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Standard models in economics stress the role of intelligent agents who maximize utility. However,
there may be situations where constraints imposed by market institutions dominate strategic agent
behavior. We use data from the London Stock Exchange to test a simple model in which minimally
intelligent agents place orders to trade at random. The model treats the statistical mechanics of
order placement, price formation, and the accumulation of revealed supply and demand within
the context of the continuous double auction, and yields simple laws relating order arrival rates
to statistical properties of the market. We test the validity of these laws in explaining the cross-
sectional variation for eleven stocks. The model explains 96% of the variance of the gap between
the best buying and selling prices (the spread), and 76% of the variance of the price diffusion rate,
with only one free parameter. We also study the market impact function, describing the response of
quoted prices to the arrival of new orders. The non-dimensional coordinates dictated by the model
approximately collapse data from different stocks onto a single curve. This work is important from a
practical point of view because it demonstrates the existence of simple laws relating prices to order
flows, and in a broader context, because it suggests that there are circumstances where the strategic
behavior of agents may be dominated by other considerations.
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I. INTRODUCTION

The traditional paradigm in economics is one of ratio-
nal utility maximizing agents. Recognizing limitations in
human cognition, economists have increasingly explored
models in which agents have bounded rationality. We
take this direction even further here by testing a model of
trading in financial markets that drops agent rationality
almost altogether. These results are particularly striking
because the model predicts simple quantitative laws re-
lating different properties of markets that are borne out
well when tested against data.

While no one would dispute the fact that agents in fi-
nancial markets behave strategically, and that for some
purposes taking this into account is essential, we show in

this paper that there are some problems where other fac-
tors may be more important. Previous work along these
lines includes that of Becker [1], who showed that random
agent behavior and a budget constraint is sufficient to
guarantee the proper slope of supply and demand curves,
and Gode and Sunder [2], who demonstrated that if one
replaces the students in a standard classroom economics
experiment by zero-intelligence agents with a budget con-
straint, they perform surprisingly well. More specifically,
the model we test here builds on earlier work on the dou-
ble auction in financial economics [3–6] and physics [7–
11]. (See also interesting subseqent work [12, 13]). The
model makes the simple assumption that agents place
orders to buy or sell at random [14, 15], subject to con-
straints imposed by current prices. While one might
argue that tracking prices requires at least some intel-
ligence, this is the minimal intelligence consistent with
the assumptions of the model, which we will loosely refer
to as “zero intelligence”. We show here that for certain
problems such an approach can make surprisingly good
quantitative predictions.

Another unusual aspect of the work presented here is
the nature of the predictions that we test, which take the
form of simple quantitative laws. These laws relate one
set of market properties to another, placing restrictions
on the allowed values of variables that are comparable to
the ideal gas law of physics. They make quantitative pre-
dictions about magnitude and functional form, which are
testable with only minimal auxiliary assumptions. This
is in contrast to papers testing standard models based
on rationality, which are typically forced to add strong
auxiliary assumptions not contained in the original the-
oretical model, making the final results essentially qual-
itative. We present a brief review in the Supplementary
Material (SM), Section I.
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FIG. 1: A random process model of the continuous double
auction. Stored limit orders are shown stacked along the
price axis, with sell orders (supply) stacked above the axis at
higher prices and buy orders (demand) stacked below the axis
at lower prices. New sell limit orders are visualized as ran-
domly falling down, and new buy orders as randomly “falling
up”. New sell orders can be placed anywhere above the best
buying price, and new buy orders anywhere below the best
selling price. Limit orders can be removed spontaneously (e.g.
because the agent changes her mind or the order expires) or
they can be removed by market orders of the opposite type.
This can result in changes in the best prices, which in turn
alters the boundaries of the order placement process.

