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Abstract

By analyzing high frequency data of transactions on the Italian stock index futures,
we show that the statistical properties of average volume depend on the size of
transactions, defined as the number of contracts transacted in a single operation. In
particular, we find that large transactions are less correlated with market volatility
and display a longer memory.

1 Introduction

In financial markets, it is important to empirically determine the impact of
information on price movements. This task has typically been accomplished
by studying the volume-volatility relation, see e.g. [1].

Typically, share volume statistical properties have been studied irrespective
of the size of single trades, see e.g. [2,3]. Neverthless, it emerges in literature
[4-9] that the volume-volatility relation may depend on the type of trader.
Moreover, in competitive models with asymmetric information [10-12] the
size of trades, that is the number of shares traded in a single transaction, is
positively correlated to the quality or precision of information possessed by
informed traders.

In this note, we study the properties of trading volume when conditioned on
size on the Italian futures market. In particular, we show that the relation
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volume-volatility and the memory of volume are different when we consider
volumes of different size. We find that the average volume of larger trasactions
is more anticorrelated with volatility, and that it has a longer memory than
expected. Our results can be compared with those of [4], who find that better
informed traders induce a negative volume-volatility relation. From this per-
spective, the size could be interpreted as a proxy for information of a trader.
Moreover, a recent theoretical model [13] predicts that large volumes are due
to large traders, and that they could be less correlated with the rest of the
market, which is in line with our empirical findings. To our knowledge, this is
the first empirical study on the statistical properties of trading volume when
we include the size as a distinctive property.

2 Data

Our data set consists of all tick-by-tick transactions of the futures on the
Italian stock index MIB30, named FIB30, in 2000-2002, with quarterly expi-
rations. We focus on next-to-expiration contracts, that provides us more than
8,500, 000 transactions. Every transaction is recorded with its size. In Figure
1 we report the intraday time series of the size of transactions in a typical
trading day, September 2" 2000. It emerges that the size is usually smaller
than few contracts (in the full sample, 80.06% of transactions has a size of 1
contract and the average size is 1.5; the nominal value of one FIB30 contract
is 5 euros times the futures price), but there are transactions with more than
180 contracts (in the full sample, 0.67% of transactions have size larger or
equal than 10).

Our volatility estimation technique makes use of an algorithm proposed in
[14] and developed in [15,16]. This method is based on the Fourier analysis of
the asset price time series and employs all the unevenly spaced observations.
Estimating precisely daily volatility with intraday data is crucial for the sub-
sequent analysis. This algorithm was first applied to the transactions of the
FIB30 in 2000-2001 [17]. We extended the analysis to 2002. The whole time
series of Fourier daily volatility o; is displayed in Figure 2. The maximum
corresponds to September 11%*, 2001.

We defined three proxy for trading volume: number of transactions V;, total
share volume V; and average volume traded per transaction, A; = V;/N,.
The subscript ¢ indexes the trading day. The time series of average volume
Ay, shown in Figure 3, exhibits periodical peaks, corresponding to expiration
days, due to rollovers [18]. In order to avoid spurious correlations, we discard
the last four days before expiration from the sample. In total, we are left with
703 days.
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Fig. 1. Intraday time series of the size of transactions in one trading day (September
274 2000).

As expected, Figure 4 shows that there is a strong correlation between daily
logarithmic volatility and daily number of transactions Vi, as suggested by
Clark [1]. The same relation holds between daily logarithmic volatility and
daily total share volume V. It appears that the number of contracts and daily
volume are strongly correlated (the linear correlation coefficient between the
two in the sample is 0.90 +0.07). In what follows, we analyze the volume only,
since we find identical results when using the number of contracts instead. On
the other side, the relation between volatility and average volume A; is not
straightforward to analyze.

Our purpose is to analyze whether and how the properties of the different
volume measures change when we calculate the volume using only the transac-
tions characterized by a size over a fixed threshold. As the threshold increases,
the number of transactions considered decreases and the statistical analysis on
time series may present a non negligible white noise contribution. So we will al-
ways compare the results achieved for those subsamples with those achieved for
subsamples of equal dimension (same number of transactions) but randomly
sampled (bootstrapping). By iterating the random sampling of transactions,
we are able to estimate confidence intervals.
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Fig. 2. Time series of daily volatility computed with the Fourier method.
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Fig. 3. Time series of average volume A;. Periodical peaks are observed, due to
rollovers as maturity approches.

3 Volume-volatility correlation

Daigler and Wiley [4] suggest that the volume-volatility relation depends on
the degree of information of the trader. In particular, they find a negative
relation for more informed traders, as opposed to the usual positive relation.
If the size is a proxy of the degree of information of a trade, volumes of different
sizes may have a different relation with volatility.



