
UCLA
UCLA Electronic Theses and Dissertations

Title
Evaluation of day-trading algorithms

Permalink
https://escholarship.org/uc/item/6rh4q43t

Author
Yamaba, Yasuhiro

Publication Date
2021
 
Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6rh4q43t
https://escholarship.org
http://www.cdlib.org/


 

 

UNIVERSITY OF CALIFORNIA 

Los Angeles 

 

 

Evaluation of day-trading algorithms 

 

 

A thesis submitted in partial satisfaction 

of the requirements for the degree 

Master of Applied Statistics 

 

by 

 

 

Yasuhiro Yamaba 

 

 

 

 

 

 

 

 

2021



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

© Copyright by 

Yasuhiro Yamaba 

2021 



 

 ii 

ABSTRACT OF THE THESIS 

 

Evaluation of day-trading algorithms 

 

by 

 

Yasuhiro Yamaba 

Master of Applied Statistics 

University of California, Los Angeles, 2021 

Professor Hongquan Xu, Chair 

 

In 2020, the coronavirus crisis disrupted and dominated the news about the stock market. It was 

difficult to predict what would happen in the stock market over the short term or long term. 

However, the market for day trading (buying and selling stocks within the same day) was not 

significantly affected by each daily news because the risks of day trading were lower than those 

of other trading methods at that time. Therefore, overall, there were relatively lower risks 

associated with day trading. This thesis evaluates day-trading algorithms in an attempt to 

enhance trading methods. I developed five day-trading algorithms, which were evaluated. The 

algorithms bought 505 stocks from the S&P 500 index, and all stocks were sold before the 

market closed for the trading day. Value at risk (VaR) and conditional value at risk (CVaR) were 

used as risk measures. To evaluate performance, the cumulative gross log returns of each 

algorithm were compared with those of the S&P 500 index fund, SPDR S&P 500 ETF. The 

experimental results show that model D, based on the last nine days’ data, performed better and 

had a lower risk than the other methods.  
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1. Introduction 

The financial market is where trading occurs. It includes various business sectors, each with 

expertise in some instruments and with various characterized rules [1]. For the most part, when 

individuals allude to trading or to the market, they refer to the segment of the capital market that 

deals with equities, where the exchanging of stocks takes place [1]. The foreign exchange market 

is the biggest monetary market [2]. Many of the technical analysis techniques used to trade 

stocks are founded upon the outcome of the analysis, which is based on stock price and volumes. 

The methods utilized make it possible to avoid haphazardness in the exchange interaction [2]. 

Recreations based on authentic information can provide starter data about the anticipated 

execution of exchanging systems on the live market. In the 21st century, information technology 

is changing the electronic stock and cash markets.  

Algorithmic trading is a computerized utilization of electronic stages, used to enter 

exchanging orders based on a calculation that settles on parts of the order, like the value, timing, 

or order amount, or, by and large, trading without human intercession [3]. Customarily, brokers 

monitor such exchanging exercises and venture portfolios by utilizing market reconnaissance 

innovation [4]. Applications, like algo-trading, have sufficient underlying knowledge to identify 

trading opportunities that match the yield and different standards requested by the client [4]. 

High-frequency trading (HFT) is an essential type of algo-exchanging [5]. Using supercomputers 

and complex calculations that make breaking news, financial and stock data, and cost and 

volume developments, numerous organizations make exchanges in a matter of microseconds 

through HFT [6]. It has been revealed that HFT represented 60–73% of all U.S. value 

exchanging volume since 2009, with that number falling to around half that percentage in 2012 

[5]. HFT merchants move through transient situations at high volumes, planning to catch a 

negligible part of a penny in benefit per exchange.  
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Day trading has gotten extremely famous worldwide since the beginning of the COVID-

19 pandemic. The movement expanded drastically in the principal quarter of 2020, in contrast 

with earlier years [7]. Many unemployed Americans felt that it was a technique they could use to 

supplant their lost pay, as reported by CNBC news [7]. Individuals are doing things they 

ordinarily would not do in light of all the extra time they have on their hands. The hope of huge 

increases draws them in. COVID-19 has, essentially, influenced exchanging [7]. Gormsen 

utilized information from the total securities exchange and profit fates to evaluate how financial 

backers' assumptions regarding monetary development advanced across skylines in light of the 

COVID flare-up and ensuing approach reactions, from January 2020 through June the same year 

[8]. Their estimate of yearly profits was down 9% and 14% in the U.S. and E.U., and their gauge 

of GDP development was somewhere near 2.0% and 3.1%, respectively [8]. Using the S&P 500 

index, Hakan explored the impacts of COVID-19 cases in America, utilizing day-by-day 

information covering the time frame between January and August [9]. The observational 

outcomes proposed that having 1 percent of an expansion in combined daily COVID-19 cases in 

America led to a 0.01% of a total decrease in the S&P 500 index following one day and an 

approximate 0.03% of a decrease following one month [9]. While evaluating the COVID 

pandemic's monetary effect, Baker et al. utilized stock market volatility to measure the gigantic 

expansion in monetary vulnerability [10]. They discovered that about half of the anticipated yield 

compression mirrored a negative impact of COVID-initiated vulnerability.  

