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Abstract 

This paper establishes the case for a fallacy of economies of scale in large aggregate institutions.  The 
problem of rogue trading is taken as a case example of hidden risks where rogue traders and losses are 
considered independently and dependently of the institution’s size.  Both independent and dependent loss 
and hidden positions are shown to lead to the paper’s conclusion, that size and economies of scale have 
commensurate risks that mitigate the advantages of size.   

.   

1. Introduction 

Naive optimization may lead us to believe in economies of scale that ignores the stochastic structure that 
results from an aggregation of entities, their associated vulnerabilities and their costs.  While companies 
get larger through mergers and industries become concentrated, based on the premises of “economies of 
scale” ([Pareto [10], Taleb [14]).  This does not take into account the effects of an increase of risks 
resulting from both “dependence” and the latent risks that beset big and small economic entities equally.  
For example, the risk of blowups –in fact, under any form of loss or error aversion, and concave execution 
costs, gains from an increase in size should show a steady improvement in performance, punctuated with 
large and more losses, with a severe increase in negative skewness [7],[ 9].  

However, under a nonlinear loss function, increased exposure to rare and latent events may have the 
effect of raising the costs of aggregation while giving the impression of benefits –since the costs will be 
borne during rare, but large-impact events. This result is general.  It holds not just for economic systems, 
but for biological, industrial and mechanical ones as well.  For example, Fujiwara [4], using an exhaustive 
list of Japanese bankruptcy data in 1997 (see also Stanley et al.  [2],[11],[3],[5],[9]) pointed out to firms 
failure regardless of their size.  Further, since growth of firms has been fed by debt, the risk borne by 
large firms seems to have increased.  As a result, “cemeteries are filled with firms that were too big to 
fail”.  The growth of size through a growth of indebtedness combined with a “too big to fail” risk 
attitudes has ushered in as well a moral hazard risk, with firms assuming nonsustainable growth 
strategies.  By the same token, size defined by intensely networked firm (such as large “supply chains” 
may contribute to supply chain risks (see also Tapiero [15], [16] and Kogan and Tapiero [8]).  Saito [12] 
while examining interfirm networks noted that larger firms tend to have more interfirm relationships than 
smaller ones (and therefore greater dependence)  For example, Toyota  purchases intermediate products 
and raw materials from a large number of firms; it has close relationships with numerous commercial and 
investment banks; it also has a large number of affiliated firms (as this was the case for AIG prior to its 
failure).  Such dependence is particularly acute in some firms where one supplier may control a part 
                                                             
1 The authors are indebted to Jean‐Philippe Bouchaud for helpful discussions. 
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needed for the functioning of the whole.  For example, a small plant in Normandie, in the North of France 
with no more than a hundred employees could strike out the whole Renault complex.  This networking 
growth is thus indicative both as a result and as a condition for the growth to sizeable firms of scale free 
characterisitics (see also [5],[3]) but also of the risks sustained.  Simulation experiments to that effects 
were conducted by Alexsiejuk and Holyst [1] while constructing a simple model of bank bankruptcies 
using percolation theory on a network of cooperating banks (see also Stauffer on percolation theory [13]).  
Their simulation have shown that sudden withdrawals from a bank can have dramatic effects on the bank 
stability and may force a bank into bankruptcy in a short time if it does not receive assistance from other 
banks.  More importantly however, a bankruptcy of a simple bank can start a contagious failure of banks 
concluded by a systemic financial failure. 

As a result, too big to fail and its risk moral hazard consequential risk, “too big to bear”, is a presumption 
that while driving current financial policy and protecting some financial and industrial conglomerates 
(with other entities facing the test of the market on their own), can be misleading.  Size for such large 
entities thus matters as it provides a safety net and a guarantee by public authorities that whatever their 
policies, their survivability will be ascertained for the greater good and at the expense of public funding.  
The rationality “too big to allow to fail” is therefore misleading, based on a fallacy of aggregates that 
misrepresent the effects of latent, dependent and rare risks.   

Scale is not necessarily robust, in particular with respect to off-model risks.  In fact, under loss aversion, 
the gains from a merger may show a steady improvement in performance, punctuated with large losses, 
with a severe compensatory increase in skewness.  The essential question is therefore can economies of 
scale savings compensate the risks and fragility they may be subject to.   

