads to the fact that risk management models do not

simulate the feedback e�ect between the markets. Compare section 5.2.
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3.2.2 Simulation Results

Simulation before and the Crisis for a call on A1EWWW

Figure 4: Simulated option price paths

(top left), the corresponding returns (bot-

tom left) and the average price path re�ect-

ing the time value (top right). The IMM

uses Black-Scholes formula, where volatility ∈
[0.134, 0.314], interest ∈ [0.0417, 0.0495] and

stock prices are based on the sample 2007M1-

2007M12. This results in a V aR = −2.33.

Simulation in the Crisis for a call on A1EWWW

Figure 5: Simulated option price paths

(top left), the corresponding returns (bot-

tom left) and the average price path re�ect-

ing the time value (top right). The IMM

uses Black-Scholes formula, where volatility ∈
[0.173, 0.832], interest ∈ [0.0260, 0.0361] and

stock prices are based on the sample 2008M1-

2008M12. This results in a V aR = −1.04.
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4 The Agent-Based Approach (ABA)

4.1 Stock Market

4.1.1 Agents and their Dynamics

What lies at the heart of the model by Lux (1998), Lux and Marchesi (2000) are three

di�erent classes 20 of agents: (1) optimistic noise traders (+), who want to buy the stock

out of a motivation that has to be clari�ed hereinafter. (2) pessimistic noise traders (-),

who want to sell the stock out of a motivation just opposite to the previous one. (3)

fundamental traders (f), who want to make money by arbitrage between the market price

and a fundamental price which also has to be clari�ed hereinafter. At each point in trading

time the agents interact and decide whether to stay or to change the class.

For the purpose of risk calculation according to the Basel framework the design by

Lux and Marchesi (2000) has been remodeled in several ways. That is why there is no

alternative than to review the model in principle. As a �rst stage the agents' dynamics

are described. These dynamics are driven by rules of thumb or behavioral rules, which

simultaneously represent the main risk factors of the model. Subordinated risk factors

cause the �uctuations of the fundamental price. The transition process describing the

agents' dynamics is assumed to follow a �rst order inhomogeneous Markov chain, which

has a uniform starting distribution and whose transition matrix looks like
1− πt+− − πt+f πt+− πt+f

πt−+ 1− πt−+ − πt−f πt−f

πtf+ πtf− 1− πtf+ − πtf−

 . (5)

We will discuss two of the transition probabilities in detail and refer to Lux and Marchesi

(2000) for the rest. The �rst one is the transition within the noise traders (n) - here from

the optimist to the pessimist:

πt+− = min

v1 nnt
N︸︷︷︸
(1)

exp

−
a1 n

+
t − n

−
t

nnt︸ ︷︷ ︸
(2)

+a2
p′ (t)

p (t)︸ ︷︷ ︸
(3)


 , 1

 . (6)

20We explicitly refer to class in terms of set theory.
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In equation (6) three di�erent in�uencing factors are emphasized: (1) denotes the probabil-

ity of meeting another noise trader. Thereby, the denominator N stands for the constant

number of market participants in the model. (2) denotes the impact of herding behavior.

In the case of a lower number of optimists this will reinforce the change to the pessimists'

class. (3) denotes the impact of extrapolating the actual trend. Here a positive price

derivative will damp the change to the pessimists' class. a1 = 1−a2 controls the weighting
between majority opinion and actual trend. We choose a uniform weighting due to the lack

of information that any other weighting would be more appropriate. v1 = 1 − v2 sets the

frequency of revaluation among traders meeting each other - here among noise traders. v2

is used for the case that a noise trader meets a fundamentalist and vice versa. We choose

slightly di�erent values (v1 = 0.6, v2 = 0.4) because we assume the interaction process

in the �rst case to be faster than in the second. The reason therefore is that noise and

fundamental traders in principle believe in di�erent investment strategies 21 and it takes

some time to get to know the other side before one can opt for a change.