My algorithm utilized the relative strength index (RSI) and Bollinger Bands. Both are 

techniques that permit traders to realize whether costs are high or low, overbought or oversold 

[11]. It is intended that the RSI should be calculated before future value developments. It 

provides a warning sign before an inversion of patterns happens. Bollinger Bands are usually 

used to gauge the instability of a resource [11]. They give a sign exclusively in the wake of 

something that has occurred. A Bollinger Band comprises three elements: a 20-day basic moving 
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average, and upper and lower groups with two standard deviations from the first segment [11]. 

RSI quantifies the speed and change of value development [11]. It fluctuates between 0 and 100, 

where a value over 70 generally addresses overbought stocks and a value under 30 addresses 

oversold stocks.  

The nature of trading information permits one to determine monetarily based measures and 

risk measures. Value at risk (VaR) is a factual measure used to survey the degree of risk related 

to a portfolio or organization [12]. It gauges the greatest possible misfortune with a level of 

certainty for a predefined period. The conditional value at risk (CVaR) attempts to evaluate what 

befalls any venture past its most extreme misfortune edge [12]. This measure is more sensitive to 

events that occur in the last part of an appropriation. The S&P 500 is a market-capitalization-

weighted record of American organizations that makes up 80 percent of U.S. value by market 

cap [13]. It is generally viewed as the best check of enormous U.S. cap values and is frequently 

alluded to as "the market" since it involves stocks that cover all market areas. It is the benchmark 

for values and value reserves.  
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2. Method 

2.1. The Basic Strategy of Day Trading 

The algorithm trades 505 stocks from the S&P 500 index. Stocks are sold and bought 

each and every day and there is no withholding of stocks. Stocks are never held until the next 

day. Therefore, stocks are sold by closing market each and every day. The algorithms load a one- 

minute close price of all 505 stocks and work each and every minute. 

 

2.2. The Buying Signal and Selling Signal 

The algorithms developed have particular criteria for the selling and buying of stocks. 

Based on financial indicators, decision making in buying of stocks has four signals according to 

financial indicators such as the Bollinger Band and RSI. 

2.3. Bollinger Bands 

John Bollinger developed the Bollinger Bands for predicting overselling and overbuying of 

an asset or securities. Bollinger Bands are tools represented by trends plotted to two standard 

deviations of a simple moving average (SMA) of a stock price [14]. The Bollinger Bands were 

developed to determine opportunities that will present investors with a higher chance of 

identifying when an investment property has been overbought or and oversold.  

A Bollinger Bands comprises three lines: a simple moving average (SMA) and a lower and upper 

band. The lower and upper bands are usually two standard deviations from a twenty-day SMA. 

Bollinger Band is calculated by first computing the SMA for the asset using a twenty-day SMA. 

A twenty-day SMA will average the asset in question closing prices for the first twenty days [14]. 

The standard deviation of the security or assets' price will be obtained. 
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The Bollinger-Bands-based technique is highly common in the securities market today. 

Security traders believe that the closer the asset's price is to the upper band, the more overbought 

is the asset. However, the closer the asset’s price is to the lower band, the more oversold the 

asset. John Bollinger introduced another term, the squeeze, which refers to when bands come 

closer together, contracting the SMA [14]. The squeeze represents a moment of low volatility, 

and it represents a possible future trading opportunity. However, as the bands become wider, 

there is a greater likelihood of decreasing instability and thus a greater likelihood of traders 

leaving the market. 

 

Bollinger Band Definition 

Upper Bollinger Band = MA(CP,n)+1∗σ[CP,n] 

Lower Bollinger Band = MA(CP,n)−1∗σ[CP,n] 

 

where: 

MA = moving average 

CP = closing price 

n = number of days in smoothing period (typically 20) 

σ[CP,n] = standard deviation over last n periods of closing price 

 

2.4. Relative Strength Index 

 Relative strength index (RSI) is an analysis tool for determining momentum used in the 

procedural analysis that determines the scale of current price variations regarding oversold or 

overbought conditions in relation to an asset price [15]. RSI is displayed as an oscillator with 

readings from zero to 100. RSI values above 70 indicate the security or asset in question is 
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becoming overbought or overvalued in the market. A reversal or corrective pullback of the price 

is advisable at this point. The overselling or overvaluing of an asset in the market is illustrated by 

RSI values of 30 and below.  

An idea connected to identifying overbought or oversold conditions suitable to the 

tendency is to emphasize trading techniques and signals that follow the pattern. Besides, bullish 

signals are used when the price presents a bullish tendency, and bearish signals when the stocks 

assume a bearish trend will help avoid incorrect signals generated by the RSI. A bullish deviation 

occurs when the RSI generates an oversold territory [15]. A bearish divergence arises when the 

RSI generates an overbought level succeeded by a lower high matching consistent with higher 

highs on an asset's price. 

