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Topics

1. Define the Problem of “High Frequency Data Filtering”
1. What is “bad”?
2. How common is bad data?

2. Why is it important?
1. Validity of backtesting.
2. Electronic execution

3. What are the issues?
4. What are the solutions?
5. Market Data
6. Continuous Queries
7. Corporate actions and indices
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What appears as 
“clean” data to a trader 
using 1-minute bars …..

COST, May 30, 2002, 9:30-11:00
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Problem Extends to End-of-Day Data

July 10, 2000

July 11, 2000July 7, 2000

AMAT July 7, 2000 – July 11, 2000

End of Day Low (85.00) set by a single “Out of Sequence” coded  trade.

Actual low is 86.50.
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I. Total Ticks
Trade Data 1,955,041 106,708 387,058 1,491,852 875,089 171,761 4,987,509

II. Valid Ticks
No Exceptions 1,935,932 105,166 383,549 1,482,488 860,991 170,824 4,938,950

III. Bad Ticks - Condition Code Issued
Condition Code 17,800 1,173 3,303 8,572 12,831 853 44,532

IV. Bad Ticks - No Condition Code Issued
Algorithmic 1,309 369 206 792 1,267 84 4,027

Total "Bad" Ticks 19,109 1,542 3,509 9,364 14,098 937 48,559
Total "Bad" Ticks (% ) 0.98% 1.45% 0.91% 0.63% 1.61% 0.55% 0.97%

Avg Ticks per Day 31,533 1,721 6,243 24,062 14,114 2,770
Avg Bad Ticks per Day 308 25 57 151 227 15

Minutes between Bad Ticks 1.3 16.3 7.2 2.7 1.8 26.8

AMEX NASDAQ NYSE

Tick Error Rates
Trade Data: January 1, 2004 – March 31, 2004



• Data must be filtered at its finest granularity.

• Overscrubbing data is a serious form of risk.

• Do not clean historical data in a fashion that cannot be replicated in real-time.

• The definition of “bad” tick is unique to each trader and is a function of the 
trader’s time scale, trading strategy, and what is possible in real-time.  There is no 
single “correct” filtered data set.  

• Match historical and real-time data practices. Do not change the micro-structural 
properties of historical data vis-à-vis real-time.

The primary objective in developing a set of tick filters is to manage the 
overscrub/underscrub tradeoff in such a fashion as to produce a time series 
that removes outliers in the trader’s base unit of analysis so as to  support 
legitimate historical backtesting without removing real-time properties of the 
data.  

Key Points and Objective



• The asynchronous nature of tick data.

• Differences in tick frequency across a universe of securities.

• Intraday patterns in tick frequency.

• The myriad of possible error types.

• Multiple sources of information (floor versus regional exchanges).

• Beginning of day effect; priming filters and corporate actions.

• Speed.

Challenges



Relationship between Ticks and Volume
Russell 3000 Constiuents

March, 2004

Average Ticks per Day - March, 2004 (log)

Average Volume per Day - March, 2004 (log)
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Relationship between Ticks and Market Capitalization
Russell 3000 Constituents

March, 2004

Average Ticks per Day - March, 2004 (log)

Market Cap - March, 2004 (log)

r-squared = . 424
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Group I
High Volume NASDAQ Issues (MSFT, INTC, CSCO)

725 ticks in the first minute

U-shape pattern

Ticks per Minute



Time (CDT)

Group II
Large Cap NYSE Issues (GE, PFE, JNJ)

725 ticks in the first minute
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Time (CDT)

Group III
Small and Mid Cap Issues (IOM, RESP)

Less pronounced U-shape pattern
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• Tick filters must be highly adaptive to tick flow:

• across securities, and

• throughout the day within the same security.

• Tick filters must not introduce excessive delay from computation time or the need 
for confirming data points.

• Tick filter should not treat historical data different from real-time data.

• Tick filter should have minimal parameters.

Solutions



II. Calculate distance from price to 
approximation.

III. Convert distance to units 
scalable across securities.

IV. Set Threshold 
(only parameter)

The Tick Data, Inc. Filter

I. Approximate Price 
(adaptive to tick flow)



Market Data

• Trades, Quotes
• Level2 Quotes, Orders
• 100,000 records per second
• 1,000,000 attributes per second
• 100,000,000 calculations per second?



Continuous Queries

Proprietary ..
• Moving averages
• Moving vwaps
• Indices
• Nbbo
• Size at inside
• Weighted sizes at bid and ask



Sample Clients

Given table 
x:([]time;sym;price;size)

• All:  t,:x

• Last: t,:select last price,      
last size by sym from x

• Vwap: t+:select size wsum 
price, sum size by sym from x



Corporate Actions

• 5 terabytes of history
• 100’s of daily indicators