Consider a recent event, known as the Kerviel affair, which we simplify as follows.  Societe Generale lost 
close to $7 Billions dollars, around $6 Billions of which came mostly from the liquidations costs of the 
(hidden) positions of Jerome Kerviel, a rogue trader, in amounts around $65 Billions (mostly in equity 
indices).  The liquidation caused the collapse of world markets by close to 12%.  The losses of $7 Billion 
did not arise from the risks but from the loss aversion and the fact that costs rise disproportionately to the 
size of the bank.   

This situation generates losses that are even under extremely simple assumptions, revealing that failing 
when big is far more consequential that failing separately.  To do so, we consider both the loss and traders 
hidden position.   

Hidden Risks in this case are defined as risks that are unanticipated or  of unknown exposure to a certain 
stochastic variable that elicits immediate mitigation. These stochastic shocks can be called “Black Swan” 
effects, as they are not part of the common risks foreseen by the institution or the entity involved. These 
can be hidden risks by rogue traders, miscalculation of risk positions discovered or booking errors. An 
“unintended position” is a hidden risk from the activities of a rogue trader that escapes the detection by 
the bank officials, and needs to be liquidated as it makes the total risk larger than allowed by the capital of 
the institution. This can be later generalized to any form of unintentional risk –errors commonly known in 
the business as “long v/s long” or “short v/s short” –positions that were carried on the books with a wrong 
sign and constitute the nightmare for operational risk. The vicious aspect of these “unintended positions” 
is that the sign (long or short) does not matter; it is necessary to reduce that risk unconditionally. 
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2. Simple Example –Simplification of The Kerviel Case 

Consider the following two idealized situations. 

Situation 1: there are 10 banks with a possible rogue trader hiding 6.5  billions, and probability p 
for such an event for every bank over one year.  The liquidation costs for $6.5 billion are 
negligible. There are expected to be 10 p such events but with total costs of no major 
consequence. 

Situation 2: One large bank 10 times the size, similar to the more efficient Société Génerale, with 
the same probability p, a larger hidden position of $65 billion. It is expected that there will be p 
such events, but with $6.5 losses per event. Total expected losses are p $6.5 per time unit –
lumpier but deeper and with a worse expectation. 

 
We generalize next by assuming that the hidden positions (in absolute value) are power-law distributed 
and can take any positive value rather than a simple $6.5 or $65 billion.  Let our random variable X be the 
“unintended exposure”.  Assume that the size of this unintended position is proportional to the 
capitalization of the institution –for smaller entities engage in smaller transactions than larger ones.  The 
probability distribution of the variable of all unintended positions ∑Xi where  Xi are independent random 
variables, simply scaled as Xi =X/N. With k the tail amplitude and α the tail exponent,  

π(k, α, X) = α kα x-1-α 

The N-convoluted Pareto distribution for the unintended total position N ∑Xi:, π(k/N, α, X)N where N is 
the number of convolutions for the distribution. The mean of the distribution, invariant with respect to N, 
is α k /(α-1).  For a loss function, sat that C[X]=  – b Xβ , where liquidation costs is a convex function of 
X.   Assume for simplicity b=1. We take 4 scenarios that should produce various levels of convexity: β= 1 
(the linear case, in which we would expect that the total losses would be invariant with N), β= 2,3,4,5 the 
various levels of concavity. 

 
Figure 1- Various loss functions of increasing convexity: -b x β for b=1, a=2,...,5 

 
Note that the resulting distribution of losses  for the loss is calculated simply by setting  
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 and define the define  the loss function  with its lower limit .  Since, ,  the 

cumulative density function of y is,  while the probability distribution of 

the loss is thus: .  The expected loss  for b=1  is therefore, 

  

which is increasing in  if   and always decreasing in  when .  Further, it follows 
(since it is a Pareto Distribution) a tail amplitude (k/n)β and tail exponent α/β .  For the Sum: Under 
convolution of the probability distribution, in the tails, we end up with tail amplitude n (k/n)α, (Bouchaud 
and Potters, 2003, section 2.22).  Further,  

  with mean   

The ratio of losses  is thus always increasing..  

3. Size, Rogues and Capital Loss 
Consider the case of a loss statistically dependent on the hidden position with a loss limited first to 

the institution’s capital (this constraint will be removed subsequently) nwith a loss density function 
 where  is now a random variable denoting the hidden position of a rogue 

trader, x is the loss the bank sustains to close the trader’s position while Q is the bank’s total capital.  For 
simplicity, we assume that this capital is specified and denotes in fact the size of the bank.  Such 
distribution functions, denoted by  are not necessarily normal and may exhibit fat tails.  