In most cases, the RSI is confused with the moving average convergence divergence 

(MACD). However, the MACD shows the relationship between two SMAs of an asset or stock 

price. The MACD is computed by deducting the twenty-six-day exponential SMA from the 

twelve-day exponential SMA; the results of the computations are represented by the MACD line. 

Though the RSI and MACD perform the same function, they accomplish it differently.  

 

Relative strength index (RSI) 

 

2.5. The Buying Signal 

There are four signals. Signal 1 indicates that the price goes down under the lower 

Bollinger band and the period of the Bollinger band is 30 minutes. Signal 2 indicates when the 

price goes up over the lower Bollinger band after the first signal. Signal 3 indicates that the price 

goes down under the RSI after the second signal (RSI is variable, such as 30 or 40×), and the 
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duration of the RSI is 30 minutes. Signal 4 indicates that the price goes up over the RSI after 

signal 3. Once signal 4 is satisfied, the buying signal commences. 

2.6. The Selling Signal 

The stocks are usually sold in case the price becomes y% higher than the price with 

which the algorithm bought the stocks for. In cases where the price of the stocks becomes z% 

lower than the price with which the algorithm bought them for, the stocks will also be sold. 

Stocks can also be sold if they are held for 180 minutes. All the holding stocks are sold one 

minute before the market closes even if the stocks have been held for less than three hours or 

have not attained an x% higher price. 

2.7. Generating 242 Patterns Beforehand 

The RSI, target profit rate, and target loss rate are variable. The target for RSI is patterns 

such as 30 or 40. The target loss rate is 11 patterns and the target loss rate is set at 11 cases. All 

the combinations (2*11*11 = 242) are created and run on the stock date. The algorithms 

comprise  242 patterns. 

RSI (x): 

30, 40 

Target profit rate (y): 

0.005, 0.007, 0.009, 0.011, 0.013, 0.015, 0.017, 0.019, 0.021, 0.023, 0.025 

Target loss rate (z): 

−0.005, −0.007, −0.009, −0.011, −0.013, −0.015, −0.017, −0.019, −0.021, −0.023, −0.025 
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2.8. Five Algorithm Models Based on 242 Patterns 

2.8.1. Model A 

Model A stocks are targeted by the algorithms comprise 505 stocks selected from the S& 

P 500 index. A total of 242 patterns of the algorithms will be run daily on the training data to 

obtain the average daily log return, which will be determined for each algorithm for all periods. 

This model will have the highest average log return during the period. The algorithm is RSI, 

PROFIT_RATE0.005. 

2.8.2. Model B 

Model B target stocks are the top 65 stocks with the highest percentage change where the 

value increased compared to the previous day among the 505 stocks from the S&P 500 index. 

They are selected every day and they are different every day. The algorithm runs every day to 

obtain the daily average log return, which will be determined for each algorithm for all the 

periods. B will have the highest average log return and will be traded at less than A. 

2.8.3. Model C 

Model C targets 505 stocks selected from the S&P 500 index. In this model, all 242 

patterns will be run daily and will be divided into two parts: one where stocks are purchased 

between 8:00 a.m. and 12 noon, and the other where stocks are purchased at 12:01 p.m. and 4:00 

p.m. New York time. The average log return of each algorithm will be determined for the 

morning stocks. For all the periods, the average of the daily log returns will be obtained for the 

morning stocks only and the trading results of only the afternoon stocks will be used. With 

model C, different algorithms may be used in the morning and afternoon. 
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2.8.4. Model D 

Model D targets the 505 stocks selected from the S&P 500 index. Just as with Model C, 

this model is divided into two parts, where the morning stocks are purchased between 8:30 a.m. 

and 12 noon and the afternoon stocks are purchased between 12:01 p.m. and 4:00 p.m. For the 

N-day, the algorithm is determined by referencing the last referring to the last nine days’ data. 

The D model runs the 242 patterns of algorithms for the last nine days. The average log returns 

of the morning trades for the last nine days will be determined. Trading will, however, not take 

place if the average log return is negative.  

The algorithm with the highest average log return for the afternoon trading results will be applied 

to the afternoon algorithm. In model D, if the average log return is negative, trading will not be 

carried out; hence, there may be days when trading will not take place. 

2.8.5. Model E 

Model E adds the US 500 Futures information to Model D to determine whether the 

algorithm is carried out. The algorithm is performed only when the US 500 Futures price is 

positive compared to the previous day. The basics of the algorithms are similar to those of model 

D. Again, this model is divided into two parts, where morning stocks are purchased between 8:30 

a.m. and 12 noon and the afternoon stocks are purchased between 12:01 p.m. and 4:00 p.m. The 

algorithm of the day is determined by referring only to data for the last three days when the value 

of the US 500 Futures is positive compared to the previous day. If the value of the US 500 

Futures price is negative compared to the previous day, it will not be applied. The 242 patterns of 

algorithms will be run for the above target. The average log return for trading in the morning 

over the last three days will be determined. In this case, the highest average will be considered 

the morning algorithm. However, if the average log return of the highest algorithm is negative, 

no trading will be carried out.  
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The average log return of each algorithm for the afternoon trading will also be 

determined. From the results of the last three days, the algorithm with the highest average log 

return will be used for the afternoon, and if negative, trading will not be carried out. As with 

Model D, if the average log return is negative, no trading will take place. Trading will also not be 

carried out if the US 500 Futures price is negative. 

