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Abstract 

Traders nowadays are doing intraday trading by using parameterized trading strategies 

to provide the market with liquidity. Part of them use strategies associated with the 

market microstructure. This paper will mainly test empirically on Microstructure 

Order Book strategy to see if the Chinese A-share market is efficient or not. My 

empirical test mainly consists of two parts. First, I need to access industry-level data, 

which at least span half of the year. Then, using Python, a modern programming 

language, to clean the data. In the following, I need to write the code to do an analysis 

job to test a large wide of alternative parameters. Last, to calculate the Sharpe ratio 

and to select the combination of parameters to maximum the Sharpe ratio. As for the 

importance of this test, it would show whether an investor can get profits through 

algorithmic trading by picking up certain parameters. 
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Introduction 

The global financial market consists of investors who hold different investing 

philosophies. Some of them believe the "value investment", which means they will 

purchase assets at undervalued prices to realize their profits when the value of the 

assets is recognized by the whole market. According to Asness, Frazzini, Israel, and 

Moskowitz (2015), researchers have already studied this topic since the 1980s. 

However, with the development of high-performance computers, traders have more 

advanced means to take profits from extreme price movement within a short time.   

This brand-new shift is brought by the high-frequency trading (also known as 

HFT). In the paper of Van Kervel and Menkveld (2019), it is argued that the 

participation of HFT is favorable for narrowing the bid-ask spread and improving the 

price efficiency. As Gomber and Haferkorn (2015) proposed, HFT should be regarded 

as a kind of evolution of the securities market in a natural way. In addition, the 

majority of trading strategies of HFT have a positive impact on market liquidity, i.e. 

market making strategy, and market efficiency, i.e. arbitrage strategies 

(Gomber&Haferkorn, 2015).   

Plenty of strategies based on HFT have been devised for capturing profits in the 

financial market. High-frequency traders would employ different algorithms to 

calculate indicators that meet traders' interests. The complexity varies from different 

traders even though the core strategy behind these algorithms is similar. This paper 

would mainly focus on one specific strategy based on HFT, the Microstructure Order 

Book strategy. It’s important to illustrate the concept of market microstructure. In 

short, the microstructure mainly studies three branches: price information and 
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discover, market structure and design, and information and disclosure (Marcus, 2018). 

Tsantekidis et al. (2017) argued that one feasible way of taking profits is to detect 

the market price movement to maximize profit while minimizing the risk amount by 

observing data from the limit order book. Besides, it's also feasible to use data from 

the limit order book to predict the direction of following market order (Cartea, 

Donnelly & Jaimungal, 2018). More accurately, Cartea, Donnelly, and Jaimungal 

(2018) take advantage of information from the limit order book to conduct directional 

trades by using market orders. 

There are researchers also interested in finding the optimal position for the limit 

order by using the signal from the limit order book. According to Guo, De Larrard and 

Ruan (2017), they studied the problem associated with optimal placement for limit 

orders. 

 In this paper, for Microstructure order book strategy, the test for parameters, 

which are crucial for devising the algorithm, is necessary. One important parameter, 

the Exponential Moving Average (EMA), is tested by Ju, Kim, and Lim (2019), 

whose result shows that there is discrepancy between short-term and long-term MA. 

Another important parameter is the standard deviation (STD), which is used to 

quantify the degree of deviation from the MA.  

Furthermore, with the construction of MA and STD, it is easy to build the upper 

band, which is equal to MA plus several STDs, and lower band, which is derived by 

using MA minus several STDs. Intuitively, with the belief of mean reversion of price, 

a trader should open his position when the current price of an asset is out of the range 
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of upper band and lower band.  

As for the connection between this thesis and the topic, if there are a pair of 

parameters that can make profits from the stock market, then the stock market is not 

efficient enough. In addition, the algorithm used in this paper is comparatively easy 

than those appearing in the literature review. Also, this paper mainly uses modern 

programming language to calculate big data from the order book to do back-test and 

find optimal pairs of parameters to make a profit. The result will be interpreted in a 

reader-friend way to make it as comprehensible as possible.  

 

 

 

 

 

 

  



 7 

Literature Review on Market Microstructure Order Book 

 It is necessary to show the how other papers can help me narrow down and build 

connections to my topic, Market Microstructure Order Book.  

 The concept of Market Microstructure has been explained by Marcus (2018). 

