
  

  

Abstract—When using the data mining method for stock 

trading, it is essential to confirm the future stability of the rule 

found by the data mining method. Even if a rule can explain past 

data, in situations where the model behind the data changes, 

there is a risk of loss if an investment is made based on the rule 

learned using past data. In this study, we analyzed the 

mechanism behind the high-frequency trading prediction rule 

proposed in past research and demonstrated its stability. By 

demonstrating stability, this paper shows that investment using 

the rule can continue to be the basis for low-risk investment 

methods in the future. 

 
Index Terms—Data mining, high-frequency trading, stock 

price prediction, algorithmic trading 

 

I. INTRODUCTION 

The efficient market hypothesis (EMH [1]) was widely 

accepted in financial market studies. It asserts that financial 

markets are “informationally efficient.” As a consequence, 

future stock prices change randomly. In other words, they are 

unpredictable [2]. However, recent studies reported the 

predictability of high-frequency trading (HFT), e.g., [3] and 

[4]. Here, HFT is a trading method that uses an algorithm for 

stock trades and is executed by machines without human 

decision-making. Since high-frequency traders are the 

leading participants in today's exchanges, we believe EMH is 

denied as far as HFT is concerned. 

However, when using the data mining method for stock 

trading, it is essential to confirm the future stability of the rule 

found by the data mining method. Even if a rule can explain 

past data, in situations where the mechanism behind the data 

changes, there is a risk of loss if an investment is made based 

on the rule learned using past data. Unfortunately, previous 

studies only reported experimental results based on past data. 

Even if they follow an out-sampled framework, the out-

sampled framework only shows the predictability of the past 

data. The out-of-sample framework cannot guarantee that the 

mechanism that brings the predictability will not change in 

the future. It does not guarantee the eternity of found rules. 

In this study, we analyzed the mechanism behind the HFT's 

prediction rule proposed in past research [3] and  
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demonstrated its stability. To be precise, we found a 

mechanism behind the rule in [3]. Since the mechanism 

seems to be the essential (i.e., eternal) mechanism of HFT, 

we believe the rule found in [3] is also eternal and stable. By 

demonstrating its stability, this paper shows that investment 

using the rule can continue to be the basis for low-risk 

investment methods in the future. 

The remainder of this paper is organized as follows. First, 

Section II discusses the related studies in this domain. 

Subsequently, Section III explains the prediction rule found 

in [3]. Then, Section IV discusses its stability. Finally, 

Section 5 summarizes our findings. 

 

II. RESEARCH ON HFT AND ITS FORECAST 

The characteristics of HFT have been actively studied in 

recent years. By analyzing NASDAQ HFT transaction data, 

Brogaard et al. [5] found a correlation between price changes 

and buy/sell orders. Salighehdar et al. [6] analyzed price 

liquidity and found a cluster structure among transactions. 

Manahov et al. [7] analyzed the behavior of HFT in the 

Australian stock market. Consequently, it was found that 

numerous limit orders are cancelled within 50 milliseconds. 

They also showed a high tendency of cancellation for recently 

placed orders near the best market price. Matteo et al. [8] also 

reported similar findings, i.e., short-time reaction in HFT 

trading. Saito et al. [9] classified the top ten stocks on the 

Tokyo stock exchange (TSE) market in terms of the number 

of stock orders. According to [9], when stock prices rise, the 

execution volume and order volume shares increase with the 

market's direction. To be precise, they arranged trading 

information in 10-second units and reported that the HFT 

would place orders in the direction of market prices. This is 

different from what Niederhoffer et al. [10] reported as a 

characteristic of the traditional market. Niederhoffer et al. [10] 

analyzed the trend of future price fluctuations and reported 

that the direction of price fluctuations would reverse. Kohda 

et al. [11] perform different analyses by changing time scales 

and supports [10]. Lakshmi et al. [12] showed that HFT 

improves transaction costs, volatility, and trading imbalances 

in Indian stock exchanges. Anagnostdis et al. [13] 

investigated the liquidity risk in the French HFT stock market 

and found a relationship between the order size and the price 

fluctuations. 

Forecasting of stock price fluctuations also has been 

studied for a long time, e.g., [14-18]. Even if the topic is 

limited to HFT, Yoshida et al. [3] reported a simple price 

prediction rule for HFT. Zhang et al. [4] also proposed a 
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prediction method with an accuracy of 80%. 

 

III. PREDICTION RULE OF HFT PRICE 

In [3], Yoshida et al. show that a simple rule can classify 

short-term stock prices with an 82.9% accuracy. They count 

the number of buy and sell orders.  

Their analysis uses order book information from the Tokyo 

stock exchange (TSE). The TSE has been distributing real-

time stock exchange information through a high-speed 

trading network named “Arrowhead” [19].  When the TSE 

processes an order, it sends a UDP packet that contains 

information about the order, i.e., the stock ID, size of the 

order, and ask/bid price. In particular, each UDP packet 

contains the eight lowest ask orders and the eight highest bid 

orders (See Fig. 1).  The packet can therefore be described as 

a list of orders that record the interest of buyers and sellers on 

a particular stock, and is essentially an order book for the 

stock. A comparison of the current packet with its 

predecessor for the same stock enables the extraction of the 

information of the corresponding order. e.g., the number of 

buy and sell orders. 