The second transition probability described here is responsible for the change from the

pessimistic agents' class to the fundamental one:

πt−f = min

v2
nft
N︸︷︷︸
(1)

exp

−at,e3
R−

dt + 1
v2
p′ (t)

p (t)︸ ︷︷ ︸
(2)

−

∣∣∣∣∣ pft − p (t)

p (t) (1 + r̂M )

∣∣∣∣∣︸ ︷︷ ︸
(3)



 , 1

 . (7)

Again the dynamics are restricted to three factors: (1) denotes the probability of meeting

a fundamentalist. (2) denotes the return of a pessimist, which itself consists of the return

of an alternative investment (R) less the return of the stock 22. The pessimist extrapolates

the actual trend, which - if negative - encourages him to sell. (3) denotes the return

of a fundamentalist and corresponds to the discounted pro�t of arbitrage between the

fundamental price pf and the market price p. Altogether a change is motivated by the

comparison of the returns, where in addition at,e3 measures the traders' reaction on the

return di�erences. When looking for dynamics of this reaction, adaptive expectations tell

us

at,e3 = at−1,e3 + λ
(
at−13 − at−1,e3

)
, a1,e3

.
= 1, (8)

21Fundamental traders basically believe in e�cient-market hypothesis. Noise traders for instance can be

thought of being chartists.
22d stands for the dividend.
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where we treat the second part as a forecast error with εa3t ∼ N
(

0, (U [0, 0.01])2
)
. The

small standard deviation 23 ensures that the reaction on return di�erences is kept in a real-

istic range, e.g. ]0, 2] can either mean that the di�erence in returns almost does not matter

or that its importance is doubled. Modeling at,e3 in the way mentioned above opens space

for interpretation instead of arbitrarily setting the parameter unequal to 1, as it is partly

done in Lux and Marchesi (2000). For instance let us consider the change from a noise

trader to a fundamentalist: Firstly if at,e3 > 1, then the change is reinforced. This might

re�ect adaptive learning. Noise traders might be keen on (neoclassical) �nance (literature).

Secondly if at,e3 < 1, the change is weakened. Noise traders might be overcon�dent with

respect to their investment strategy and remain unchanged, e.g. see Alicke and Govorun

(2005).

So far, we covered the agents' dynamics. Missing parts are the fundamental price and

the question of how the agents' dynamics are transferred into a market price. But before

dealing with these issues in detail it is worth to highlight the trading time underlying the

price process. In fact the model uses discrete time linked to intraday trading. Each and

every twelve minutes 24 trading takes place, the agents decide to which class they want to

belong and stock prices are updated.

4.1.2 Fundamental Price Process

In principle the fundamental price is originated from a discounted cash�ow model and

in analogy to neoclassical economics the �uctuations emerge from shocks of the (in�nite)

dividend cash�ow and the corporate growth rate. Fundamental traders use this price to

recognize arbitrage opportunities. In contrast to Lux and Marchesi (2000) in this paper

we utilize the Capital Asset Price Model (CAPM) and Gordon's formula to compute the

fundamental price, which both can be aligned with the rational-expectation and e�cient-

market hypotheses mentioned in the introduction. From the perspective of a modeler

this does not mean to conceal all the empirical doubts which arose over the years with

these models, but just to assume that there are market participants who really believe in

them 25. Precisely they believe that market prices sooner or later converge to their results.

Otherwise it would not make sense to employ them for the search of arbitrage opportunities.

23U denotes here the drawing of uniformly distributed random numbers within the interval.
24We count 8 hours for a trading day. Hence an elementary time unit is equal to 0.025 trading days.
25In view of �nance lessons at universities this should not be too unrealistic.
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Moreover these models allow for an automatized determination of the fundamental price.

When looking back to the transition probability in equation (7), the requirement to

determine R and r̂M becomes obvious. While selecting a stock index as the `market

portfolio' (M) 26, the CAPM computes individual β-factors and risk free rates by

β̂i =
cov (r̂M , r̂i)

σ2M
, r̂if =

r̂M β̂i − r̂i
β̂i − 1

, i = 1, . . . , 30. (9)

Then the average of the risk free rates is selected to stand for the return of the (risk free)

alternative, i.e.

R : =
1

n

n∑
i

r̂if , n = 30. (10)

Simultaneously the return of the market portfolio is chosen as the relevant discount rate

for arbitrage activity. 27 Moreover (1− b) stands for the observable payout ratio per share
and dt = (1− b) gt for the dividend per share. As mentioned before we add shocks to the

pro�ts per share (g) and to the core growth rate (cg) of the company value 28, i.e.

gt = g1 + εgt

cgt = cg1 + εcgt .
(11)

Finally Gordon's formula, basically the in�nite geometric series, delivers the fundamental

price by

pft =
gt (1− b)
R− b cgt

. (12)

Campbell and Kyle (1993) call their fundamental traders `smart money', since they de�-

nitely use more sophisticated models than the noise traders. But in general this does not

guarantee them better returns. Despite their supposed superiority there is much evidence

that in periods with strong price gains or losses they give up their position to follow the

trend and become noise traders, see Shleifer and Summers (1990).