A. Continuous double auction

The continuous double auction is the most widely used
method of price formation in modern financial markets.
The auction is called “double” because traders can sub-
mit orders both to buy and to sell and it is called “con-
tinuous” because they can do so at any time. Under the
terminology we use here, an order that does not cross the
opposite best price, and so does not result in an imme-
diate transaction, is called a limit order. An example is
a sell order with a higher price than any existing buy or-
der. An order that does cross the opposite best price, and
thus causes an immediate transaction, is called a market
order1. Buy and sell limit orders accumulate in their re-
spective queues, while buy and sell market orders cause
transactions that remove limit orders. A limit order can
also be removed from its queue by being cancelled, which
can occur at any time. The lowest selling price offered
at any point in time is called the best ask, a(t), and the
highest buying price the best bid, b(t). The bid-ask spread
s(t) ≡ a(t) − b(t) measures the gap between them. The
best prices may change as new orders arrive or old orders

1 Real markets employ a host of different order types, which vary
from market to market. However, by making appropriate decom-
positions (sometimes involving splitting an order into two pieces)
it is always possible to break down the order flow into compo-
nents that are effectively either market orders or limit orders.

are cancelled.

B. Review of the model

The model that we test here [14, 15] was constructed
to be the simplest possible sensible model of agent behav-
ior in a continuous double auction. It assumes that two
types of agents place orders randomly according to inde-
pendent Poisson processes, as shown in Fig. 1. Impatient
agents place market orders randomly with a Poisson rate
of µ shares per unit time. Patient agents, in contrast,
place limit orders randomly in both price and time. Buy
limit orders are placed uniformly anywhere in the semi-
infinite interval −∞ < p < a(t), where p is the logarithm
of the price, and similarly sell limit orders are placed
uniformly anywhere in b(t) < p < ∞. Both buying and
selling limit orders arrive with same Poisson rate density
α, which is measured in shares per unit price per unit
time. The log-price p is continuous and is independent
of arrival time. Both limit and market orders are of con-
stant size σ (measured in shares). Queued limit orders
are cancelled according to a Poisson process, analogous
to radioactive decay, with a fixed rate δ per unit time.
To keep the model as simple as possible, there are equal
rates for buying and selling, and all of these processes
are independent except for indirect coupling through the
boundary conditions, as explained below.

As new orders arrive they may alter the best prices a(t)
and b(t), which in turn changes the boundary conditions
for subsequent limit order placement. For example, the
arrival of a buy limit order inside the spread will alter
the best bid b(t), which immediately alters the bound-
ary condition for placing the next sell limit order. It is
this feedback between order placement and price diffusion
that makes this model interesting, and despite its appar-
ent simplicity, very difficult to understand analytically.
This model has been studied using simulation and with
approximate analytic treatments based on mean field the-
ory [14, 15].

Some readers may be puzzled by the use of a constant
density over an infinite interval, which gives an infinite
total arrival rate. The key is that the normalization is
chosen to make the arrival rate in any given price inter-
val finite. This is analogous to a model of snow falling
and evaporating on an infinite plane: Though the to-
tal amount of snow arriving is infinite, the amount of
snow falling in any given square during any given time
is perfectly well-behaved. The situation here is much
more complicated, due to the fact that market orders de-
fine a point removal process, and there are two kinds of
“snow”, falling on overlapping and interacting intervals.
Nonetheless, the basic trick of normalizing the density
rather than the total is the same.
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C. Predictions of the model

The rather radical assumption of a uniform limit order
price density2 is made because it simplifies analysis, al-
lowing the derivation of simple scaling laws relating the
parameters to fundamental properties such as the average
bid-ask spread. The mean value of the spread predicted
based on a mean field theory analysis of the model [14, 15]
is

ŝ = (µ/α)f(σδ/µ). (1)

The nondimensional ratio ε ≡ σδ/µ can be thought of as
the ratio of removal by cancellation to removal by mar-
ket orders, and plays an important role. f(ε) is a slowly
varying, monotonically increasing function that can be
approximated [15] as f(ε) = 0.28 + 1.86ε3/4. The scaling
law above is reasonable in that it predicts that the spread
increases when there are more market orders or cancella-
tions (which remove stored limit orders), and decreases
with more limit orders (which fill the spread in more
quickly). The dependence on µ/α can be derived from
dimensional analysis, under certain assumptions detailed
in SM Section II. However, the functional form of f(ε) is
not obvious. One of the predictions of the model, that
to our knowledge has not been hypothesized elsewhere
in the literature, is that the order size σ is an important
determinant of the spread.