                                         

 
Fig. 1. Information in UDP packets (in [3] Fig. 2). 

 

Fig. 2 shows an example of a rule they learned from the 

TSE order book information. Here, “e14” is the difference 

between the recently quoted price and its predecessor. “e13” 

is “e11 - e12” where “e11” is number of UDP packets for ask 

(i.e., buy) with the same price as the most recent quoted price 

after the corresponding trade and “e12” is the number of UDP 

packets for bid (i.e., sell) with the same price as the most 

recent quoted price after the corresponding trade. “n” and “p” 

show the direction of price fluctuation. 

In their experiments with the out-of-sample framework, [3] 

showed that this simple rule explains price fluctuations. 

However, it does not consider why such a simple rule holds. 

If such a rule is discovered, the structure of the market may 

change, and the discovered rule would no longer hold. The 

out-of-sample framework does not consider such a situation. 

Therefore, it is important to analyze the reason why this rule 

holds. However, [3] does not go into that much discussion. 

Thus, this paper analyses the mechanism behind this simple 

rule to show its stability.  

 

IV. MECHANISM BEHIND THE RULE 

We believe Fig. 3 shows the mechanism behind the rule 

shown in Fig. 2. It shows a simple trading strategy and 

branches an ordering process depending on whether the price 

rises or drops. First, if a stock price drops, the algorithm buys 

at the changed price (line 5). When the stock price returns to 

the original price, the algorithm sells the bought stock (line 

6). In this case, Algorithm 1 can achieve a profit because it 

can sell higher than the original stock price. If it does not 

return to its original price within 5 minutes, it sells the stock 

(line 8). In this case, Algorithm 1 will lead to a loss. When a 

stock price rises, the algorithm sells the stocks at the changed 

price (line 10). It buys the stock when the stock price returns 

to the original price (line 11). If the stock price does not return 

to the original stock price within 5 minutes, Algorithm 1 also 

executes a short covering (line 13). In this case, it will lead to 

a loss. 

 

 
Fig. 2. j48 pruned tree (in [3] Fig. 12). 

 

Note that similar trading strategies have been studied to 

exploit short-term price moves, e.g., [20] and [21]. We 

believe many high-frequency traders commonly use similar 

strategies, and the phenomenon reported in [11] are the side 

effects of this strategy. This strategy and similar strategies 

can make a profit if the price returns within 5 minutes. Kohda 

et al. [11] reported the probability of price return. According 

to their observation, the price will return with a probability of 

90%. Many high-frequency traders seem to know this 

probability and use the strategy shown in Fig. 3. 

Fig. 4 and 5 show the side effects of this strategy. Fig. 4 

shows the number of orders per millisecond after each 

execution. As shown in Fig. 4, the number of orders per unit 

of time is high immediately after executions. There exists no 
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apparent difference in the number of orders for the direction 

of price movement. Fig. 5 shows the ratio of buy orders after 

a stock price change. The dashed line is the percentage of buy 

orders after a price drops, and the solid line is after a price 

rises. The ratio of a buy order is significantly higher after its 

price drops and lower after its price rises (i.e., the ratio of a 

sell order is high). 

 

 
Fig. 3. Trading strategy. 

 

 
Fig. 4. Number of orders after price change (in [11] Fig. 5). 

 

 
Fig. 5. Orders’ ratio after stock price change (in [11] Fig. 7). 

 

These two figures show a significant bias in buy and sell 

orders immediately after each execution. Thus, we conclude 

that the simple rule reported in [3] is a natural result caused 

by the trading strategy shown in Fig. 3. We cannot deny the 

possibility that there are other causes of this bias. Still, the 

existence of this bias strongly suggests the presence of traders 

using strategies similar to those shown in Fig. 3. In addition, 

we believe small price fluctuations are unavoidable 

characteristics of stock prices. This price fluctuation is behind 

the price return probabilities shown in Fig. 6. Thus, the 

probability of price return shown in Fig. 6 is an eternal 

characteristic of HFT, and high-frequency traders will not 

discard the trading strategy shown in Fig. 3. The rule found 

in [3] is eternal and stable.  

The characteristics of HFT have been actively studied in 

recent years, and many studies attempt to predict future stock 

prices by data mining methods. Although it is essential to 

confirm the future stability of the rules found by the data 

mining method, few of them discuss the stability of the found 

rules. However, the above discussion using Fig.5,5, and 6 

shows the stability of the rules proposed in [3]. Furthermore, 

though the data used in this study is only about the TSE stock 

market [19], we believe the discussion of this paper can apply 

to other stock markets. 

 

 
Fig. 6. Probability of price return after price change (in [11] Fig. 9). 

 

V. CONCLUSION  

This study analyses the model behind the high-frequency 

trading prediction rule proposed in [3] and demonstrates its 

stability. To be precise, the prediction rule results from the 

characteristics of HFT-specific trading strategies. Therefore, 

the rule would continue to hold because the trading strategies 

seem to hold in the future. By demonstrating stability, this 

paper shows that investment using the rule can continue to be 

the basis for low-risk investment methods in the future. 
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