4.1.3 Market Price Process

So far, the number of agents in each trading class and for each point in time is calculated.

Now the question arises what conclusions to the market price can be drawn from this. Lux

26As mentioned before data for all stocks linked to the DAX is loaded for the agent-based risk calculation.
27Because of the well-known risk that the trader fails to make pro�t by arbitrage this rate should be

higher than the risk free rate.
28σg and σcg are intuitively set to 1 cent respectively to 100 basis points since we do not know any

better.
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and Marchesi (2000) de�ne the (expected) excess demand ((E)ED) of noise traders by

EEDn
t =

(
n+t − n

−
t

)
volmod. (13)

Thus, in the case of a majority of optimists versus pessimists, the EED will be positive,

otherwise negative. Simultaneously, the excess demand corresponds to the di�erence be-

tween the noise trader groups weighted by an average trading volume per transaction. The

expected excess demand generated by fundamentalists is then de�ned by

EEDf
t =

pft − p (t)

p (t)
nft volmod. (14)

Here a higher fundamental than observable price is an incentive for the `smart money'

trader to buy, otherwise to sell. This incentive is divided by the current market price to

form a fraction of the fundamentalists' class as a whole. 29 This subset weighted again by

the average trading volume per transaction corresponds to their expected excess demand.

The trading volume plays an important role in keeping simulated prices in a realistic

range. 30 Instead of direct calibration like Lux and Marchesi (2000) we try to derive the

trading volume of the model (volmod) from observable XETRA data (volobs).
31 Therefore

we employ the following OLS regression

volmod = βcap (volobs, N, p1) + u, where cap :=

(
1

volobs

)(
1

p(1)

)
N

(
1

volobs

)
. (15)

Note that - besides the observable trading volume - the regressor cap also considers the

current market price and number of market participants in the model. Reasons for this are

as follows: The higher the real-world average trading volume (per transaction) the more

di�cult it is for the model to reproduce this. The higher the real-world price level the lower

tends the real-world average trading volume to be. The higher the number of participants

in the model the easier it is for the model to reproduce a higher trading volume. Of course,

it is di�cult to �nd an ultimate functional form for the interdependences mentioned above,

but the presented one at least delivers an acceptable �t, see �gure 6.

29A possible explanation is that the rest of the fundamental traders could clear their transactions or is

not willing to trade at all.
30On the one hand future risk management models should consider the systemic risk of bubbles. On

the other hand risk management practice requires models which do not produce astronomical prices. Note

that �gure 10 illustrates the extremest outcome of our model. If one still considers this as unrealistic, the

results could be treated as outliers and replaced by the next simulation.
31This data is loaded from www.ariva.de.
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Figure 6: Actual and �tted model trading volumes (per transaction) for the DAX portfolio.

Actual values are produced by the rule that existing bubbles should be kept in a realistic

range, i.e. p (t) ∈ [0, 2p (1)]∀t. The adjusted R2 is equal to 0.46.

The total expected excess demand for a certain point in time is then given by

EEDt = EEDn
t + EEDf

t . (16)

It will be readily apparent, why we in contrast to Lux (1998) explicitly refer to an expecta-

tion. Concerning this matter, it is assumed that the stock price follows an inhomogeneous

Poisson process, i.e. the number of jumps between t and t+ 1 is Poisson distributed:

P (#{jumps}t = k) = exp (− |EED|t)
|EED|kt

k!
, k ∈ N0, (17)

where the intensity is equal to the total expected excess demand and each jump is linked to

a price increase or decrease of 1 cent. In fact this forms a relatively elegant way to transfer

the agents' dynamics into price dynamics. Instead of the presented Poisson process Lux

and Marchesi (2000) use the following probabilities for a binary decision problem:

π↑ p = max (0, β (ED + µ)) , π↓ p = −min (0, β (ED + µ)) . (18)

The main reason, why to change this, was not the additional stochastic term µ (money

maker), but the additional calibration that would be necessary for β. Instead, by just

determining the expectation, but not the realization of #{jumps} the Poisson process

allows to cover di�erent grades of optimism and pessimism. In the next section we turn

to the simulations generated by the presented methodology. What we will �nd there are

reasonable values-at-risk which should be used to supplement the regulatory framework.
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4.1.4 Risk Factors and Simulation Results

Simulation before the Crisis for stock A1EWWW
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25 Figure 7: Simulated price paths (top left),

the corresponding returns (bottom left) and

the average price path (top right) re�ecting

the origination of a bubble in one of the ABA

simulations. In contrast to the IMM based on

the sample 2007M1-2007M12 the ABA also

uses data describing the agents' interaction,

e.g. a trading volume in the amount of 2.9.