According to him, research on this field mainly focus on three branches: “price 

information and discover, market structure and design, and information and 

disclosure”. Price information and discover mainly concerns with how many 

information contained in the price of assets. Market structure and design mainly refer 

to trading rules and how these rules affect investors. In addition, information and 

disclosure refers to how market makers work in the market and how traders are 

affected by market makers.  

Fohlin (2016) states that it is the market microstructure that causes the 

asymmetric information which cause traders try to maximize their own profits against 

other maker participants in the market. In addition, the market microstructure will 

make impact on the market especially when the market is experiencing unusual events 

(Fohlin, 2016).  

 Some researchers have tested the microstructure of U.S. Treasury Market, and 

they also estimate the price impact of trading in this market. The microstructure of 

U.S. Treasury has changed a lot because of the shift from voice-assisted brokers to 

electronic brokers (Fleming, Mizrach & Nguyen, 2018). In addition, according to 

Fleming, Mizrach and Nguyen (2018), price impact is very small, and it can be 

smaller if order book information is considered. 

 The application of Market Microstructure has to do with the high-frequency 
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trading (HFT). Due to computer control, narrow “time scale of microseconds”, 

investors have to recognize the importance of learning Market Microstructure which 

requires to design optimized trading strategies against other high-frequency traders 

(O’Hara, 2015). As O’Hara (2015) states, exchanges have to design its microstructure 

better so that it will attract more HFT traders because HFT has contributed more than 

half trading volume. Given that in a mature financial market institutional investors 

doing most of trading, so Van Kervel and Menkveld (2019) try to test if orders from 

large institutional investors are based on information by using microstructure 

technique.  

 Ryu (2017) in his paper recommends some variables to make the market 

microstructure model more comprehensive. Variables, including size of order, order 

duration, market liquidity and the cost of holding the inventory, are used for 

constructing a more comprehensive model. What’s more, according to Ryu (2017), the 

extension of these variables is useful because these variables can provide traders with 

economic meaning. 

 After introducing basic knowledge about Market Microstructure, it is necessary to 

illustrate how other papers to design their own indicators for improving profits. In 

Enhancing Trading Strategies with Order Book Signals (Cartea, Donnelly, & 

Jaimungal, 2018), a good measure is devised for predicting the sign of the market 

order (MO) for the following short time based on information from Limit Order Book 

(LOB). In detail, their measure can help investors predict the types of the next MO, 

such as buy and sell, and the price of the next MO. Such an improvement is quite 
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useful because it can direct investors to place their order well to increase the profits. 

In addition, the advantage of use of the model in this paper can reduce adverse 

selection so that the profit will increase.  

Considering that huge amount of data from LOB, so it is necessary to process 

data before analyzing it. The method used by Tsantekidis, Passalis, Tefas, Kanniainen, 

Gabbouj and Iosifidis (2017) shows how these authors process huge LOB data to 

decrease the noise. The introduction of mid-price indicator and Exponential moving 

average indicator can be used for detecting if price movement occurs. Puljiz, Begušić 

and Kostanjčar (2018) show the result of empirical research about the prediction 

based on mid-price indicator by introducing limited order book model. Their 

predicted frequencies of upward price movement are similar to observed frequencies 

of upward price. However, when ask and bid orders are separated to calculate the 

estimating arrival and cancellation rate, their result is much worse than the situation 

where these orders are taken together (Puljiz, Begušić & Kostanjčar, 2018). 

 Ju, Kim and Lim (2019) use gradient analysis towards some important indicators 

in the microstructure of multiply markets. For LOB volumes, the result shows that 

when market goes down, the gradient of bid volume is negative and gradient of ask 

price is volume, which means more people want to sell their stocks. If the market goes 

up, then the sign of two gradients just reverse. They also test the change of 

Exponential moving average and show that when there is increase in long-term 

Exponential moving average, the best bid and ask price to have higher chance to go 

up.  
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Methodology 

 Generally, this paper will mimic the Microstructure Order Book strategy to back-

test if there is a pair of parameters that can make profits in the Chinese A-share 

market.  

In detail, the method used in this paper mainly consists of the generation of key 

indicators, selection model and the calculation of the Sharpe ratio. The generation of 

key indicators mainly refers to create indicators that can represent the trend of the 

market at the moment. The indicators measure how strong the buy side (sell side) now 

is, and they indicate which direction a trader should go. The selection model is used to 

pick up the data records which meet the requirement of the model maker, and the 

result from the model shows the moment when a trader should open his or her 

position. The last step is associated with calculating the Sharpe ratio, which quantifies 

how many returns can be earned by taking a unit risk. 