2.9. The Evaluation Methods 

2.9.1. Log return 

Log return, also known as the compounded return, is a method of calculating the rate of 

returns. It assumes that the returns are continuously compounded. Log returns are calculated by 

taking the natural log of the end value and dividing this by the start value (Zhang et al., 2021). 

The logarithm of a number that equals its base gives you Value one (1), so the log return is 

Po(1+R). Log return is calculated for statistical evaluations such as the MSPE (mean squared 

prediction error) and out-of-sample R-square. The benefit of using log returns is normalization. 

Normalization refers to the measurement of all variables in a comparable metric, thereby 

enabling the evaluation of analytic relationships between two or more variables even when they 

originate from a series of unequal values.  

  Besides, the simple return is used for calculating economic values such as Sharpe ratios. 

This is because both simple return and log return have additivity properties for the cross-section 

and time-series perspectives. However, log return and simple return are different terms and are 

confused by many people. The log return for a return period is the sum of the log returns of the 

period's partitions. In contrast, a portfolio's simple return is the weighted sum of the constituent 

portfolio's simple returns [16]. Another term confused for log return is the lognormal return. 
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2.9.2. CVaR and VaR 

Three methods can be used to evaluate the CVaR and VaR: the historical method, 

Gaussian method, and Cornish-Fisher expansion model. The research uses log return because log 

return follows a normal distribution, which is needed when determining the CVaR and VaR. The 

historical and Gaussian methods require normal distribution of the asset return. To check the 

assumption, QQ plots are drawn, although the asset returns do not follow a normal distribution. 

In this paper, my research examines all the methods. 

 The value at risk (VaR) is a popular measure for risk mostly used in financial institutions 

to measure their portfolios' risks. The VaR measures the minimum loss within an interval period 

at a given probability. It also measures the minimum loss within an interval period at a given 

probability [17]. On the other hand, the conditional value at risk (CVaR) measures the average 

loss if the VaR is exceeded. This measure is more sensitive to events that occur in the last part of 

an appropriation. 

The VaR is a factual measure used to survey the degree of risk related to a portfolio or 

organization [17]. It gauges the greatest possible misfortune with a level of certainty for a 

predefined period. The CVaR evaluates what befalls any venture past its most extreme 

misfortune edge. It is generally viewed as the best check of enormous cap U.S. values and is 

normally referred to as "the market" since it involves stocks that cover all market areas; it is the 

benchmark for values and value reserves. 

In the historical method, the VaR is determined through the analysis of a large quantity of 

historical data. Via the use of historical data, the VaR makes a few assumptions about the return 

distribution. The second method used is the Gaussian method, which is also known as the 

parametric method. This method assumes a statistical distribution for the returns of the stock. 

Finally, the Cornish-Fisher expansion model, also known as the modified VaR and CVaR model, 
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is used when the return distribution is abnormal. The formula of this model builds in the sample 

skewness and excess kurtosis to estimate extreme qualities.  

For example, consider Microsoft's daily performance through the years 2009 to 2021. 

The company's stock price was around $30 at the beginning of this period, which saw a steady 

rise to $33 through September, before a sharp decline to $15 by the end of 2009. Microsoft stock 

gained an exponential increase in its valuation with the start of a new decade, rising to $240 by 

the beginning of 2021.  

Figure 2.1 is a histogram that compares the frequency of log return. The VaR is a 

historical method that utilizes the "left tail" of the histogram, so these are the lowest 5% of daily 

returns. The 5% VaR is −0.02375909 with log return. The VaR indicates 95% confidence that 

the worst daily loss will not exceed 2.375%. 

 

Figure 2.1: Histogram of daily return for Microsoft 

 

Figure 2.2’s graph introduces the Gaussian model. This model uses the normal 

distribution based on an expected return and a standard deviation of the historical daily return.  
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As with the historical model, the "left tail" is used to calculate VaR. The VaR predicts with 95% 

confidence that the worst daily loss will not exceed 2.674%. 

 

Figure 2.2: Histogram and normal distribution of daily return for Microsoft 

 

2.9.3. Comparisons with the Benchmark  

The study compares methods with the most liquid S&P index fund—the SPDR S&P 500 

ETF (SPY)—using cumulative gross returns. To obtain a higher return, which involves 

optimizing the algorithm, my research examined five models based on 242 algorithms and data 

set. 