Overall the ABA results in a V aR = −3.04.

First, this section repeats the data loaded to calculate the agent-based values-at-risk of the

stock market. Beside the stock prices from the last 250 trading days, which were also used

in the case of the IMM, these are dividend payout ratios, pro�ts per share and trading

volumes. Again we run 50000 simulations which now equals 5 times 10000 elementary

time units. Because of allowing for intraday trading these elementary time units just cor-

respond to one trading year. Thus, while the number of simulations is the same as in

the case of the IMM, the agent-based value-at-risk is based on a much lower number of

price paths 32. Hence the agent-based VaR is calculated by V̂ aR = 1
5

∑5
i=1dqi0.01e (dSt).

32Certainly, this leaves room for future extensions. The reason why we decided for the same number of

simulations instead of price paths is just the visibly longer running time in the second case.
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Simulation before the Crisis for stock A1EWWW
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Figure 8: Agents' dynamics for one of the simulated price paths, namely for the one that

embodies the origination of a bubble. By averaging, parts of the corresponding systemic

risk enter into the agent-based V aR. The top left �gure plots the dynamics for the stock

market fundamental trader, the top right for the optimistic noise trader and the bottom

right for the pessimistic noise trader, while the number of all market participants equals

N = 1000. The bottom left displays the returns of the so-called fundamental price process.

Basically the VaR computation in the case of the ABA is closely related to a potential

bubble or at least the phenomena of excess volatility and volatility clustering. This is fully

intended, since if these phenomena can occur in real-world trading indeed, their occurrence

should also be simulated. While referring to DeGrauwe et al. (1993),
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Simulation in the Crisis for stock A1EWWW
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200 Figure 9: Simulated price paths (top left),

the corresponding returns (bottom left) and

the average price path (top right) re�ecting

the origination of a bubble in two of the ABA

simulations. In contrast to the IMM based on

the sample 2008M1-2008M12 the ABA also

uses data describing the agents' interaction,

e.g. a trading volume in the amount of 2.0.

Overall the ABA results in a V aR = −4.29.

who were among the �rst to model exchange rates based on chaotic attractors, Lux (1998),

page 145, explains the underlying mechanism of the agent-based �nancial market:

`The key mechanisms of [such] models are the following: (1) chartists' positive

feedback reaction destabilizes the equilibrium in which price equals fundamen-

tal value, (2) an increasing strength of the fundamentalists' reaction upon dif-

ferences between actual market price and fundamental value keeps in check the

otherwise unstable oscillations.'

In other words, markets do not always tend to turbulences, but again and again.
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Simulation in the Crisis for stock A1EWWW
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Figure 10: Agents' dynamics for one of the simulated stock price paths, namely for the one

re�ecting the extremest outcome of all the presented simulations with the ABA model. For

the meaning of each sub-�gure compare the caption of �gure 8. Note that not each agent-

based price path produces a bubble which truly re�ects the fact that market-e�ciency in

general, but not automatically for a short-term sub-period is a fallacious hypothesis.

Exactly this is re�ected in the results of �gures 7 - 10. In the simulations for the time

before the crisis one path with price anomaly can be found, in the simulations for the time

during the crisis even two. As previously mentioned, the latter case illustrates extreme

results compared to the outcome of all other simulations. 33 Nevertheless, we do not treat

this speci�c outcome as an outlier, because it shows that all in all the trade-o� between

33One of the simulated price paths even snaps o�.
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the consideration of anomalies and non-astronomical prices is achieved very well in the

presented model. At least the average price path from the respective simulations (upper

right sub-�gure of �gure 9) completely moves within a realistic range and still the majority

of simulated price paths describes a relatively calm (or e�cient) market.

The increase in VaR from −3.04 (before the crisis) to −4.29 (in the crisis) is also due to

the fact that the number of price paths with anomalies increases. Thus we do not obtain

a counter-cyclical development in contrast to the other two assets, for which VaR results

can be looked up in table 1. 34 However, VaR results are at a signi�cantly higher level

than with the IMM. In the important case of the time before the crisis the agent-based

value-at-risk - if already imbedded into the regulatory framework - would have caused a

closer alignment of business strategy.