Another prediction of the model concerns the price dif-
fusion rate, which drives the volatility of prices and is
the primary determinant of financial risk. If we assume
that prices make a random walk, then the diffusion rate
measures the size and frequency of its increments. The
variance V of a random walk grows as V (t) = Dt, where
D is the diffusion rate and t is time. This is the main free
parameter in the Bachelier model of prices[17]. While its
value is essential for risk estimation and derivative pric-
ing there is very little fundamental understanding of what
actually determines it. In standard models it is often as-
sumed to depend on “information arrival” [18], which has
the disadvantage that it is impossible to measure directly.
For our idealized model, numerical experiments indicate
that the short term price diffusion rate is to a very good
approximation given by the simple formula [14, 15]

D̂ = kµ5/2δ1/2σ−1/2α−2, (2)

where k is a constant. This formula is reasonable in that
it predicts that volatility increases with limit order re-
moval (either by market orders or by cancellations) and
decreases with limit order placement. The dependence on
order size and the values of the scaling exponents are not
so obvious. It has so far not been possible to derive this

2 For an empirical investigation of the density of limit order place-
ment see [13, 16]

formula from theoretical considerations (though dimen-
sional analysis was essential for guessing this functional
form).

We would like to emphasize that the construction of
the model and all the predictions derived from it were
made prior to looking at the data. The model was con-
structed to be simple enough to be analytically tractable,
and makes many strong assumptions. The assumption
of random order placement leads to consequences that
might be economically unreasonable in a rational set-
ting, such as the existence of profit making opportuni-
ties. However, this is self-consistent with the assumption
that the only intelligence the agents possess is the ability
to mechanically adjust the prices of limit orders based
on current best prices. Furthermore, simulations suggest
that the arbitrage opportunities in this model are not
risk-free, yielding only finite, risky profits 3.

A useful concept is that of liquidity, which in this con-
text can be defined as the availability of standing limit
orders that allow trading to take place. The impatient
market order traders are liquidity demanders, and the
limit order traders are liquidity providers. The use of a
zero-intelligence agent model makes it possible to study
the flow of liquidity in and out of the market, and to
study its interaction with price formation. This has not
been properly addressed by models that attempt to fully
treat agent rationality. Abandoning the assumption of
rationality gives the ability to focus modeling effort on
other problems, such as those addressed here.

II. TESTING THE SCALING LAWS

A. Data

We test this model with data from the electronic open
limit order book of the London Stock Exchange (SETS),
which includes about half of the total trading volume. We
used data from eleven stocks in the period from August
1st 1998 to April 30th 2000, which includes 434 trading
days and a total of roughly six million events. For all
these stocks the number of total events exceeds 300,000
and was never less than 80 on any given day (where an
event corresponds to an order placement or cancellation).
Orders placed during the opening auction are removed to
accomodate the fact that the model only applies for the
continuous auction. See SM Section III for more details.

B. Testing procedure

We test the model cross-sectionally over eleven stocks.
For each stock we measure its average order flow rates

3 J. Rutt, J.D. Farmer, and J. Girard, work in progress.
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and calculate the predicted average spread σ̂ and dif-
fusion rate D̂ for that stock using equations 1 and 2.
We then compare these predicted values to the actual
values of the spread σ̄ and diffusion rate D̄ which we
again measure from the data. The comparison is done
via linear regressions of the predicted values against the
actual, measured values. For a discussion see SM Sec-
tions IV and V.

Measurement of the parameters µ and σ is straight-
forward: To measure µ, for example, we simply compute
the total number of shares of market orders and divide
by time, or alternatively, we compute µt for each day and
average; we get similar results in either case. However,
a problem occurs in measuring the parameters α and δ
due to the simplifying assumption of a uniform distribu-
tion of prices for limit order placement and a uniform
cancellation rate. In the real data limit order placement
and cancellation are concentrated near the best prices
[13, 16]. In order to cope with this we make an auxiliary
assumption that order placement is uniform inside a price
window around the best prices, and zero outside this win-
dow. We choose this price window W to correspond to
roughly 60% of limit orders away from the mid-price, and
compute α by dividing the number of shares of limit or-
ders placed inside this price window per unit time by W .
We do this for each day and compute the average value of
α for each stock. We similarly compute δ as the inverse
of the average lifetime of orders cancelled inside the same
price window W . See SM Section IV B for details.

