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Abstract 

Over the past 20 years, financial markets in most regions of the world have experienced growth 

in the use of algorithmic trading across different asset classes (Goldman Sachs, 2018). This new 

way of trading has caught a lot of attention, including ours. Therefore, this paper aims to shed 

light on the subject of algorithmic trading. First, this paper introduces the concept of algorithmic 

trading as well as addressing both its advantages and disadvantages, mostly related to the 

reduction of human intervention. Thereafter, some important key concepts and theories are 

presented, including asset types, volatility, transaction costs, as well as performance measures.  

 

In the next part of this paper, we explore the process of designing a trading algorithm with a 

practical example. We begin with presenting the strategy and translating it into code. The idea 

is that one can profit from the difference between realized and implied volatility. The first 

strategy uses the GARCH model – a statistical model often used to measure realized volatility 

in financial markets. Meanwhile the second strategy uses the standard deviation of an S&P500 

ETF, the SPY, instead of the GARCH model. Further, the volatility index for the S&P500 index 

– the VIX – is used as implied volatility. The strategy is simple: to short volatility when realized 

volatility is lower than implied, and to go long when realized volatility is higher than implied, 

which means that we will be invested at all times. The strategy using the GARCH model, the 

strategy using the standard deviation of SPY and the average of these strategies is then 

backtested with SPY as the benchmark, in order to analyse their performance. Further, the 

algorithms are optimized to reduce the implied risk. 

 

What we have found is that the average of the two strategies clearly outperforms the buy and 

hold strategy with SPY. The strategies outperform not only in terms of higher returns, but also 

in all of the three performance measures: Sharp-Ratio, Calmar-Ratio and Ulcer Performance-

Index. However, these benefits come at a cost. The strategies increase the transaction costs due 

to higher frequency of trading. Further, the strategies also result in a higher standard deviation, 

and higher risk as the algorithm walks right into the volatility crash of 2018. In order to prevent 

this, we optimized the algorithm, by incorporating the concept of decreasing the invested 

position when profits increased. Following the optimization, the algorithm no longer walks into 

the volatility crash of 2018, giving reduced risk and reduced standard deviation. Although this 

also means a significant reduction in returns, the algorithm still greatly outperforms SPY. 
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1 Introduction – A New Age of Quantitative Trading 

As the computer has become smarter and more widespread than ever, they are being used to 

support humans in all imaginable areas of life and business. In finance, algorithmic trading has 

become an integral and permanent part of our capital markets (SEC, 2020). That has led to a 

great increase in market liquidity, decrease in volatility, reduced trading costs, and made the 

markets more accessible than ever (Harris, 2003). However, the computers have also been 

blamed for causing several of the most extreme market crashes in the history of the stock market 

(SEC & CFTC, 2010). 

 

Since the turn of the century, algorithmic trading has “disrupted the structure of the market and 

now makes up a significant amount of the daily trading volume on US and Global Exchanges” 

(Dehod, 2019). Within the money management industry, we observe an ever-increasing use of 

quantitative method and computer programs to automate their highly sophisticated strategies. 

At least 5 of the top 10 largest hedge funds worldwide (based on AUM) can be regarded as 

being quantitative, in that they approach the market with mathematical, computational, and 

statistical methods (Bloomenthal, 2020). The question that arises is: “are the quant-strategies 

really that good?”. The performance of Renaissance Technologies’ flagship fund – Medallion, 

speaks for itself: 

 

Figure 2: Medallion Fund Returns 
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The fund has delivered a staggering 39 percent annual return after one of the industry’s highest 

fees, over 30 years (Remsburg, 2020)! The founder, a mathematician and former cold war code 

breaker named Jim Simons, has recently been regarded as the world’s greatest investor 

(Zuckerman, 2019). Just 20-30 years ago, most people were sceptical about this new breed of 

math whizzes starting to apply their technical skills to “solve the markets”. However, now they 

seem to have conquered Wall Street (Patterson, 2011). No wonder why more and more people, 

both institutional- and retail investors, are starting to explore the world of algorithmic and 

quantitative trading (SEC, 2020). 

 

We have found algorithmic trading to be one of the most fascinating areas in finance and have 

therefore decided to concentrate our paper around the process of developing a trading 

algo. More specifically, we will explore how algorithmic trading affects returns and risk, and 

how we through optimization can adjust the strategy to reduce risk. The results will be discussed 

and compared with a passive buy and hold strategy.  