4.2 Derivatives Market

4.2.1 Agents and their Dynamics

As already set out in section 3 throughout this paper derivatives markets are reduced

to European call options. For the extension of the Lux (1998)-model to the derivatives

market we also refer to three di�erent types of agents: (1) derivatives long noise traders

(dl), who expect to bene�t from a long call position. (2) derivatives short noise traders

(ds), who expect to bene�t from a short call position. (3) derivatives fundamentalists, who

want to make money by arbitrage. Furthermore, for the purpose of risk calculation we

introduce three other variables: Let frac denote the fraction of market participants who

trade derivatives alongside equities. 35 Moreover let Tcall stand for the maturity of the

contract (30 days). Finally a systemic hedge ratio h is introduced. This indicates the

fraction of derivatives contracts used for the purpose of hedging. In other words these are

covered call positions. We will analyze two possible cases h = 0.25 and h = 0.75 and argue

that this key ratio should be monitored by the regulatory authorities in the future.

On the one hand a derivatives long noise trader can be an optimist concerning the

underlying asset. Hence he uses the derivative for additional speculation. On the other

hand a derivatives long noise trader can be a pessimist, when it comes to the underlying.

34Note that a decline of the average trading volume per transaction in the model from 2.9 to 2.0 �ts

quite well to the real-world behavior from before to during the crisis.
35W.l.o.g. frac is set equal to 20 %. h should always be related to a certain underlying.
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In this case he uses the derivative to hedge his position. Thus the overall result for the

�rst type of agent is given by

#{dl}t = frac (1− h)n+t + frac h n−t . (19)

This means that the number of derivatives long noise traders mainly depends on the number

of optimists and pessimists in the underlying market (and thus implicitly on all rules of

thumb installed there) as well as on the `systemic hedge ratio', which here is assumed to

be time-invariant.

Similarly, a derivatives short noise trader can either be a pessimist or an optimist

concerning the underlying asset. In the �rst case he uses the call option for additional

speculation and aims at the option premium. In the second he hedges his position to the

extent of the option premium. Thus the overall number of derivatives short noise traders

is given by:

#{ds}t = frac (1− h)n−t + frac h n+t . (20)

Again, the number of agents can be traced back to the number of optimists and pessimists

in the underlying market, to their rules of behavior and to the `systemic hedge ratio'. Hence

also the risk factors of the underlying market, in particular situations, where the interaction

of the agents leads to price im- and explosions, are taken into account. Nevertheless, other

risk factors known from the IMM, like equity price, volatility and interest rate risk are

not neglected, because derivatives fundamental traders still use the Black-Scholes formula

to detect arbitrage opportunities. From the dynamics of the other types of agents it is

straightforward to obtain the number of derivatives fundamental traders:

#{df}t = frac N − (#{dl}t + #{ds}t) . (21)

Note that the selected design is geared to the dimensions of option trading as they are

described by Lakonishok et al. (2007) in their comprehensive exploration of investor be-

havior in the option market. On the one hand, it is distinguished between long and short

positions. On the other hand, the purpose of investment - hedging or speculating - is taken

into account directly. Finally some of their results point towards trend-chasing, which,

based on the majority opinion in the underlying market, is also integrated in the model.

Before turning to option prices derived from the agents' dynamics, it is necessary to

explain how many contracts the VaR computation in the option market includes. 36 Like

36W.l.o.g. we assume an exchange ratio of 1:1 but this has nothing to do with the portfolio one is inter-
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in the stock market this paper considers risk from only one asset in the derivatives market,

i.e. from one call option. In the case of the stock, price paths of 250 trading days in

line with the Basel framework have been simulated, while the call option matures after

30 days. That is why an arbitrary point in time has to be chosen, where the call starts

to run. 37 It could be recommended that it would be more advantageous to consider

a revolving portfolio of options. However, we decide in favor of simpli�cation since the

presented design should already clarify that the IMM neglects parts of the systemic risk

the agent-based model is able to capture - independent on what market one trades.38

4.2.2 Fundamental and Market Price Process

After knowing the agents' dynamics and the transformation process in the stock market,

it is straightforward to determine the expected excess demand in the option market. Here

the EED of noise traders is de�ned by

EEDnc
t = (#{dl} −#{ds}) volmod. (22)

Again fundamentalists start trading, if they recognize arbitrage opportunities. Thus the

expected excess demand generated by the derivatives fundamental traders looks similar to

equation (14):

EEDfc
t =

cft − c (t)

c (t) (1 + r̂M )
#{df}volmod. (23)