Data would be collected from the database of Bloomberg, and they will be 

cleaned before putting it into the next step. In the analysis process, all data will serve 

for building the Bollinger Band, which consists of the upper band and the lower band. 

As introduced above, the upper band level would be equal to the sum of Exponential 

Moving Average (EMA) and the product of a constant and the rolling Standard 

Deviation (STD).  

For EMA, the bigger the 𝛼 is, the more sensitive the EMA to the recent price. 

𝐸𝑀𝐴𝑡 = 𝛼𝑃𝑡 + (1 − 𝛼)𝐸𝑀𝐴𝑡−1  
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𝐸𝑀𝐴𝑡 =
∑ 𝑝𝑡−𝑖(1 − 𝛼)𝑖𝑛

𝑖=0

∑ (1 − 𝛼)𝑖𝑛
𝑖=0

 

Suppose the window time is n, then, 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔 𝑀𝑒𝑎𝑛 𝑉𝑎𝑙𝑢𝑒 =  
∑ 𝑝𝑡−𝑖

𝑛
𝑖=0

𝑛
 

 The rolling mean value would be used to replace the mean value in the 

calculation of STD. Suppose the current combination of parameters is window n, and 

the coefficient of STD is K, then the upper band level and the lower band level would 

be 

𝑈𝑝𝑝𝑒𝑟𝑏𝑎𝑛𝑑 𝐿𝑒𝑣𝑒𝑙 = 𝐸𝑀𝐴𝑡 + 𝐾 ∗ 𝑆𝑇𝐷 

𝐿𝑜𝑤𝑒𝑟𝑏𝑎𝑛𝑑 𝐿𝑒𝑣𝑒𝑙 = 𝐸𝑀𝐴𝑡 − 𝐾 ∗ 𝑆𝑇𝐷 

The materials involved in this paper are R and Python programming language, 

which would be used for processing the large volume of data.   

As for limitation, the algorithm of EMA assigns little weights for the past price 

information. In a way, it reflects the current price information, but it also ignores the 

impacts of tailed-risk events because these events usually have long-term impacts. 

However, the weight of these events will quickly decrease due to the mechanism of 

the EMA.  

In addition to the disadvantage of the mechanism of the EMA, the value of Lower 

band level is also quite low due to the special investment policy in the Chinese A-

share market. It is difficult for investors to short selling in the Chinese A-share 

market, which means even though the traders are aware of the selling trend of the 

market, they have no immediate method to follow the selling trend to make a profit in 

the downside of the market.  
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The Sharpe ratio calculation is modified due to the complex process of modifying 

the risk-free interest rate. Traditionally, the Sharpe ratio’s formula is:  

𝑆ℎ𝑎𝑟𝑝𝑒 =  
𝑅𝑝 − 𝑅𝑓

𝜎𝑝
 

where 𝑅𝑝 is the return of the portfolio, 𝑅𝑓 is the risk-free interest return and 𝜎𝑝 

is the standard deviation of the portfolio’s excessive return. However, it is 

unnecessary to deduce the risk-free rate because the microstructure strategy is not 

used for cross-region markets. Thus, a modified Sharpe ratio is more useful, and the 

computer can process data faster without the more complex algorithm.  

The modified Sharpe ratio is defined in this way:  

𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑑 𝑆ℎ𝑎𝑟𝑝𝑒 =  
𝐴𝑣𝑒_𝑅𝑝

𝜎𝑝
 

Where the 𝐴𝑣𝑒_𝑅𝑝 means the average return rate per trading day, and the 𝜎𝑝 is 

the standard deviation of the portfolio’s total return. In the following heatmap, all 

numerical values refer to the modified Sharpe ratio.  
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Data 

⚫ Row Data 

All row data come from the Bloomberg Terminal, which provided historical limit 

book data. The dataset consists of sub-data from 30 stocks in the Chinese A-share 

market, which cover all information for half a year. Each dataset of one stock in the 

A-share market has 4 columns or 4 variables. It contains Time, Type, Price, and Size. 

The following table shows an example of one record of the dataset. 

No Time Type Price Size 

1 2019/2/1 9:30:03 Bid 5.51 43,923 

2 2019/2/1 9:30:03 Bid 5.51 23,453 

3 2019/2/1 9:30:03 Bid 5.51 14,523 

4 2019/2/1 9:30:04 Bid 5.52 12,652 

5 2019/2/1 9:30:06 Bid 5.54 1,974 

 

The row data has the following features which bring disadvantage for the back-

test. 

