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Abstract: This paper provides some empirical evidence on the role of demand and 
supply mechanisms in the stock market, using ultra high frequency data on trades and 
the limit order book for two stocks traded on Borsa Italiana in February 2005. We 
conclude with some suggestion for modelling. 
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1. Introduction 

The literature on efficient markets exclude that demand and supply dynamics play a role 
in setting the price of financial assets, which would be determined by news (Sholes, 
1972). This is in contrast with the commonsense view that price falls are determined by 
pressure of sales. We analyze the issue using data on two stocks traded on Borsa Italiana 
in February 2005. We analyze the relationship among returns and the order flow (the 
difference between buyer initiated and seller initiated trades), trying to find regularities 
to be used to create an appropriate dynamic model. A similar analysis is carried on for 
exchange rates in Berger et. al. (2008), and for NYSE in Chordia et. al. (2007). 

2. The data 

In this study we analyze 2 stocks traded on Borsa Italiana (Mondadori and STM), from 
1/2/2005 to 28/2/2005 (20 days, from 9:05 to 17:25, 10,000 minutes). The number of 
trades is 108499 for STM and 11902 for Mondadori. We have data on: ���� ��price of 
the i-th trade (occurring at time �	), 
��� ��value (€) of the i-th trade, ��� � best bid price 
at time �	, ��� � best ask price at time �	. Based on this, we can classify each trade as 
buy (buyer-initiated) or sell (seller-initiated) using the quote method (Lee-Ready, 1991): 


��� � ��������
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��� � ��������
��� � ��������   

the trades whose price is exactly at the midpoint are not classified and excluded. 
Equally spaced data are then obtained by: 

�� � � 
��� 
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We have considered different time aggregations, from 5" to 3 hours. Based on �� and ��
we obtain: the order flow  � � �� ! �� which measures the imbalance between buyer 
                                                          
(1) The present paper is financially supported by the PRIN 2006-13-1140 programme "Econometric 
analysis of interdependence, stabilization and contagion in real and financial markets".  
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STYLIZED FACT 3: THE CORRELATION BETWEEN RETURNS AND ORDER FLOW VARIES OVER 
TIME. Figure 4 show the correlation based on �t=135" for STM and Mondadori, with 
95% bunds, in February 2005; correlations are computed in 40 overlapping windows of 
400 observations [1;400],[101;500],...,[4000,4400]. The dynamic behaviour of the 
correlations seem have some similarities in the two stocks, but there are also 
specificities. Since correlation might reflect information asymmetries, a local increase in 
the correlation which is "stock specific" might indicate that informed traders are 
disclosing their information about the company through their activity on the market. 
Conversely, an increase in the correlation which is common to all stocks might reflect 
irrational behaviour like euphoria or panic. 

STYLIZED FACT 4: VOLATILITY IS POSITIVELY CORRELATED WITH VOLUME. Coherently 
with the literature, evidence of a positive correlation between volatility (measured by 0"�0 or "��) and traded volumes (
�) is found in our data at any frequency. Also in this 
case, the correlation seems to increase with time aggregation. Figure 5 shows that the 
correlation might be to some extent due to the common seasonal pattern of volumes and 
volatility (both variables are lower in the central hours of the trading day). 

4. Some preliminary ideas for modeling 

The stylized facts illustrated above have implications for modeling. At high frequency 
(�t�2�) it seems possible to set up a forecasting model, since it is possible to recognize 
significant (although small) auto and cross correlations. However, this models should 
account for non normality (with "extra-heavy" tails and lots of zeros). Conversely, at 
lower frequency (�t�20�), most of the relationship between returns and order flow is 
simultaneous, with less striking non normality (possibly accommodated by modeling 
the volatility as a function of 
�). At this frequency, it might be interesting to model 
several stocks in a multivariate framework, using unobserved components and the 
Kalman Filter to investigate on the simultaneity across stocks of an increase or decrease 
of the correlation between order flow and return, which might be interpreted as related 
to irrationality of the market (euphoria or panic). Conversely, changes in the correlation 
which are "stock specific" might be related to informational asymmetries about that 
stock, cleared up through trading activity of informed traders. 
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