 

 

2.10. Training Data 

2.10.1. Box plots and mean value of all models 

Figure 2.3 displays the box plot for log returns related to each model from the training 

data set. The plot of model A is the smallest interquartile range, and the lower whisker is longer 

than the higher whisker. Model B has a wider box than model A. Also, the median of model B is 

greater than that of model A. In addition, of the five models, the minimum log return is the 
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lowest in model B. The box of model C is in a slightly lower position than that of model B, but 

the minimum log return is higher in model C than in model B. The plot of Model D looks like 

that of model B. However, the median of model D is lower than that of model B. Model E looks 

the best, because the maximum and minimum log returns are the highest point. The upper 

quartile and lower quartile also have the highest position among the five models, and the lower 

whisker is the shortest. 

In Figure 2.4 and Table 2.1, model E has the greatest average log return, while model A 

has the lowest score. The mean value of model A is 0.00067 and the mean value of model E is 

0.00352. Therefore, the average return for model E is five times greater than that for model A. 

 
Figure 2.3: Box plots of all models of the training data 
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Figure 2.4: Mean log return for the five models of the training data 

 

  model_A model_B model_C model_D model_E 

mean_log_return 0.000671 0.001255 0.001245 0.001827 0.003529 

Table 2.1: Mean log return for the five models of the training data 

 

2.10.2. Total number of trades 

Figure 2.5 shows the total number of trades on the training data. The number depends on 

the algorithms. Model B had the lowest number of trades, as the algorithm for model B trades 

only 65 stocks each day. Other models attempt to trade 505 stocks, so model B should have the 

smallest number. Model D also had a lower number because model D works in the case of 

positive average log returns for the data for the last nine days by 242 algorithm patterns. If there 

are only negative averages, model D stops. That is why model D had the smallest number of 

trades in the data set. Model E has a stricter limitation for executing the model E algorithm. 

Model E has similar conditions to model D; in addition, model E timing works only when the 

S&P 500 Futures price change before the day is positive.  

Table 2.2 describes the proportion of selling, loss cuts, timeout, and market timeout per 

model. If the algorithms can sell stocks, it means a profit, because each algorithm has a positive 
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target profit rate. Model A was the best performance model, since model A had the highest 

proportion of sell positions among all models. However, it should be the best, because model A 

picked the best profit model among 242 patterns. Model E was the lowest buy proportion model, 

but according to Figure 2.4, the mean log return of model E was higher than that of model A. 

Model E had the highest proportion of timeouts, which means that the algorithm could not sell or 

take a loss cut within three hours. The situation can be interpreted to mean that model E acquired 

some stocks at a lower price, and the stock price increased, even though it did not reach the 

target price. 

 

Figure 2.5: The total number of trades on the training data 

 
 model_A model_B model_C model_D model_E 

sell.prop 0.56302501 0.50478293 0.27466553 0.29560898 0.23800508 

losscut.prop 0.09758942 0.06438558 0.05543994 0.05294326 0.03855922 

timeout.prop 0.27984675 0.36791759 0.63281659 0.5702044 0.66945278 

timeout_market.prop 0.05953882 0.06291391 0.03707794 0.08124335 0.05398291 

Table 2.2: Proportion of sell, loss cut, timeout, and market timeout 
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2.10.3. VaR and CVaR 

In Figure 2.6, all five models were checked for normal distribution. All data points were 

recorded as log returns on the training data. According to Figure 2.6, no plot had a straight line. 

Therefore, the log return did not follow normal distribution. The Var and CVaR, with historical 

models in Figure 2.7 and Table 2.3, and the Gaussian model in Figure 2.8 and Table 2.4, require 

normal distribution as an assumption, so neither the historical nor the Gaussian model is suitable 

for the data. To confirm how differences in the assumptions were generated, the historical model 

and the Gaussian model were demonstrated. The Cornish-Fisher model does not assume normal 

distribution. The Cornish-Fisher model is a better method than either the historical or the 

Gaussian model for the data set. 

Model E is the worst-performing model among the three methods. However, the Gaussian 

method leads to more risk in model E. Model C of the Cornish-Fisher method is the fourth-

lowest risk model, while the historical method shows model C to be the worst-performing model. 

The Gaussian method shows a large absolute value for both model D and model E. The three 

models used to determine VaR and CVaR had slightly different results.  

The data does not follow normal distribution, so the Cornish-Fisher model is more suitable 

than the two other models. According to Figure 2.9 and Table 2.5, model E is the lowest-risk 

model for both VaR and CVaR. On the other hand, model B is the highest-risk model for Var 

and CVaR. While model D is the second-lowest risk model, the model holds the third position in 

terms of CVaR. Figure 2.10 shows a second and third small peak on the lower log-return side; 

smaller peaks cause higher CVaRs. 
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Figure 3.5: QQ plot of log-return of five models 

Figure 3.6: VaR and CVaR with historical model 

Figure 2.6: QQ plot of log return for the five models 

 

Figure 2.6: QQ plots of log return for the five models 

Figure 2.7: VaR and CVaR with historical models 
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model_A model_B model_C model_D model_E 