1. The time is not even. From the above table, it is known that we have 3 bid limit 

orders at the same time, 2019/2/1 9:30:03. When we generate the MA and STD, 

which require the time span parameter, for example, 500 seconds, as its argument, 

so the time must be distributed evenly. Thus, we have to condense all information 

from the limit order book at 2019/2/1 9:30:03 into one record.  

2. The time recorded is not continuous. There is no bidder put their orders in 

2019/2/1 9:30:05. So, we have to copy the information from last time to represent 
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the status of the moment that the dataset lacks.   

 

⚫ Processing Row Data – Step: Generation of an indicator measuring the trend 

As mentioned above, this paper would adopt a simple algorithm to generate an 

indicator representing how strong the whole market is buying or selling. Therefore, an 

additional variable, Cumuindicator, is created to meet this need. Taking the Chinese 

A-share market's policy into consideration, this indicator has to return to 0 after the 

closing the market, and it will recalculate at the next trading day.   

𝐶𝑢𝑚𝑢𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 =  ∑ 𝑃𝑟𝑖𝑐𝑒𝑡 × 𝑆𝑖𝑧𝑒𝑡 × 𝑆𝑖𝑔𝑛𝑡 

𝑇𝑖𝑚𝑒(𝑡)

 

Where t is in a certain trading day. 

𝑆𝑖𝑔𝑛𝑡 = {
1, 𝑇𝑦𝑝𝑒𝑡 = 𝐵𝑖𝑑

−1, 𝑇𝑦𝑝𝑒𝑡 = 𝐴𝑠𝑘
 

By adopting the above algorithm, the row data would have an additional column: 

 

No Time Type Price Size CumuIndicator 

1 2019/2/1 9:30:03 Bid 5.51 43,923 242015.73 

2 2019/2/1 9:30:03 Bid 5.51 23,453 371241.76 

3 2019/2/1 9:30:03 Bid 5.51 14,523 451263.49 

4 2019/2/1 9:30:04 Bid 5.52 12,652 521102.53 

5 2019/2/1 9:30:06 Bid 5.54 1,974 532038.49 

Still, this table hasn’t solved the problems mentioned above.  

 

⚫ Processing Row Data – Step 2: Adjustment 



 15 

The ideal dataset after cleaning should be like this one:  

No Time Type Price Size CumuIndicator 

1 2019/2/1 9:30:03 Bid 5.51 81,899 451263.49 

2 2019/2/1 9:30:04 Bid 5.52 12,652 521102.53 

3 2019/2/1 9:30:05 Bid 5.52 12,652 521102.53 

4 2019/2/1 9:30:06 Bid 5.54 1,974 532038.49 

 

The new No.1 record is generated by sum all size of 2019/2/1 9:30:03 when the 

prices are the same. If the prices are not the same for all bid orders in the same time 

period, then the last price information will be used for the purpose of approximation. 

The new No.2 record is the same as the original No.4 record. Also, the new No.4 

record is the same as the original No.5 record in the dataset. The generated No.3 

record in the new table is created by copying all information except the time from the 

new No.2 record in the second table.   
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Analysis and Findings 

After running the code through Python and generating the heatmap for the 

historical performance of 30 stocks by Excel, there are 5 out of 30 stocks are qualified 

for the microstructure strategy. There are also 8 stocks proved to have significant 

positive return.  

The criteria for the microstructure strategy are to have more than 30 trading 

volume and the Sharpe ratio which is larger than 2. Here is the overall table to 

summarize all result information from the empirical test.  

Code 
Optimal Parameters 

EMA STD Sharpe 

600150 2400 5.0 1.85426 

600410 2700 2.5 1.8620 

600703 3700 3.5 2.15135 

600536 4900 4.0 2.27605 

601318 2000 4.5 1.19426 

601155 2400 3.0 3.04656 

601066 1700 5.0 4.12903 

600585 4700 3.0 2.29217 

 

Table 1 Overview Testing Result 

 

The table 1 only contains the stocks which have positive Sharpe ratios. Due to the 

theme of this paper is about microstructure strategy, stocks which meet the criteria of 

this trading strategy will be discussed in detail.  

For stock code 600503, the heatmap, which is the figure 1(a), shows us that the 

best Sharpe ratio occurs when EMA’s parameter is 4900 and STD’s parameter is 4. 