The laws that we describe here do not make temporal
predictions, but rather are restrictions of state variables.
The ideal gas law, PV = RT , provides a good analogy. It
predicts that pressure P , volume V , and temperature T
are constrained – any two of them determines the third.
The gas constant R is the only free parameter. In very
much the same way, we are testing two relations between
properties of order flows and properties of prices. We are
not attempting to predict the temporal behavior of the
order flows, only trying to see whether the restrictions
between order flows and prices predicted by the model
are valid. It is important to emphasize that while µ, α, δ,
and σ can be viewed as free parameters of the model, they
are not free parameters in the test of the model. Rather
they are now variables, like P , V , and T in the ideal
gas law. The only free parameter is the price window
W . We chose W = 0.6 as a prior; it turns out that it
is also roughly the value that maximizes the goodness of
fit, however, varying W does not change the goodness of
fit substantially.

C. Spread

To test Equation 1, we measure the average spread s̄
across the full time period for each stock, and compare
to the predicted average spread ŝ based on order flows.
Spread is measured as the average of log b(t)−log a(t) (re-
call that in the model p represents log price). The spread

is measured after each event, with each event given equal
weight. The opening auction is excluded.

To test our hypothesis that the predicted and actual
values coincide, we perform a regression of the form
log s̄ = A log ŝ + B. We took logarithms to do the re-
gression because the spread is positive and the log of the
spread is approximately normally distributed4. We use
A and B for hypothesis testing. Based on the model we
predict that the comparison should yield a straight line
with A = 1 and B = 0. However, because of the degree
of freedom in choosing the price interval W as described
above, the value of B is somewhat arbitrary; varying W
through reasonable values changes B significantly, with
much less effect on A.

The least squares regression, shown together with the
data comparing the predictions to the actual values in
Fig. 2, gives A = 0.99±0.10 and B = 0.06±0.29. We thus
strongly reject the null hypothesis that A = 0, indicating
that the predictions are far better than random. More
importantly, we are unable to reject the null hypothesis
that A = 1. The regression has R2 = 0.96, so the model
explains most of the variance. Note that because of long-
memory effects and cross-correlations between stocks the
errors in the regression are larger than they would be for
IID data (see SM Section V).
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FIG. 2: Regressions of predicted values based on order flow
using equation 1 vs. actual values for the log spread. The dots
show the average predicted and actual value for each stock
averaged over the full 21 month time period. The solid line is
a regression; the dashed line is the diagonal, representing the
model’s prediction with A = 1 and B = 0.

4 An alternative would have been to take logarithms of each event
and average the logarithms. We instead regard this as a test
of the cross-sectional averages, and take logarithms of the cross-
sectional values.
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D. Price diffusion rate

As for the spread, we compare the predicted price diffu-
sion rate based on order flows to the actual price diffusion
rate D̄ for each stock averaged over the 21 month period,
and regress the logarithm of the predicted vs. actual val-
ues, as shown in Fig. 3. See SM Section VI C for details
on the diffusion rate and its estimation.
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FIG. 3: Regressions of predicted values based on order flow
using equation 2 vs. actual values for the logarithm of the
price diffusion rate. The dots show the average predicted and
actual value for each stock averaged over the full 21 month
time period. The solid line is a regression; the dashed line is
the diagonal, with A = 1 and B = 0.

The regression gives A = 1.33 ± 0.25 and B = 2.43 ±
1.75. Thus, we again strongly reject the null hypothesis
that A = 0. We are still unable to reject the null hy-
pothesis that A = 1 with 95% confidence, though there
is some suggestion that the real values increase faster
than the predicted values. In any case, the predictions
are at least a good approximation. Although the results
are not as good as for the spread, R2 = 0.76, so the model
still explains most of the variance.