 

Firstly, we will present a few key concepts and theories that will be of use throughout our paper. 

Secondly, the process of building and backtesting a trading algo will be elaborated upon. Here 

it is important to emphasise the word “process”. We have no intention of building the next 

Renaissance Technologies, but rather analyse and optimize existing strategies using multiple 

performance measures. Finally, we will provide a conclusion based on our findings and address 

potential weaknesses. 
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2 Theory 

We will begin this section by discussing the concept of algorithmic trading. What is it and what 

advantages and disadvantages does it represent? Next, the instruments used in the strategies 

will be explained. Thereafter, volatility and transaction costs will be presented, both of which 

may affect the performance of the strategy. Finally, three performance measures will be 

introduced. 

 

2.1 Algorithmic Trading – Advantages and Disadvantages 

Algorithmic trading is defined by Investopedia as: 

 

“[…] a computer program that follows a defined set of instructions (an algorithm) to place a 

trade. The trade, in theory, can generate profits at a speed and frequency that is impossible for 

a human trader” (Seth, 2020). 

 

In comparison to more traditional ways of trading, algorithmic trading has both advantages and 

disadvantages (Samuelsson, 2020). Starting off with its advantages, algorithmic trading offers 

both increased speed as well as more accuracy. These advantages come as a result of computers 

replacing human intervention. Further, algorithmic trading takes away the emotional aspect of 

trading. For instance, an algorithm will not sell in panic if a stock drops a bit more than 

anticipated. It will not keep a stock just because it likes the company either. The algorithm does 

exactly what it is programmed to do, which forces the trader to be 100 percent specific in his 

goals and ideas. At last, algorithmic trading offers the ability to backtest your strategy using 

historical data, which might help improve and optimize your strategy (Samuelsson, 2020).  

 

Next, moving on to disadvantages of algorithmic trading. First of all, the loss of human control 

also means lack of human sense. Algorithms cannot completely understand the market situation 

and all circumstances in the same way as humans. Further, algorithmic trading also means 

dependency of technology. The technology must be monitored to make sure it works as 

intended, if not there is a risk that you end up losing money (Samuelsson, 2020). In addition, a 

strategy that works today, might not work tomorrow. 
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2.2 ETF – Exchange Traded Fund 

According to ETFGI, a research and consulting company within the ETF-industry, the amount 

of cash invested in ETF´s during the last ten years is more (ETFGI, 2019) than fivefold. But 

what exactly is an ETF? An Exchange Traded Fund is a fund that can consist of multiple 

securities which at all time can be traded at an exchange. For instance, it can consist of stocks, 

indexes, commodities, and bonds. Most other funds are traded once during a day, while ETF´s 

are traded just like stocks throughout the day (Chen, Exchange Traded Funds - ETFs, 2020). 

What this means is that ETF´s offers both the flexibility of a stock and the diversification from 

funds, in a single financial instrument. Further, it is also less costly to buy an ETF than to buy all 

of the underlying’s.  

  

2.3 ETN – Exchange Traded Note 

ETN, or Exchange Traded Note, is an unsecured debt security issued by financial institutions. 

Just like ETF´s, ETN´s are traded at an exchange like stocks throughout the day, which means 

that it offers flexibility. ETN´s can most easily be understood like a bond. It does not pay interest 

payments, but at maturity it aims to pay returns according to its underlying index. Contrasting 

to ETF´s, ETN´s does not provide ownership in the underlying but is backed by the credit of 

the issuer. This means that the risk in ETN´s is not only the performance of the underlying, but 

also if the issuer is able to repay at maturity (Chen, Exchange Traded Notes - ETN, 2020).    

  

2.4 Volatility 

Volatility is the unexpected tendency for changes in prices. The change can come as a response 

to new information about value, or as a response to a demand from traders asking liquidity, i.e., 

the ability to trade large volume without it being too costly (Harris, 2003). Further, volatility is 

closely related to both risk and profit. If the price of the underlying drops, it means that you on 

paper lose money if you are long, or earn money if you are short, and vice versa. Because 

of changes in price, volatility influence risk. An underlying that fluctuates a lot is consequently 

riskier than a steadier underlying (Harris, 2003).   