The reason to pick up (4900, 4) has to do with the stability. From the figure 1(a), it is 

known to us that other Sharpe ratios which are around the best one selected are also 
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high and positive. Thus, even though the market changes, the return would also be 

relative stable.  

For stock code 600585, the heatmap, which is the figure 2(a), shows us that the 

best Sharpe ratio occurs when EMA’s parameter is 4700 and STD’s parameter is 3. 

The mechanism behind this selection is the same as the code 600503.  

For stock code 600703, the heatmap, which is the figure 3(a), shows us that the 

best Sharpe ratio occurs when EMA’s parameter is 3700 and STD’s parameter is 3.5. 

Reader may feel confused about this value because the Sharpe ratios from other 

combinations are even larger. An important concept, the significant statistical 

meaning, is worth of emphasizing. In this case, a high Sharpe ratio is preferred but its 

number of trading has to be larger than 30, which indicates the sample size has to be 

larger otherwise this Sharpe ratio is not meaningful.  

For stock code 601066, the heatmap, which is the figure 4(a), shows us that the 

best Sharpe ratio occurs when EMA’s parameter is 1700 and STD’s parameter is 5. 

The selected Sharpe ratio, 4.129, is the largest value among all calculated Sharpe 

ratios in this table and its trading volume is larger than 30, which leads to the 

combination (1700,5) the best choice. 

 For stock code 601155, the heatmap, which is the figure 5(a), shows us that the 

best Sharpe ratio occurs when EMA’s parameter is 2400 and STD’s parameter is 3. 

The mechanism of this selection is similar to the one of the stock with code 600703.  

After showing the result for these selected stocks, it is necessary to show more in 

detail to illustrate why the market is not efficient enough.  
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For all table plot, for example, the figure 1(b), all CumuIndicator numbers have 

been converted into the log value with 10 as the base. In addition, the y-axis is the 

rank of the observations with processed CumuIndicator values. For instance, 10% 

means records with all top 10% processed Cumuindicator values. This mechanism 

applies to all rest table plots, such as the figure 2(b), 3(b), 4(b) and 5(b).  

For figure 1(b), it is known to us that the top processed CumuIndicators will 

occur between April and May, which means that investors in the market trend to buy 

the stock 600536 between April and May. In addition, the negative processed 

CumuIndicator value occurs in March and May, which means that investors want to 

sell their stock in March and May. This result can also be confirmed by the figure 

1(c). Furthermore, if the Time variable is taken into consideration, it is seen that the 

higher log CumuIndicator will occur after 13:30, which shows the investors are likely 

to purchase this stock in the afternoon session. Another phenomenon is noticeable, it 

is during the afternoon session when investors want to sell the stock 600536 because 

the lowest log CumuIndicator values occurs in this period.  

For figure 2(b), the highest values occur in April to June, and the lowest values 

occur in March to April, which shows that the investors want to sell the stock and then 

they want to buy the stock again. This result can also be reflected in the figure 2(c). In 

term of the Time variable, a phenomenon is noticeable. The highest and the lowest 

values occur in the afternoon session. Or more detailed, they all occur in the moment 

when the market is close to the close time.  
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For figure 3(b), the top 2% highest values occur in March and July, and lowest 

values occur in March and April. This result can also be reflected in the figure 3(c). In 

term of the Time variable, the highest and the lowest values are more likely to occur 

in the afternoon session. Or more specifically, they are likely to happen in the moment 

when it’s close to the end of the trading day.  

For figure 4(b), the top 1% highest values occur in March and April and the 

lowest values occur in March and June. This result can also be confirmed by the 

figure 4(c). What makes the stock 601066 different from other stocks mentioned 

above has to do with the Time variable. The highest log Cumuindicator occurs in the 

beginning of the afternoon session, but the lowest one is likely to happen in the end of 

the trading day. 

For figure 5(b), the top 1% highest value occurs in July and the lowest values are 

likely to happen in April and July. This result can be confirmed by the figure 5(c). In 

term of the Time variable, all lowest values are likely to happen in the end of the 

market, but the highest values are distributed relatively evenly from the beginning of 

the morning session to the end of the afternoon session.  

All analysis focusing on the likelihood of the processed CumuIndicator in terms 

of specific date and specific time period shows that the market mood towards buying 

and selling are biased.  
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Conclusion 

From the above analysis and findings, further detailed conclusions about the 

microstructure strategy is needed to illustrate the feasibility of this strategies. 