III. AVERAGE MARKET IMPACT

Market impact is practically important because it is
the dominant source of transaction costs for large trades,
and conceptually important because it provides a conve-
nient probe of the revealed supply and demand functions
in the limit order book (see SM Section VI A). When
a market order of size ω arrives, if it removes all limit
orders at the best bid or ask it will immediately change
the midpoint price m ≡ (a+ b)/2. We define the average
market impact function φ in terms of the instantaneous

logarithmic midpoint price shift ∆p conditioned on order
size, φ(ω) = E[∆p|ω]. ∆p is the difference between the
price just before a market order arrives and the price just
after it arrives (before any other events).

A long-standing mystery about market impact is that
it is a highly concave function of ω [13, 19–25]. This is
unexpected since simple arguments would suggest that
because of the multiplicative nature of returns, market
impact should grow at least linearly [15]. We know of no
model that explains this. The model we are testing here
predicts a concave average market impact function, with
the concavity becoming more pronounced for small val-
ues of ε = σδ/µ. Intuitively, the concavity is due to the
fact that limit orders near the best price are removed by
transactions more rapidly than those far from the best
price. As a result the average density of stored limit
orders in the book increases moving away from the mid-
point. An increase in density of limit orders implies a
decreased price response to a market order of given size,
resulting in a concave market impact function.

While the predictions of the model are qualitatively
correct, from a quantitative point of view the model pre-
dicts a larger variation with ε than what we actually ob-
serve. Nonetheless, the model is still quantitatively useful
for understanding market impact, as described below.

A surprising regularity of the average market impact
function is uncovered by simply plotting the data in the
non-dimensional coordinates dictated by the model, as
shown in Fig. 4. If we view market impact in standard
dimensional units, such as British Pounds or shares, there
is large variability from stock to stock; the story becomes
much simpler in non-dimensional units.

When we plot the average market impact in standard
dimensional coordinates, the behavior is highly variable
from stock to stock. For example, in Fig. 4(b) we plot the
average market impact φ(ω) = E[∆p|ω] as a function of
the order size ω in units of British Pounds. We do this by
binning together events with similar ω and plotting this
vs. the corresponding mean price impact ∆p for each
bin. The result varies widely from stock to stock. We
have explored a variety of other ways for renormalizing
the order size, as described in SM Section VI B, but they
all give similar results.

Plotting the data in non-dimensional units tells a sim-
pler story. To do this we normalize the price shift and
order size by appropriate dimensional scale factors based
on the daily order flow rates. For the derivation of
the non-dimensional coordinates used to do this see SM
Section II. This transforms the standard coordinates to
non-dimensional coordinates as5 ∆p → ∆p · αt/µt and

5 Notice that ∆p has units of price but

[∆p · α/µ] = price ·
shares/(price · time)

shares/time
(3)

is without dimensions, i.e. the units cancel out.
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ω → ω · δt/µt, where αt, µt, and δt are the average
parameters for day t. The data collapses onto roughly
a single curve, as shown in Fig. 4(a). The variations
from stock to stock are quite small; on average the cor-
responding bins for each stock deviate from each other
by about 8%, roughly the size of the statistical sampling
error. We do not find that this variation is statistically
significant, through we should also say that such tests
are complicated by the long-memory property of these
time series and cross correlations between stocks, so that
we do not consider the results fully reliable (see SM Sec-
tion VI C). In contrast, using standard dimensional co-
ordinates the differences are easily shown to be highly
statistically significant. This collapse illustrates that the
non-dimensional coordinates dictated by the model pro-
vide substantial explanatory power: We can understand
how the average market impact varies from stock to stock
by a simple transformation of coordinates. Plotting in
double logarithmic scale shows that the curve of the col-
lapse is roughly a power law of the form ω0.25 (see SM
Section VI D). This provides a more fundamental expla-
nation for the empirically constructed collapse of average
market impact for the New York Stock Exchange found
earlier [23].

