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variations in W do give additional predictability for the
spread, other aspects of the model are substantially re-
sponsible for these results.

C. Measuring the price diffusion rate

The measurement of the price diffusion rate requires
some discussion. We measure the intraday price diffu-
sion by computing the mid-point price variance V (τ) =
Var{m(t + τ) − m(t)}, for different time scales τ . The
averaging over t includes all events that change the mid-
point price. The plot of V (τ) against τ is called a diffu-
sion curve and for an IID random walk is a straight line
with slope D, the diffusion coefficient.

In our case, the computation of D is as follows: For
each day we compute the diffusion curve. In this way
we avoid the overnight price changes which would bias
our estimate. To the daily diffusion curve we then fit a
straight line V (τ) = Dtτ using least squares weighted by
the square root of the number of observations for each
value of V (τ). In fitting a straight line we are assuming
IID mid-point price movement which is relatively well
born out in the data. For an example of see Fig. 1. Av-
eraging the daily diffusion rates we obtain the full sample
estimate of the stock diffusion. We weigh the averaging
by the number of events in each day. One must bear in
mind that the price diffusion rate from day to day has
substantial correlations, as illustrated in Fig. 2.
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FIG. 1: Illustration of the procedure for measuring the price
diffusion rate for Vodafone (VOD) on August 4th, 1998. On
the x axis we plot the time τ in units of ticks, and on the
y axis the variance of mid-price diffusion V (τ). According
to the hypothesis that mid-price diffusion is an uncorrelated
Gaussian random walk, the plot should obey V (τ) = Dτ . To
cope with the fact that points with larger values of τ have
fewer independent intervals and are less statistically signifi-
cant, we use a weighted regression to compute the slope D.
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FIG. 2: Time series (top) and autocorrelation function (bot-
tom) for daily price diffusion rate Dt for Vodafone. Because
of long-memory effects and the short length of the series, the
long-lag coefficients are poorly determined; the figure is just
to demonstrate that the correlations are quite large.

V. ESTIMATING THE ERRORS FOR THE
REGRESSIONS

The error bars presented in the text are based on a
bootstrapping method. It may at first seem that the
proper method would be to simply use White’s het-
eroskedasticity consistent estimators, however, we are
driven to use this method for two reasons.

First, within each stock the daily values of the depen-
dent variables display slowly decaying positive autocorre-
lation functions. Averaging the daily values to get an es-
timate of the stock-specific average may seem to remedy
the autocorrelation problem. However, the autocorrela-
tion is very persistent, almost to the scale of the length
of our dataset, and the variables may indeed have long
memory.1 This makes us suspicious about using standard
statistics.

A second reason in using a bootstrapping method for
inference is the fact that, in addition to possibly being
long memory, the daily values of the variables are cross-
correlated across stocks. (A high volatility in one stock
on a particular day is likely to be associated with high
volatility in other stocks.) These two reasons lead us to
believe that using standard or White’s estimators would

1 It has recently been shown that order sign, order volume and liq-
uidity as reflected by volume at the best price, are long-memory
processes [11, 47].