Combined with the result from the last section, an investor who conducts the 

microstructure strategy is able to design the algorithm which detects the mood the 

market to get the profits. The core of this strategy is to know the mood the market 

within a short time in advance so that the investor can buy stocks at a lower price 

earlier and then sell the stocks later at a higher price which is driven by the mood of 

the market.  

The feasibility of this strategy relies on the inefficient market, which is caused by 

many factors such as the intervention from regulatory institutions and large number of 

irrational individual investors in the market. In addition to these factors mentioned 

above, an algorithm that is quick enough to calculate the market mood is also 

important. What’s more, for the stocks which have been proved to have the optimal 

combination of parameters, it’s not sufficient to say that the trader using the 

microstructure can get profit from it. The competition among all traders is severe and 

it may cause some of traders to suffer losses because of commission fees and unideal 

position they enter. For example, the optimal combination for stock 601066 is (1700, 

5.0). In reality, if a stock’s current price leaves the rolling average price about 5 

standard deviation, every investor who believe the feasibility of the microstructure 

strategy will compete to buy the stocks, which leads to the situation where some other 

traders may buy the stock at a much higher level than they thought. This is another 

core of the microstructure strategy – the speed. Since the microstructure strategy plays 
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an important part in the high-frequency trading, in fact this trading strategy is 

common for most of the practitioners in this industry, which means the profit space 

left will be smaller and smaller.  
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Limitations and Contributions 

⚫ Limitations 

This back-test does have several limitations, some of which come from the 

inherent institute of A-share market, some of which belong to the method I used for 

cleaning data and calculating the indicators 

Inherent limitations mainly lay down the inflexibility of short selling in the A-

share market, which leads to a situation where the trader can only wait when the 

whole market is selling. In A-share market, investors have limited access to short 

selling stocks because the minimum level is 20 million CNY and investors are limited 

to short selling when the market is in the serious crisis.     

Other limitations are associated with the processing method of row data. As 

mentioned above, for those records whose time is the same, the "condensing" way is 

to take the information from the last record, which would cause the lack of records 

with extreme price and size information. This approximation method will cause the 

accuracy of the back-test.  

The size of the dataset is not large enough. As mentioned above, the dataset only 

covers half-a-year span, which is less than the time for a complete business cycle. 

Therefore, the result generated by using this relatively small dataset may not suit for 

the whole business cycle. 

This paper only provides the readers with the result of back-testing. Thus, the 

Sharpe ratio calculated by this paper is only an ideal value, which means in reality, the 

true performance will be affected by other factors, such as the competition from other 

traders who adopt a similar trading strategy. In this paper, it is assumed that the 
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investor who conducts the microstructure strategy is able to buy the stock 

immediately after the price is deviated to the significant statistical level. However, in 

reality, lots of other investors in the high-frequency fund would also compete to open 

their long position if the price deviates to the abnormal level, which would lead to 

lower profits for each participant using the microstructure strategy.     

 

⚫ Contributions 

 Compared with papers which adopt advanced and complicated algorithm to 

predict the tendency of the trades, this paper adopts a much simpler algorithm to 

calculate the indicator, which would be friendly for readers with basic quantitative 

knowledge and financial knowledge. At least, this paper would give readers the sense 

of trading by taking strategies based on High-Frequency Trading, which may pave the 

way for further study. 

In addition, this paper would also test if the Chinese A-share market is efficiency 

enough. If it's quiet efficiency, then the expected result should be negative because of 

the existence of fees for trading. If it is not efficient enough, the result should show 

lots of feasible combinations of parameters that lead to a positive Sharpe ratio.  
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Appendix 

 

Figure 1(a): 600536 Heatmap  
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Figure 1(b): 600536 Table Plot 

 

 

Figure 1(c): 600536 Cumuindocator  
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Figure 2(a): 600585 Heatmap 
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Figure 2(b): 600585 Table Plot 

 

 

Figure 2(c): 600585 Cumuindicator 
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Figure 3(a): 600703 Heatmap 
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Figure 3(b): 600703 Table Plot 

 

 

Figure 3(c): 600703 Cumuindicator 
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Figure 4(a): 601066 Heatmap 
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Figure 4(b): 601066 Table Plot 

 

Figure 4(c): 601066 Cumuindicator 
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Figure 5(a): 601155 Heatmap 
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Figure 5(b):601155 Table Plot 

 

 

Figure 5(c): 601155 Cumuindicator 