Conservatively, we specify that .  These conditions imply that the larger 
the loss the smaller the probability of such a loss as well as smaller probabilities are associated to larger 
hidden positions.  Finally,  implies that larger losses are associated to larger hidden 

position.  In particular consider a bivariate power law with probabilities .  
For a finite capital Q, which we assume to be the maximum hidden position of the rogue trader can 
assume, we have then: 

 
 

as a result,
 

  

 If we integrate over k, we obtain the conditional marginal distribution of the loss, since, 
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By the same token, the marginal distribution of k is: 

 
   

And therefore, the marginal loss distributions and its cumulative is: 

  

In other words. the total expected loss per unity capital is independent of the size of the firm (providing 

therefore no advantage to size): 

 

Further, the co-dependence is positive for appropriate parameters and is given below, which is a function 

of the hidden position (much larger in larger firms) and the firm’s capacity:
 

 
 

For example, if we have  then  then 6.5% of the firm capital will 
be an expected loss.  When the firm is extremely leveraged as it is the case today, this loss may mean both 
a contagious withdrawals and potential bankruptcy.  Similarly, if for a parameter set 

 

 

The co-dependence of the hidden position for this parameters set is in this case given below (which seems 

to be reduced due to the size of the firm but well compensated by the potential for hidden position that a 

rogue trader can assume) : 
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Thus under extremely simple assumptions as stated here, size does not protect from loss and therefore the 
presumption that economies of scale protects firms from failure ought to be reassessed in light of the risks 
that size implies.  In particular, when the hidden positions of a rogue trader can outstrip the firm capital, 
the loss incurred is substantially increased.   

  

4. A Conglomerate Bank versus Multiple Banks 

Next consider a single conglomerate bank consisting of n units.  The conglomerate bank effects 
have similar effects to size as indicated above, amplified further by the inherent uncertainties associated 
to the hidden effects of rogue traders in each individual unit (assumed for simplicity of equal size) 
Explicitly, as seen above, for each individual bank unit (or trader), we have a unit direct proportional loss 
of that has an expected proportion and variance given by:  

,  .   

Thus, each individual trader (or bank unit) has an expected loss and variance given by:  

and .  If these units were separate entities, the expected loss would then by for all units  

 and .  The conglomerate bank however faces the probabilistic loss 
of rogue traders in each of the units.  Assuming (again conservatively) that the units are statistically 
independent of one another (although in a conglomerate, dependence increases the risk of rogue traders to 
be far greater), the probability of m units have a rogue trader with consequential losses (similar to the 

individual banks) are thus binomial, with , where  are 

specified above.  Since this is a Lexian (mixture) distribution and since all rogue events in each of the 
banks’ units are statistically independent, the number of expected rogue traders and variance in the 
conglomerate bank is: .  This simple result 
points out therefore to a conglomerate assuming far more risk because of its number of traders.  Note that 
in this case the direct loss and the variance are: 

 ,   
While expected losses are equal, the risk assumed by the conglomerate is far greater since: 

  

In particular, note that: , and for n large, we have:  

(since a variance is always positive).  As a result, while the expected number of rogue events remains the 
same, the variance (and therefore the risk) of rogues activity in a conglomerate bank is far greater.  In this 
sense, size does matter as it induces far more risks.  This situation is amplified however by both the 
potential collaboration (and therefore dependence) between rogue traders in a conglomerate bank that 
may be  better able to hide their position and lead to indirect costs that are far more substantial the larger 
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the bank.  For example, a rogue trader in a distant unit (say Singapore), may lead to the complete 
meltdown of a bank because of the hidden positions he assumed that soured.   

Hidden positions in a conglomerate, over n (traders) or units are also substantial.  Again assuming their 
statistical independence (to downplay their importance), we have for an individual trader-unit, as stated 
earlier a loss distribution: 

 

Say that the probability distribution of the hidden position over the n units if .  Then, for each 

position i, we have a Laplace Transform: 

  

where  is an incomplete Gamma integral [6].  Thus, over the n positions, we have a Laplace 

transform: 

 
 

and therefore, for the whole set of firms with distributed sizes, we have: 

 
 

These Laplace transform can be used to assess both the expected losses and the effects of a distribution of 

the hidden position.  For example, if we let Q, be have a probability distribution, h(Q), we have then a 

Laplace transform for the hidden positions for the n firms: 

    

Conclusion 

The purpose of this paper was to to indicate that size matters and that risks mitigate the well trumpeted 

advantages of economies of scale.  Greater awareness of these risks will mitigate as well the presumption 

of “too big to fail” and the the moral hazard they have contributed to.   
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