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ABSTRACT: In this work we present a methodology to detect unusual trading activity
defined as high price movement with relatively little volume traded. The study is performed
using all the trade data for some five thousand equities for five days. We analyze what
happens after this unusual activity is detected and we find that in the majority of the cases
the price of equities tends to bounce back. The methodology developed is based on non-
parametric statistics and makes no assumption about the distributions involved.

Herein, we analyze the change in price from the volume perspective; therefore, we recognize the 
need for classifying stocks into classes based on the average daily traded volume. We refer to this 
classification as the multi-scale volume classification. The histogram corresponds to the average 
daily trading volume of the total universe of 5,369 stocks considered in this study.

The main objectives this study are:
1. Develop a method to detect large price movements corresponding to small volume of shares traded.
2. Analyze the evolution of price after these unusual events and study the probability of price recovery.
3. Estimate the expected return if a trade is placed at the detected event.
4. Compare the result obtained with “normal” price evolution simulated using Monte Carlo technique.

RARE EVENTS DETECTION AND ANALYSIS

SPECIFIC OBJECTIVES OF THE STUDY

COMPARATIVE STUDY OF STOCK GROUPS

METHODOLOGY
In this analysis we use tick-by-tick data of 5,369 equities (TAQ). 

CONCLUSIONS
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Group Average daily volume (shares) Number equities

1 1,305

2 1,088

3 2,117

4 799

5 60

Day 1 Day 2 Day 3 Day 4 Day 5
Quantil

e <5000 <10000 <15000 <5000 <10000 <15000 <5000 <10000 <15000 <5000 <10000 <15000 <5000 <10000 <15000
0.02 73.01 79.65 82.30 76.47 82.51 86.17 76.52 83.98 87.57 74.36 82.05 82.05 67.32 78.99 84.05
0.015 72.28 79.21 83.17 77.89 83.51 88.07 73.45 82.74 87.17 68.25 77.78 77.78 66.20 78.87 84.51
0.01 72.28 79.21 83.17 77.89 83.51 88.07 73.45 82.74 87.17 68.25 77.78 77.78 66.20 78.87 84.51
0.005 71.05 81.58 86.84 72.79 81.62 87.50 72.86 85.71 90.00 73.17 85.37 85.37 67.11 78.95 86.84
0.002 66.67 100.00 100.00 66.67 90.91 96.97 73.53 83.82 89.71 84.62 100.00 100.00 74.07 74.07 74.07
0.0015 0.00 100.00 100.00 66.67 88.89 96.30 73.85 83.08 89.23 66.67 100.00 100.00 66.67 66.67 66.67
0.001 0.00 100.00 100.00 76.92 100.00 100.00 78.85 84.62 90.38 100.00 100.00 100.00 66.67 66.67 66.67
0.0005 - - - 100.00 100.00 100.00 90.63 90.63 93.75 - - - 71.43 71.43 71.43
0.0002 - - - - - - 100.00 100.00 100.00 - - - 100.00 100.00 100.00
Monte 
Carlo 
results 61.396 74.824 81.002 67.001 78.121 83.252 58.17 72.883 80.119 60.929 74.729 81.176 63.957 77.402 83.217
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Stock IFF – (Price / Time) and (Price / Trades)

Conditional joint distribution of the IFF stock 

First we note that the trades are recorded in
consecutive order and, though the time
between trades is not necessarily constant, the
price versus time and the price versus trade
distributions are very similar. As a way to
visualize this similarity, we present a small
segment of the stock IFF from Apr. 14 2008
(the two images on the left).

The 3D image on left represents the joint
distribution of volume and price movement.
The total number of pairs used for this
distribution is 159,583. This is an extremely
large number of data points to be calculated
and analyzed for every stock and for every
day.

To further simplify we retain only the maximum 
price movement with respect to change in 
volume for each window with                
Consequently, all the analysis that follows is 
based on the following distribution: 

. 
For example for the IFF stock, we obtain                      
1,570 observations for          shares,            
1,562 observations for         shares and        
1,544 observations for                    shares.

The proposed sampling technique generates new 
distributions that share similar behavior of the 
tails and provides a computationally feasible 
approach to this analysis. 

Consider the distribution
with 

for stock IFF on Apr. 14, 2008. The 
sampling distribution is performed by 
using a moving window with 
cumulative volume smaller than 5,000 
shares. The observation that has the 
maximum price change within the 
window is recorded. A typical output of 
such analysis has the following form:

For a consistent approach to the rare events detection, we calculate the quantiles for all equities
individually over a 5 day period. The tables present an example of quantile calculations for a few
exemplifying stocks. Based on the previous classification JPM belongs to class 1, GS to class 2, IFF to
class 3, and STAN to class 4.

Definition 1: We say that a favorable price movement occurred if either  the price level within the after-event window raises 
above the event price for at least one trade if the event was generated by a negative quantile, or  the price level within the after-
event window decreases below the event price level  for at least one trade if the event was generated by a positive quantile.

Ave Daily 
Vol. Expected return (%)       
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We can see that unlike the probability plots these surfaces seem to have different curvatures. Each surface 
has a maximum level which is remarkably obtained using the same quantile level for all volume window 
sizes. The optimum quantile level is different within each surface. The 3D plots are providing details of the 
optimal after-event window size for stock groups considered.

• As expected stocks behave differently depending on the daily average volume of trades.  In particular, from the data under 
consideration we saw the expected return attains its maximum for the following  quantile levels:

• The estimation of optimal window size produced the following results (with the data under study).

• In more general terms we determined:
1. We observed the existence of information embedded in the stock movement
2. The events we discover exhibit increased probability of price recovery
3. The  method is possibly more appropriate as a measuring tool for market reaction to singular events rather than a trading 

tool. These singular events may be viewed as suspicious or events that go against the information available to all market 
participants  and in this light it could be developed further  for forensic analysis.

At the top of the table to the
right we present the realized
probabilities of price
rebound for JPM for various
quantiles and window sizes.
The bottom line estimates
these probabilities using
Monte Carlo simulations.

Class Quantile
< 100,000 (ADV) 0.0025

< 1,000,000 (ADV) 0.0005
< 10,000,000 (ADV) 0.0001
> 10,000,000 (ADV) less than 0.0001

Class Before event window size After event window size
< 100,000 (ADV) 5,000 15,000

< 1,000,000 (ADV) 3,000 9,000
< 10,000,000 (ADV) 3,000 6,000
> 10,000,000 (ADV) 10,000 10,000
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