As previously mentioned the fundamental call price cf is determined by the Black-Scholes

formula. Out of construction the special case of h = 0.5 leads to an identical number of

derivatives long and short noise traders. That is why in this case the call price is mainly

driven by Black-Scholes formula and depends on the market price of the agent-based model

and its other risk factors. 39 But, in order to emphasize the impact of requiring a minimum

level, we concentrate on h = 0.25 and h = 0.75. Depending on the underlying it is hard to

say that these numbers are far from reality.

ested in. One reason for the selected design is that we do not have to deal with the missing subadditivity

of the VaR.
37In fact this explains slightly di�erent starting values. But note that the number of simulations is equal

to 50000 for each asset - independent on what market one trades.
38In practice, the question would not arise since risks from all �nancial instruments at least of the trading

book have to be simulated.
39Volatilities and interest rates are the same as in the case of the IMM.
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4.2.3 Feedback

It is a matter of common knowledge that derivatives do not only represent risky investments

in their own market, but can also produce a risk increasing feedback on the underlying

market. Otherwise the fear of the so-called triple witching hour, where simultaneously

three kinds of derivatives expire, would be unfounded. Regrettably such spillover-e�ects

are usually only considered with stress-tests. We will argue that it is possible to include

the spill-over e�ect into the risk calculating model. At this juncture the systemic hedge

ratio plays an important role.

In our model, feedback to the underlying is determined by the �nal payo� C (T ) =

max (S −K, 0). Hence we di�er two possible cases. First

(S −K)+ > 0. (24)

From risk management perspective, the most relevant feedback is cyclical. Equation (24)

reveals a bullish market. Additional demand arises when the speculative part of derivatives

short traders have to deliver the stock they do not own - similar to a situation arising from

short-selling the underlying. This leads to an additional excess demand in the amount of

EEDcall→stock
Tcall

=

(
frac (1− h)n−

T−
call

+

(
EEDfc

T−
call

))
. (25)

In the second case the option will not be exercised, i.e.

(S −K)+ = 0. (26)

Again, the most relevant feedback is cyclical. Equation (26) reveals a bearish market. Less

demand arises when the speculative part of derivatives long traders have to sell stocks in

order to rebalance their budget. Note the asymmetry of the payo� function. Thus losses

only arise to the extent of the option premium. This leads to a lower excess demand 40 in

the amount of

EEDcall→stock
Tcall

= −c (t = 1)

p (Tcall)

(
frac (1− h)n+

T−
call

+

(
EEDdf

T−
call

))
. (27)

Summing up, the total expected excess demand of the stock in Tcall is then given by

EEDTcall
= EEDn

Tcall
+ EEDf

Tcall
+ EEDcall→stock

Tcall
. (28)

40Under certain conditions - in a concrete manner, if the Black-Scholes formula anticipates the �nal

payo� very well - the derivative fundamental trader can lower the spill-over e�ect. But again this shows

the limits of arbitrage, since it does not always work.
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Overall, this captures the realistic fact that derivatives can amplify turbulences on the

underlying market. The crucial point is: The lower the systemic hedge ratio, the higher

the spill-over e�ect can be.

4.2.4 Risk Factors and Simulation Results

Like in the stock market, main risk factors arise from the interaction of the agents, es-

pecially when behavioral rules, such as the extrapolation of the actual trend or herding

behavior, lead to price im- and explosions (bubbles). The fact that the same can also

happen in the option market is well described by Lakonishok et al. (2007). Subordinated

risk factors are linked to the fundamental price process. These are the ones captured by

the Black-Scholes formula.

Figures 11 - 14 show the results of agent-based risk calculation in the option market. In

the simulation for the time before the crisis no remarkable anomaly can be found, in the

simulation for the time during the crisis this concerns two price paths. As a basic principle

of our model, agents involved in the option market are also dealing with stocks. 41 Thus

it is not surprising that we �nd similar results:

For the asset presented in this section the increase in VaR from −4.06 (before the crisis)

to −4.70 (during the crisis) is due to the fact that the number of price paths with anomalies

increases. Hence we do not obtain a counter-cyclical development in contrast to the other

two assets, for which VaR results can be looked up in table 1. Once again, VaR results are

at a signi�cantly higher level than with the IMM. In the important case of the time before

the crisis the agent-based value-at-risk - if already imbedded into the regulatory framework

- would have caused a closer alignment of business strategy.

When looking at the di�erent price paths, one can also draw similar conclusions about

the validity of the e�cient-market hypothesis as in section 4.1. Not each, but several price

paths produce a bubble which truely re�ects the fact that market-e�ciency in general, but

not automatically for a short-term sub-period is a fallacious hypothesis.