IV. CONCLUSIONS

We have shown that the model we have presented here
does a good job of predicting the average spread, and a
decent job of predicting the price diffusion rate. Also,
by simply plotting the data in non-dimensional coordi-
nates we get a better understanding of the regularities of
market impact. These results are remarkable because the
underlying model largely drops agent rationality, instead
focusing all its attention on the problem of understanding
the constraints imposed by the continuous double auc-
tion.

It is worth comparing our results to those of previous
empirical work. For example, Hasbrouck and Saar [26]
find a positive correlation between volatility and the ratio
of market orders to limit orders. They perform regres-
sions of this ratio against volatility and several other de-
pendent variables, and obtain goodness of fits similar to
ours (except that in their case volatility was one of several
independent variables, whereas in our case it was the de-
pendent variable). They then discuss the results in terms
of their consistency with three effects that one would ex-
pect from agent rationality. For example, one such effect
is called “market order certainty”: When prices are more
volatile, market orders become more attractive to a risk-
averse rational agent, and so the fraction of market orders
should increase. The observed positive correlations are
consistent with this.

The model we test here offers an alternative expla-
nation that does not depend on strategic choice. We
also predict a positive correlation between volatility and
the fraction of market orders (see equation 2) but for a
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FIG. 4: The average market impact as a function of the mean
order size. In (a) the price differences and order sizes for each
transaction are normalized by the non-dimensional coordi-
nates dictated by the model, computed on a daily basis. Most
of the stocks collapse onto a single curve; there are a few that
deviate, but the deviations are sufficiently small that given
the long-memory nature of the data and the cross-correlations
between stocks, it is difficult to determine whether these de-
viations are statistically significant. This means that we un-
derstand the behavior of the market impact as it varies from
stock to stock by a simple transformation of coordinates. In
(b), for comparison we plot the order size in units of British
pounds against the average logarithmic price shift.

different reason: An increase in the rate of market or-
der submission reduces liquidity and thus increases price
volatility. We certainly believe that agents respond in
important ways to changing market conditions such as
volatility, and indeed we have demonstrated this in pre-
vious work [16]. Nonetheless, we argue that it is also
necessary to understand the impact of agents’ actions on
market conditions. By carefully treating the feedback in
both directions between price formation and limit order
pricing under minimal assumptions of rationality, this
model provides a null hypothesis against which claims of
rational behavior can be measured.

An important feature of the model we test here is its
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parsimony and falsifiability. Our model makes simulta-
neous quantitative predictions about volatility, spread,
and market impact. We postulate specific functional
forms for the relation between order flows and spread
and volatility; while there are multiple variables involved,
there is only one free parameter. Rationality-based theo-
ries, in contrast, rarely make predictions about magni-
tude or functional form, and as a result their predic-
tions are harder to test. Such tests generally require
stronger auxiliary assumptions, such as imposed func-
tional forms with multiple free parameters. Empirical
studies that test such models often test only the sign of
such effects, which often have a variety of alternative ex-
planations. Our model makes sharper predictions, and is
consequently more testable [27].

The approach taken here succeeds in part because
it is less ambitious than a standard rationality-based
model. This can be viewed as a divide and conquer strat-
egy. Rather than attempting to explain the properties of
the market from fundamental assumptions about utility
maximization by individual agents, we divide the prob-
lem into two parts. The first (easier) problem, addressed
here, is that of understanding the characteristics of the
market given the order flows. The second (harder) prob-
lem, which remains to be investigated, is that of explain-
ing why order flow varies as it does. Explaining variations
in order flow involves behavioral and/or strategic issues
that are likely to be much more difficult to understand.
It is always desirable to solve easier problems first.

The model succeeds in part by reducing the problem
to the measurement of the right variables. By measur-
ing the rate of market order placement vs. limit order
placement, and the rate of order cancellation, we are able
to measure how patient or impatient traders are. The
model makes quantitative predictions about how this af-
fects other market properties. The agreement with the
model indicates that patience is an important determi-
nant of market behavior. Variations in patience might
be explained by a rationality-based explanation in terms
of information arrival, or a behavioral-based explanation
driven by emotional response, but in either case it sug-
gests that patience is a key factor.