We then study the correlation between daily logarithmic volatility log o; and
the volume V;? for ¢ =1,...,703, where V;’ is defined as the volume of trans-
actions with size > s. Then V;! is the total daily volume. We define in the
same way the number of contracts N; and the average volume A} = V*/N}.

Figure 5 shows that the correlation of volumes with volatility decreases with
increasing size, but this effect can be ascribed to the reduction of the sample.

On the other hand, we observe a decrease of the correlation of average volume
with volatility, which becomes significantly more negative when we exclude
transactions with size smaller than 3. For the larger transactions, we cannot
disentangle this effect from the reduction effect, maybe due to the dramatic
drop in statistics (only 5.07% of the trades have size larger or equal than 4).

4 Serial dependence

If volumes of different sizes have different dynamic properties, they may dis-
play different serial dependence. Typically, share volumes display long memory
[19,20].

We study the memory of V,;® and A for different values of s via spectral
analysis and Detrended Fluctuation Analysis.

Spectral analysis is linked to the correlation function through the Wiener-
Khintchine theorem [21],

S(f) = FlCorr(g(1))] (1)

where F denotes Fourier transform and g¢(¢) is the time series under study.
We investigate the relation S(f) ~ f~7, and estimate 1 by regressing log S(f)

on log(f).

Detrended fluctuation analysis (DFA) is, instead, based on the idea that a
correlated time series can be mapped to a self-similar process by integration
[22-24]. Therefore, the measurement of self-similar features reveals indirect in-
formations about the correlation properties. The advantages of DFA over the
other methods are that it allows the detection of long-range correlations em-
bedded in a non-stationary time series and also avoids the spurious detection
of apparent long-range correlations that are an artifact of non-stationarities.
Denoting by [ the time window length and by o(!) the detrended variance of
the time series in the window, we look for a relation o(l) ~ I* (see [23,24] for
details).



For a long-range process, characterized by an autocorrelation function Corr(t) ~
71 with 0 < £ < 1, we have a power spectrum with n = ¢ and o = %’—1 For
a random walk, we have n = 0 and o = 0.5. Examples of the estimates of n
and « for V! are reported in Figures 6 and 7 respectively.

We first investigate the memory properties of V,° and A} via spectral analysis.
Figure 8 shows how 7 changes depending on the cut in size. Volumes and
average volumes of larger size transactions show lower o and 7. However, it is
not possible to disentangle any effect, since the same behavior is displayed by
random subsamples of same dimension. For the total volume (s = 1), we find
the well known result = 1.04+0.2, in line with the result of [19] on US stocks,
while for the average volume of all transactions A! we find n = 1.5+ 0.1.

Figure 9 reports the results of DFA analysis. The « of V;’ decreases with s in
the same fashion of a random subsample, thus no peculiar behavior is observed.
For the total volume, we have o = 0.98 + 0.03, slightly larger than [20] on
US stocks. Things change with the average volume A¢. The estimate for A} is
a = 0.91 £+ 0.02. We observe that, while the memory coefficient o decreases
with increasing s, it is well above its estimate on a random subsample. Then,
we conclude that the memory of the average volume of large size transactions
is higher then expected.

5 Conclusions

In this note, we studied the properties of volume when conditioned on the size
of the trades in the Italian stock index futures market.

Keeping in mind what emerged from the study of volume-volatility correlation,
we conclude that the process of average volume of large transactions changes
significantly with size: it is more anticorrelated with volatility and exhibits a
longer memory than the average volume of random transactions.

Our results indicate that the size of transactions is not included in the infor-
mation set which includes prices and volume. Then, it is important to assess
the precise impact of size on price movements as well as its role as a proxy for
information. We think that this could be a relevant topic for future research.
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Fig. 4. Scatter-plot between daily logarithmic volatility and different measures of
daily trading volume: number of transaction N; (top), volume V; (center) and av-
erage volume A; (bottom).
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Fig. 5. Correlation of volatility log oy with V;* (top) and A; (bottom) as a function of
s. The dotted lines define the confidence interval at 95%, as computed with random
subsamples with a number of transactions equal to actual transactions > s.
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Fig. 6. Logarithm of power spectrum of daily total volume, as a function of the
logarithm of the frequency. The straight line is the best linear fit by the least square

method, drawn in the hypothesis of S(f) ~ an
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Fig. 7. In bilogarithmic scale, the scaling function o(l) ~ [* of the detrended variance
for the daily total volume. The straight line is the best linear fit by the least square
method; the slope coefficient gives an estimate of the scaling parameter.
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Fig. 8. Value of —n from spectral analysis for V;® (top) and Aj (bottom) as a
function of s. The dotted lines define the confidence interval at 95%, as computed
with random subsamples with a number of transactions equal to actual transactions
> S.
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Fig. 9. Value of a from DFA for V;® (top) and Aj (bottom) as a function of s.
The dotted lines define the confidence interval at 95%, as computed with random
subsamples with a number of transactions equal to actual transactions > s.
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