VaR.hist -0.0052201 -0.0063512 -0.0067751 -0.0043627 -0.0009731 

CVaR.hist -0.0069957 -0.0098637 -0.0087718 -0.0065577 -0.0025450 

Table 2.3: VaR and CVaR with historical models 

 

 
Figure 2.8: VaR and CVaR with the Gaussian model 

 

 
 

model_A model_B model_C model_D model_E 

VaR.gaussian -0.003957122 -0.005558523 -0.004717442 -0.003360517 -0.002507519 

CVaR.gaussian -0.005132839 -0.007289514 -0.006232172 -0.004678397 -0.004041099 

Table 2.4: VaR and CVaR with the Gaussian model 
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Figure 2.9: VaR and CVaR with the Cornish-Fisher model 

 
 

model_A model_B model_C model_D model_E 

VaR.Cornish-shiher -0.004781355 -0.006744669 -0.005577034 -0.00397795 -0.000313676 

CVaR.Cornish-shiher -0.006547736 -0.009642803 -0.008626118 -0.006711218 -0.001511031 

Table 2.5: VaR and CVaR with the Cornish-Fisher model 

 
Figure 2.10: Density of log return for model D 
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2.10.4. Model A: Comparisons with the benchmark 

Figure 2.11 displays and describes the cumulative multiplication of the model A and S&P 

500 index log return, based on the raised benchmarks. The model A multiplication is higher than 

1.00, but the model A line is below the benchmark. The benchmark contains a negative trend 

from the past periods, and the model A trend remains relatively stable. Considering the S&P 500 

benchmark index, there will be a sharp increase from August to October 2020, but model A does 

not follow the increasing trend. In Figure 2.12, model A contains two small peaks with a 

negative log-return side.  

 

 
Figure 2.11: The cumulative multiplication of log return for model A 
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Figure 2.12: Density plot of model A for training data 

 

 

 

2.10.5. Model B: Comparisons with the benchmark 

Although the S&P 500 index fund benchmark increased the price sharply in August and 

November 2020, model B does not follow the growing trend in Figure 2.13. While model B has a 

higher cumulative multiplication of log return in part of around 26 October, 2020, the S&P 500 

index fund benchmark has a better score than model B for almost all the period. In Figure 2.14, 

model B has two small peaks on the negative log-return side.  
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Figure 2.13: The cumulative multiplication of log return for model B 

 

 

Figure 2.14: Density plot of model B for training data 

 

2.10.6. Model C: Comparisons with the benchmark 

Although the S&P 500 index fund benchmark increased its price sharply in August and 

November 2020, model C does not follow the growing trend in Figure 2.15. The line of model C 
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looks like the average line of the S&P 500 index fund benchmark. In Figure 2.16, model C has 

two small peaks on the negative log-return side.  

 

 

Figure 2.15: The cumulative multiplication of log return for model C 

 

Figure 2.16: Density plot of model C on training data 
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2.10.7. Model D: Comparisons with the benchmark 

Although the S&P 500 index fund benchmark increased in price sharply in August and 

October 2020, model D does not follow the growing trend, as shown in Figure 2.17. Although 

the S&P500 index has a downtrend in September and October 2020, model D continues to grow. 

Therefore, model D is one of the most robust models in a condition of decreasing stock price. In 

Figure 2.18, model D has two small peaks on the negative log-return side.  

 

 

Figure 2.17: The cumulative multiplication of log return for model D 
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Figure 2.18: Density plot of model D for training data 

 

2.10.8. Model E: Comparisons with the benchmark 

In Figure 2.19, the S&P 500 index fund benchmark increased in price sharply in August 

and September 2020, and model E also follows the growing trend. Even though the S&P 500 

index fund decreased and increased in September and October, respectively, model E continues 

to grow. Some horizontal lines indicate that model E did not work for trading, because model E 

only works if the future S&P 500 index is positive. In Figure 2.20, model E has two small peaks 

on the negative log-return side and positive log-return side.  
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Figure 2.19: The cumulative multiplication of log return for model E 

 

 

Figure 2.20: Density plot of model E for training data 
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3. Results 

3.1. Box Plots 

Figure 3.1 describes the box plots of the test data for the five models. Model D has a lower 

quartile over zero, even though other models have lower quartiles under zero. Furthermore, the 

range of the model D interquartile is the shortest. Conversely, the model B, model C, and model 

E interquartile belong to the wider group.  

 
Figure 3.1: Box plots of the test data for the five models 

3.2. Mean Value of Log Return 

In Figure 3.2 and Table 3.1, model E has the highest mean value of log return, at 

0.002330708, and model D has the second highest. Model A has the lowest mean value, at 

0.0004419852. Therefore, there is a 5.273 times gap between model A and model E. The mean 

value of model D is 5.015 times higher than that of model A. 

Table 3.2 describes the proportion of sell, loss cuts, timeout, and market timeout per model. 