These results have several practical implications. For
market practitioners, understanding the spread and the
market impact function is very useful for estimating
transaction costs and for developing algorithms that min-
imize their effect. For regulators they suggest that it may
be possible to make prices less volatile and lower trans-
action costs, if this is desired, by creating incentives for
limit orders and disincentives for market orders. These
scaling laws might also be used to detect anomalies, e.g.

a higher than expected spread might be due to improper
market maker behavior.

This is part of a broader research program that might
be somewhat humorously characterized as the “low-
intelligence” approach: We begin with minimally intel-
ligent agents to get a good benchmark of the effect of
market institutions, and once this benchmark is well-
understood, add more intelligence, moving toward mar-
ket efficiency. We thus start from almost zero rationality
and work our way up, in contrast to the canonical ap-
proach of starting from perfect rationality and working
down. See Ref. [28].

The model we test here was constructed before look-
ing at the data [14, 15], and was designed to be as sim-
ple as possible for analytic analysis. A more realistic
(but necessarily more complicated) model would more
closely mimic the properties of real order flows, which
are price dependent and strongly correlated both in time
and across price levels, or might incorporate elements of
the strategic interactions of agents. An improved model
would hopefully be able to capture more features of the
data than those we have studied here. We know there
are ways in which the current model is inappropriate,
e.g., it allows arbitrage opportunities that do not exist in
the real market. Nonetheless, as we have shown above,
this extremely simple model does a good job of explain-
ing some important properties of markets. For further
discussion see SM Section VII.

How is it conceivable to successfully model a situation
in which we know that agents engage in clever strategic
behavior in terms of a model that completely neglects
this? Perhaps a telephone exchange provides a good anal-
ogy: Even though each customer has a perfectly good
reason for picking up the phone, communications engi-
neers design exchanges by assuming they do so at ran-
dom. Similarly, there are situations in markets where
rational behavior can be treated in aggregate as though
it were noise. The question is whether rational effects
are more important or less important than stochastic
effects. Rational effects are clearly important in deter-
mining overall price levels, but they may be dominated
by random fluctuations in determining volatility. We do
not mean to claim that market participants are unintel-
ligent: Indeed, one of the virtues of this model is that
it provides a benchmark to separate properties that are
driven by the statistical mechanics of the market institu-
tion from those that are driven by the strategic behavior
of agents. It suggests that institutions strongly shape our
behavior, so that some of the properties of markets may
depend more on the structure of institutions than on the
rationality of individuals.

[1] G. Becker. Irrational behavior and economic theory. The
Journal of Political Economy, 70(1):1–13, 1962.

[2] D. K. Gode and S. Sunder. Allocative efficiency of mar-
kets with zero-intelligence traders: market as a partial

substitute for individual rationality. The Journal of Po-
litical Economy, 101(1):119–137, 1993.

[3] T. Bollerslev, I. Domowitz, and J. Wang. Order flow
and the bid-ask spread: An empirical probability model



8

of screen-based trading. Journal of Economic Dynamics
and Control, 21(8-9):1471–1491, 1997.

[4] K. J. Cohen, R. M. Conroy, and S. F. Maier. Order flow
and the quality of the market. In Y. Amihud, T.S.Y
Ho, and R. A Schwartz, editors, Market Making and the
Changing Structure of the Securities Industry, pages 93–
110. Rowman & Littlefield, Lanham, 1985.

[5] I. Domowitz and J. Wang. Auctions as algorithms: com-
puterized trade execution and price discovery. Journal of
Economic Dynamics and Control, 18(1):29–60, 1994.

[6] H. Mendelson. Market behavior in a clearing house.
Econometrica, 50(6):1505–1524, 1982.

[7] P. Bak, M. Paczuski, and M. Shubik. Price variations in
a stock market with many agents. Physica A-Statistical
Mechanics and Its Applications, 246(3-4):430–453, 1997.

[8] D. Challet and R. Stinchcombe. Analyzing and modeling
1+1d markets. Physica A, 300(1-2):285–299, 2001.