41Note that the simulations for both markets interact.
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Simulation before the Crisis for a call on A1EWWW
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Figure 11: Simulated option price paths (top

left), the corresponding returns (bottom left)

and the average path (top right) based on the

sample 2007M1-2007M12 as well as on a 30

days maturity. In none of the �ve ABA sim-

ulations a bubble arises. Volatilities and in-

terest rates are the same as in the case of the

IMM. The ABA results in a V aR = −4.06
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Simulation before the Crisis for a call on A1EWWW
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Figure 12: Agents' dynamics for one of the simulated price paths. As illustrated in �gure

11 none of the ABA simulations produced a bubble. In this case, the returns of the

fundamental price process (lower left sub-�gure) look quite similar to the ones of the

market price process (lower left sub-�gure, �gure 11). Similar regularities can be found in

the top left sub-�gure for the dynamics of the derivatives fundamentalist, in the top right

for the derivatives long noise and in the bottom right for the derivatives short noise trader.
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Simulation in the Crisis for a call on A1EWWW
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left), the corresponding returns (bottom left)

and the average path (top right) re�ecting the

origination of a bubble in two of the ABA

simulations. As in the case of the IMM,

simulations are based on sample 2008M1-

2008M12, on a 30 days maturity and on the

same volatilities and interest rates. Overall

the ABA results in a V aR = −4.70.
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Figure 14: Agents' dynamics for one of the simulated option price paths, namely the one

that embodies the origination of one of the bubbles mentioned in �gure 13. For the meaning

of each sub-�gure compare the caption of �gure 12. Note again that not each agent-based

price path produces a bubble which truely re�ects the fact that market-e�ciency in general,

but not automatically for a short-term sub-period is a fallacious hypothesis.
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5 Policy Implications

5.1 Capital Requirements

Table 1 summarizes the values-at-risk of the previous sections and adds results for two

other assets. Two issues are striking. Firstly the ABA-VaR is higher than the IMM-VaR

in eleven out of twelve cases. This points to a tightening of capital requirements, as the

regulatory authorities currently try to install it. Secondly, in cases where VaR declines are

recorded, the ABA-VaR decreases much stronger than the IMM-VaR. Taken as a whole,

the ABA-values-at-risk turn out to be more countercyclical - at least when measuring the

absolute portfolio change in value as if the values-at-risk represented realized losses.

These �ndings are largely consistent with the proposals on �nancial market regulation,

as they were summarized in the introduction from the paper by Horn et al. (2009). Ap-

parently, not all risks have been backed by equity so far. The agent-based model provides

a way to quantify the neglected part of risks connected with crises and its resulting capital

requirements are shaped in a counter-cyclical manner. If such a risk assessment is installed,

systemic risk will be measured directly in the most developed parts of the Basel framework.

These are the risk management models linked to the �rst pillar of Basel II.

5.2 Systemic Hedge Ratio

Usually the (micro) hedge ratio stands for the derivative contracts that are necessary to

safeguard a certain amount of the underlying against losses from price �uctuations. For

instance this can be (dynamically) calculated by

hedge amount (t)

price underlying (t)
exchange ratio

1

∆(t)
. (29)

In contrast, the presented systemic hedge ratio stands for the fraction of all derivative

contracts in the market which are used for hedging. It is argued that the ratio can be

monitored by regulatory authorities through requiring a minimum threshold. One way of

(institutional) implementation would be shifting the OTC transactions into the regulated

market (stock exchange), which corresponds to proposal (4) by Horn et al. (2009) and to

the intention to create centralized Designated Clearing Organizations (DOCs), see Chappe

and Semmler (2012).
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Value at Risk (VaR) IMM standard approach Agent-based approach Maximum

sample 2007M1 - M12 -1.70 (A1EWWW) -3.04 -3.04 ABA

stock market -2.99 (514000) -11.00 -11.00 ABA

-6.23 (766403) -7.25 -7.25 ABA

sample 2008M1 - M12 -1.65 → -4.29 ↗ -4.29 ABA

stock market -2.11 ↘ -3.39 ↓ -3.39 ABA

-3.19 ↓ -2.33 ↓ -3.19 IMM

sample 2007M1 - M12 -2.33 (Call A1. . .) -4.06 -4.06 ABA

derivatives market -3.27 (Call 51. . .) -9.82 -9.82 ABA

-8.30 (Call 76. . .) -8.59 -8.59 ABA

sample 2008M1 - M12 -1.04 ↘ -4.70 → -4.70 ABA

derivatives market -0.87 ↓ -3.27 ↓ -3.27 ABA

-1.61 ↓ -4.09 ↓ -4.09 ABA

Table 1: Values-at-risk and their cyclical properties of di�erent samples, markets and assets with

respect to the comparison of the internal model method (IMM) and the agent-based approach