   

Furthermore, volatility can be divided into two types: Fundamental volatility and Transitory 

volatility. Fundamental volatility is a result of unanticipated changes in instrument values. 
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Factors that might impact the instrument value, are for instance the quality of the management, 

supply and demand for the product offered, the company´s resources and technology, interest- 

and inflation rates as well as macroeconomic policies (Harris, 2003). Transitory volatility is a 

result of trading activity by impatient uninformed traders. This type of volatility causes the price 

to diverge from fundamental value but is named transitory because the prices eventually will 

revert to fundamental value. Most of the time this type of volatility is due to what is called 

“Bid/Ask Bounce”, which happens when market orders are used to buy at ask or sell at bid 

(Harris, 2003). Adding both the fundamental- and transitory-volatility gives the Total volatility, 

which is used as a measure of volatility by its variance, standard deviation or mean absolute 

deviation of the change in price (Harris, 2003).    

 

2.5 Transaction- and Management Costs  

Transaction costs represents costs associated with trading and are divided into three types 

(Harris, 2003). The first type is “Explicit Transaction Cost”, which are the costs that are most 

easy to identify. Taxes to the government and management costs like commissions are good 

examples. The second type is “Implicit Transaction Cost”, which are the costs that follows from 

trader’s impact on prices. If you use a market order when there is a large difference between 

the bid and the ask, you pay what is called the spread. Further, when execution larger orders, 

one might run the risk om walking up the book. The bigger the order, the larger the impact. 

These are typically implicit costs. The last type is the “Missed Trade Opportunity Cost” or time 

cost. A good example is if you want to buy a stock and place a limit-order around the lowest 

ask. If the price then rises, and the order fails to execute, you have lost the price-movement 

(Harris, 2003). 

 

2.6 Sharpe Ratio 

Numerous performance measures can be used to evaluate the performance of any trading 

strategy or financial security. One of the most known performance measures is the Sharpe ratio. 

The measure was developed by William F. Sharpe in 1966 and adjusts the return of an 

investment with the risk taken (Hargrave, 2020). The measure is calculated by taking the 

difference between the returns of the investment and the risk-free rate and dividing it by the 

standard deviation of the investment. Because an investor would ideally want high return with 

close to no risk, higher is better for the Sharpe. 
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𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =
𝑅𝑝 − 𝑅𝑓

𝜎𝑝
 

𝑅𝑝 = 𝑟𝑒𝑡𝑢𝑟𝑛 𝑜𝑛 𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 

𝑅𝑓 = 𝑟𝑖𝑠𝑘 − 𝑓𝑟𝑒𝑒 𝑟𝑎𝑡𝑒 

𝜎𝑝 = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑖𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 

 

U.S. Treasury rate is commonly used as the risk-free rate, although it theoretically depends on 

the U.S. government’s ability to tax its citizens (Chen, Treasury Bond (T-Bond), 2020).  

 

2.7 The Ulcer Performance Index 

When using the Sharpe Ratio, we are threating the volatility of the market as being normally 

distributed. However, history has shown that extreme down movements are usually more 

extreme than extreme up movements, meaning the return distribution has a fat left tail. Instead 

of using the standard deviation, one can use other volatility measures that do not assume 

normality. One such measure was created by Peter Martin in 1987. The measure is called the 

Ulcer index and tells us something about the depth and length of drawdowns of the 

performance. For every new day in a specified period, the index calculates an R-score. The R-

score represent the percentage drawdown from the previous highest price. Thus, the “maxprice” 

is updated for every new high. 

 

𝑅𝑖 = 100 ∗
𝑝𝑟𝑖𝑐𝑒𝑖 − 𝑚𝑎𝑥𝑝𝑟𝑖𝑐𝑒

𝑚𝑎𝑥𝑝𝑟𝑖𝑐𝑒
 

 

Further, these R-scores are squared, divided by the number of days studied, and then taken the 

square root of to produce the Ulcer index. 

 

𝑈𝑙𝑐𝑒𝑟 𝑖𝑛𝑑𝑒𝑥 = √
𝑅1

2 + 𝑅2
2 + ⋯ + 𝑅𝑁

2

𝑁
 

 

The Ulcer index is often used as a technical indicator by technical traders. It will tell the trader 

something about the current volatility in the market. However, it can also be used as a 
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replacement for the standard deviation in the Sharpe ratio formula. The ratio has been given its 

own name: The Ulcer Performance Index or UPI. This is the performance measure that we will 

be applying in our analysis. In contrast with the standard deviation, the Ulcer index will 

exaggerate lasting drawdowns because for every new day, a new R squared will be added to the 

index and thus blowing up the number. The UPI should be interpreted like the Sharpe. Hence, 

the higher the better. 