[9] D. Eliezer and I. I. Kogan. Scaling laws for the mar-
ket microstructure of the interdealer broker markets,
http://arxiv.org/cond-mat/9808240, 1998.

[10] S. Maslov. Simple model of a limit order-driven mar-
ket. Physica A-Statistical Mechanics and Its Applica-
tions, 278(3-4):571–578, 2000.

[11] F. Slanina. Mean-field approximation for a limit order
driven market model. Physical Review E, 64(5):article
no.056136, 2001. Part 2.

[12] J-P. Bouchaud, Y. Gefen, M. Potters, and M. Wyart.
Fluctuations and response in financial markets: The sub-
tle nature of “random” price changes. Quantitative Fi-
nance, 4(2):176–190, 2004.

[13] J-P. Bouchaud, M. Mezard, and M. Potters. Statistical
properties of the stock order books: empirical results and
models. Quantitative Finance, 2(4):251–256, 2002.

[14] M. G. Daniels, J. D. Farmer, L. Gillemot, G. Iori, and
E. Smith. Quantitative model of price diffusion and
market friction based on trading as a mechanistic ran-
dom process. Physical Review Letters, 90(10):article no.
108102, 2003.

[15] E. Smith, J. D. Farmer, L. Gillemot, and S. Krishna-
murthy. Statistical theory of the continuous double auc-
tion. Quantitative Finance, 3(6):481–514, 2003.

[16] I. Zovko and J. D. Farmer. The power of patience; a be-
havioral regularity in limit order placement. Quantitative
Finance, 2(5):387–392, 2002.

[17] Louis Bachelier. Theorie de la speculation, 1900. In

H. Cooper, P., editor, The Random Character of Stock
Prices. Cambridge, 1964.

[18] P. K. Clark. Subordinated stochastic process model
with finite variance for speculative prices. Econometrica,
41(1):135–155, 1973.

[19] J. D. Farmer. Slippage 1996,
http://predict.com/jdf/slippage.pdf.

[20] X. Gabaix, P. Gopikrishnan, V. Plerou, and H. E. Stan-
ley. A theory of power-law distributions in financial mar-
ket fluctuations. Nature, 423:267–270, 2003.

[21] J. A. Hausman, A. W. Lo, and A. C. Mackinlay. An or-
dered probit analysis of transaction stock prices. Journal
of Financial Economics, 31(3):319–379, 1992.

[22] A. Kempf and O. Korn. Market depth and order size.
Journal of Financial Markets, 2(1):29–48, 1999.

[23] F. Lillo, J. D. Farmer, and R. N. Mantegna. Econo-
physics - master curve for price-impact function. Nature,
421(6919):129–130, 2003.

[24] V. Plerou, P. Gopikrishnan, X. Gabaix, and H. E. Stan-
ley. Quantifying stock price response to demand fluctua-
tions. Physical Review E, 66(2):article no. 027104, 2002.

[25] N. Torre. BARRA Market Impact Model Handbook.
BARRA Inc., Berkeley, 1997.

[26] Joel Hasbrouck and Gideon Saar. Limit orders and
volatility in a hybrid market: The island ecn. Stern
School of Business, NY, 2002.

[27] S. T. Ziliak and D. N. McCloskey. Size matters: the
standard error of regressions in the american economic re-
view. Journal of Socio-Economics, 33(5):523–675, 2004.

[28] I. Nelkin. Innovations in trading strategies. Quantitative
Finance, 3(4):63–74, 2003.

We would like to thank Credit Suisse First Boston,
the James S. McDonnell Foundation, the McKinsey Cor-
poration, Bob Maxfield, and Bill Miller for their sup-
port of this project. We would also like to thank
Sam Bowles, John Geanakoplos, Supriya Krishnamurthy,
Bruce Lehmann, Fabrizio Lillo, Andrew Lo and Eric
Smith for useful discussions, and Mark Bieda, David
Krakauer, Joel Hasbrouck, Harold Morowitz and Eliz-
abeth Wood for comments on the manuscript.