Model E has the highest proportion of selling, while model C has the lowest. Model B has the 

highest number of timeouts, which means the stocks the algorithm bought did not reach the 

target price or the loss cut price. Model A had the greatest number of loss cuts. 
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Figure 3.2: Mean value for log return of test data 

 

 
model_A model_B model_C model_D model_E 

mean_return 0.000441985 0.000857084 0.001321398 0.002216717 0.002330708 

Table 3.1: Mean value for log return of test data 

 
 

model_A model_B model_C model_D model_E 

sell.prop 0.4698223 0.2283879 0.21530685 0.4752721 0.5056589 

losscut.prop 0.0657935 0.0338785 0.02077245 0.1055372 0.1394503 

timeout.prop 0.3222273 0.5443925 0.58731538 0.2016091 0.1734034 

timeout_market.prop 0.1421569 0.1933411 0.17660532 0.2175816 0.1814875 

Table 3.2:  Proportion of selling, loss cut, timeout, and timeout markets 

 

 

3.3. Total Number of Trades 

Figure 3.3 shows the amount of trading by each model on the test data. While model A 

has the highest amount of trading, model B has the smallest, with 1,712 trades, as shown in 

Table 3.3, because model B traded only 65 stocks on each date. Model E has the second 

lowest amount of trading. Although model E can trade 505 stocks per day, model E only 

works in the case of increasing future S&P500 index for the previous day. Model D also has 
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a different volume from models A and C. Model D becomes active if there are algorithms 

that have a positive log-return average from the past nine days. Although model D trades 

505 stocks, the model does not always work. 

 

Figure 3.3: Total number of trades on test data 

 

 
model_A model_B model_C model_D model_E 

total_number_trading 13056 1712 12661 8452 2474 

Table 3.3: Total number of trades on test data 

 

3.4. VaR and CVaR 

Figure 3.4 indicates the log return of all models that do not follow normal distribution. Even 

though the test data has a smaller volume than the training data, the result of the VaR and CVaR 

using the Cornish-Fisher expansion model is helpful in estimating the risk, because the Cornish-

Fisher model does not require normal distribution. Figure 3.7 and Table 3.6 show that model D 

has the lowest risk, in terms of the VaR. However, model D has the highest CVaR. In Figure 

2.18, model D has two small peaks on the negative log-return side of the density plot. Those two 

peaks cause high CVaR. The text data is small in volume, so acquiring a more accurate VaR and 
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CVaR requires more data. Applying the Gaussian method, model D is the lowest-risk model, as 

shown in Figure 3.5 and Table 3.4. By contrast, Figure 3.6 and Table 3.5 show that model E has 

the lowest risk. Also, Model B is the highest-risk model when applying the Gaussian and 

historical methods, as shown in Figure 3.5 and Figure 3.6. 

 

 
Figure 3.4: QQ plots of the test data for the five models 

 

 
Figure 3.5: Determining VaR and CVaR with the Gaussian method 

  model_A model_B model_C model_D model_E 

VaR.gaussian -0.003511879 -0.006055028 -0.003850751 -0.002892581 -0.003160176 

CVaR.gaussian -0.00451632 -0.007810984 -0.005164685 -0.004190549 -0.004555082 

Table 3.4: Determining VaR and CVaR with the Gaussian method 
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Figure 3.6:  Determining VaR and CVaR with the historical method 

 
model_A model_B model_C model_D model_E 

VaR.hist -0.00386771 -0.00665097 -0.004082942 -0.001384816 -0.001327164 

CVaR.hist -0.005744799 -0.007843419 -0.004860102 -0.001625711 -0.001522717 

Table 3.5:  Determining VaR and CVaR with the historical method 

 

 
Figure 3.7: Determining VaR and CVaR with the Cornish-Fisher model 

 
 

model_A model_B model_C model_D model_E 

VaR.Cornish-shiher -0.003856503 -0.005849976 -0.003335718 -0.000566697 -0.002293599 

CVaR.Cornish-shiher -0.005549674 -0.007751126 -0.0044016 -0.008742016 -0.003356956 

Table 3.6: Determining VaR and CVaR with the Cornish-Fisher model 
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3.5. Comparisons with the benchmark 

3.5.1. Model A 

As can be seen from Figure 3.8, there is an increasing trend present in both the short term 

and long term. Although the S&P 500 index fund benchmark increased the price sharply in 

December and January 2020, model A does not follow the growing trend. In addition, Model A 

is always under the S&P 500 index fund. Similar to the benchmark, model A also drops under 

1.00 on December 14, 2020. In Figure 3.9, model A has two small peaks on the negative log-

return side. 

 

Figure 3.8: The cumulative multiplication of log return for model A 
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Figure 3.9: Density plot of model A for test data 
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3.5.2. Model B 

In Figure 3.10, model B is under the benchmark from December 1 to December 21, 2020. 

Between December 21, 2020, and January 4, 2021, model B shows better performance than the 

benchmark. Even though the S&P 500 index fund benchmark increased the price sharply 

between January 4 and January 6, 2021, model B could not follow the increased line. In Figure 

5.1, model B has one small peak on the positive log-return side. According to Figure 3.11, the 

benchmark has a greater density of higher log returns. 