(ABA). In general the ABA values-at-risk turn out to be higher and more countercyclical than the

IMM ones - the latter measured by the absolute portfolio change in value as if the values-at-risk

were realized. The information in brackets refers to the German Securities Number for each of

the assets. The arrows plot the change of the VaR for each asset in the portfolio from the time

before to the one after the �nancial crisis had started. Overall these �ndings are the basis for

recommending the integration of agent-based models into the Basel regulatory framework.

Table 2 shows the values-at-risk for di�erent systemic hedge ratios. For the majority

of the assets it is hard to �nd a remarkable feedback from the derivatives market on the

stock market. This should not be too surprising, since in the model many other e�ects

can dominate. Indeed spill-over e�ects do not always occur. But in one case such an e�ect

can be isolated. Here a higher number of market participants using the derivative for the

purpose of hedging instead of speculation (a higher systemic hedge ratio) can signi�cantly

lower the value-at-risk. As discussed above (risk increasing) feedback from derivatives on

the underlying market depends on the systemic hedge ratio. Thus the basic idea of requiring

a minimum value for the systemic hedge ratio means to limit the fraction of speculative
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Value at Risk (VaR) Agent-based approach Agent-based approach

Systemic hedge ratio h=0.25 Systemic hedge ratio h=0.75

sample 2007M1 - M12 -3.04 (A1EWWW) -4.71 →
stock market -11.00 (514000) -4.59 ↓

-7.25 (766403) -8.01 →

sample 2008M1 - M12 -4.29 (A1EWWW) -4.95 →
stock market -3.39 (514000) -3.76 →

-2.33 (766403) -1.21 →

Table 2: Values-at-risk for di�erent systemic hedge ratios. For the majority of the assets it is hard

to �nd a remarkable feedback from the derivatives market on the stock market, but in one case

such an e�ect can be isolated. Here a higher number of market participants using the derivative

for the purpose of hedging instead of speculation (a higher systemic hedge ratio) can signi�cantly

lower the value-at-risk. The information in parantheses refers to the German Securities Number

for each of the assets. The arrows plot the change of the VaR for each asset in the portfolio from

a derivatives market with a relatively low systemic hedge ratio to one with a relatively high one.

Overall these �ndings are the basis for recommending a minimum level of the systemic hedge ratio.

transactions in the market. Details for implementation are left for future research, but

the necessary condition for hedging is to possess the underlying. For elucidation of this

perspective one might think of real-world incidents, where CDS were traded without owning

the (government) bonds or currently where commodities are traded without owning the

raw materials.

Finally, throughout this paper we deal with irrational bubbles and all the consequences

for a more e�cient risk management. It should be mentioned that in the literature also

the occurrence of rational bubbles is discussed. This is based on Tirole (1985), who ar-

gues `that bubbles are not inconsistent with optimizing behavior and general equilibrium'.

However, this distinction does not change the fact that somebody has to bear the costs at

the moment, where bubbles burst, in order to guide the economy towards the previously

reached state. The question is more who you prefer - society as a whole or the �nancial

industry, which bene�ts disproportionately, when these bubbles arise. This paper opts for

the latter by making them internalize the external costs of a bubble.
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6 Conclusion

From a micro perspective the presented model recommends nothing else than internal-

izing the external costs of bubbles. A maximum approach, including agent-based risk

calculation, is proposed to be the basis of new regulatory capital requirements (Basel

IV) since we �nd for the ABA reasonable values-at-risk that di�er both in the level

as well as in the cyclical properties from existing models. These capital requirements

should be demanded from all major market players, including hedge funds. From a the-

oretical point of view the presented model clearly recommends that the regulatory au-

thorities should �nd out how many derivatives per each underlying are used for hedg-

ing, e.g. by the obligation to employ stock exchanges also as trading platforms for the

Over-The-Counter products. For such a `systemic hedge ratio' a minimum level should

be required. However, based on data of the time of the �nancial crisis we �nd a sig-

ni�cant spill-over e�ect from the derivatives to the stock market only in one simula-

tion. Agent-based risk management deserves future research and leaves room for the

extension to other types of �nancial instruments which are not covered in this paper.
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