 

 

Figure 3.10: The cumulative multiplication of log return for model B 
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Figure 3.11: Density plot of model B for test data 
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3.5.3. Model C 

 Figure 3.12 shows that model C performed more poorly than the benchmark from 

December 1 to December 8, 2020, and from December 14 to December 16. After December 16, 

model C has a higher log return than the benchmark. While the benchmark sharply increased and 

then decreased in January 2021, the log return of model C remained stable. In Figure 3.13, model 

B has a small peak in the negative log-return area. 

 

Figure 3.12: The cumulative multiplication of log return for model C 
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Figure 3.13: Density plot of model C for test data 

3.5.4. Model D 

 Figure 3.14 shows that model D has better performance than the benchmark, in spite of 

the fact that no dealing took place in early December. Model D analyzes the historical price for 

the last nine days of dealing, as there was no trading in the first nine days. Model D has a straight 

line around December 28, 2021, because this model did not find the patterns that provide 

positive profit from the last nine days’ data. In addition, on January 13 and 29, 2021, the model 

shows a profit, even though the benchmark decreased. In Figure 3.15, model D has two small 

peaks on the positive log-return side. 
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Figure 3.14: The cumulative multiplication of log return for model D 

 

 

Figure 3.15: Density plot of model D for test data 
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3.5.5. Model E 

 In Figure 3.16, model E has a horizontal straight line, because model E had not yet 

started working. If the future S&P 500 index price decreases compared with the day before, 

model E does not start working. Also, model E checks the historical price from the last three 

days, when the future S&P 500 index price increases. Therefore, model E had limited activity in 

December 2020 and January 2021. As a result, model E did not perform better than the 

benchmark after January 5, 2021. Figure 3.17 shows that model E did not have a higher density 

than the benchmark on the negative log-return side. However, the amount of trading by model E 

is limited. 

 

Figure 3.16: The cumulative multiplication of log return for model E 
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Figure 3.17 Density plot of model E for test data 

4. Conclusion 

This thesis shows how five models work for day trading. In the experiment, 505 stocks from 

the S&P 500 index were traded every single day with each model. The algorithms load a one-

minute close price for all 505 stocks and work every minute. The models are designed for a day-

trading model; therefore, the models bought and sold stocks one day without holding the stocks 

the next day. The training data set, which covers 505 stocks from June 1 to November 30, 2020, 

were used to develop the models. To evaluate the models, each model was run on the test data, 

which comprised 505 stocks from December 1, 2020, to January 31, 2021. The results showed 

that model D was the best model. There are several reasons for this, including a great trading 

volume, great performance, and low risk. 

Model D had a high trading volume and high average return. Based on the amount of trading 

and average log return, model D was better than the other models. Although model E had the 

best performance, model E also had the smallest amount of trading. The capital for investment 

should be split as much as possible, for decreasing risk. Model A had the greatest amount of 
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trading. However, model A performed worst. Model C had a good balance between amount of 

trading and expected log return, but model D performed better than model C. 

In addition, model D had the second-highest VaR—with the Cornish-Fisher model—of all 

the models from the training data, which indicates a lower risk. The VaR of model E was best. 

On the contrary, model E had less trading, and the model did not have sufficient data to estimate 

the VaR. Therefore, it is possible that model E did not have a more reliable VaR than model D. 

Although model A had a lower risk with CVaR than model D, model A had a poorer 

performance than the benchmark S&P 500 index. So, model A was not a viable option for the 

day-trading algorithm. 

In conclusion, model D was the best model in the experiment. Model D avoided risk by 

executing many trades per day. Also, the VaR of model D indicates a low risk for investment. 

From the aspect of return performance, model D performed better than the benchmark.  

5. Future work 

Developing algorithms that work well in a negative situation, such as falling stock prices, 

helps model D perform better. The models used the Bollinger Band and RSI for estimating the 

lowest price. However, other financial techniques might be applied in order to find the most 

robust model in relation to the negative trend. 

Time of holding stocks might be one of the significant factors. The research showed that 

stock for day trading should be held for a maximum of three hours. A shorter holding time means 

the amount of trading increases. For example, if a stock was bought, held for three hours, and 

then sold, that would mean just one stock was traded in three hours. If the holding time is a 

maximum of one hour, a stock was bought, held for only one hour, and then sold. After that, two 

more trades are executed for another two hours. But a maximum one hour hold might reduce the 

chances of securing a profit. If the algorithm waits for one more hour, the stock the algorithm 
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bought might increase in price. Therefore, more research on the relationship between holding 

time and profit is needed. 

A third aspect of discussion involves the kinds of stocks purchased. This research used 505 

stocks from the S&P 500 index. Viable candidates include stocks not only from the S&P 500 

index, but also from the Nasdaq stock market. Almost all companies in Nasdaq are smaller than 

those in the S&P 500, so it is possible that Nasdaq companies require different parameters and 

financial techniques for day-trading algorithms. 
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