 

𝑈𝑃𝐼 =
𝑅𝑝 − 𝑅𝑓

𝑈𝑙𝑐𝑒𝑟 𝑖𝑛𝑑𝑒𝑥
 

 

2.8 The Calmar Ratio 

The Calmar ratio, or sometimes called the drawdown ratio, was created by Terry W. Young and 

published in 1991. Like the Ulcer performance index, the Calmar ratio focuses on the 

drawdowns. Young argued that no investor worry about the upside risk, they all worry about 

the downside risk. The ratio measures the average annual rate of return of an investment 

compared with its maximum drawdown (Kenton, 2020). It is calculated by dividing the average 

annual rate of return by the maximum drawdown (in percent) in the period. Higher is better. 

 

𝐶𝑎𝑙𝑚𝑎𝑟 𝑅𝑎𝑡𝑖𝑜 =
𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑎𝑛𝑛𝑢𝑎𝑙 𝑟𝑎𝑡𝑒 𝑜𝑓 𝑟𝑒𝑡𝑢𝑟𝑛

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑑𝑟𝑎𝑤𝑑𝑜𝑤𝑛
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3 Data and methodology 

In this section, we will introduce two trading strategies and convert them into code. The 

strategies will serve as the foundation for the rest of our paper. Translating the strategies into 

computer programs allows us to backtest the strategies, obtain performance metrics, and 

measure the performance of the algorithms. 

 

3.1 Strategy and Model Building 

Both strategies will be based on trading VIX – a volatility index which represents the market’s 

expectations of volatility over the next 30 days, based on the implied volatility of options for 

the S&P500 index. These strategies use what in described as Volatility Risk Premium in Tony 

Cooper’s seminal paper “Easy Volatility Investing” (Cooper, 2013). The idea is that you 

compare a measure of realized volatility with implied volatility, i.e., with VIX. When realized 

volatility is higher than implied, it means the market is in a panic and we want to be long in 

VIX as volatility will rise. Contrarily, when realized volatility is lower than implied, things are 

as they should be, and we can then collect volatility premium by shorting the VIX. 

3.1.1 Strategy 1: GARCH Predictions as Realized Volatility 

For the first strategy we will use a GARCH model to calculate realized volatility. GARCH is 

short for Generalized Auto-Regressive Conditional Heteroskedasticity. I.e., a generalized form 

of using past values to predict future values, that the present value differs given a past value, 

and lastly that volatility varies over time (Kipnis, 2018). Summarized, this amounts to using 

past volatility to predict future volatility given that it changes over time.  

 

The use of GARCH in analyses of time-series data assumes two things. Firstly, the variance 

error is believed to be serially autocorrelated, meaning that we assume history repeats itself 

or the correlation of a signal with a delayed copy of itself, i.e., a similarity between a time series 

and a lagged version of itself over successive time intervals (Smith, 2020). In practice 

this could mean that a security’s value rises and fall in a repetitive pattern, as seen in the value 

of VIX (Figure 3).  
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Figure 3: VIX (2010-2020) 

 

Secondly, it assumes that the variance of the error term follows an autoregressive moving 

average (ARMA) process, where autoregressive denotes regressing a variable on its own past 

data and the moving average means that there is a linear combination of error terms occurring 

both contemporaneously as well as at various times in the past (Smith, 2020). An AR(1) model 

is used in the strategy, which specifies to the program that for the GARCH predictions, the VIX 

follows a random walk (Quantstart, 2020).  

 

Using GARCH is most appropriate in time series where the variance of the error term is serially 

autocorrelated following an autoregressive moving average process. It is, therefore, most used 

for assessing risk and expected returns for securities that experience clustered periods of 

volatility in return (Kipnis, 2018). From Figure 3 and Figure 4 we can see that this is the case 

with VIX –volatility clusters in tall spikes for extended periods, contrary to single-day spikes 

and then calm days following directly. From these figures we can see that VIX is 

reverting, in that when it reaches a top it does not stay elevated but rather declines after some 

time to a previous value. This supports our hypothesis that using GARCH as a measure of 

realized volatility and VIX as a measure of implied volatility could have a potential for being a 

profitable trading strategy.  
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Figure 4: VIX (2000-2020) 

 

3.1.2 Strategy 2: Standard Deviation as Realized Volatility 

For the second strategy VIX will be kept as a measure of implied volatility while the measure 

of realized volatility will be changed from GARCH to the standard deviation of an S&P500 

ETF – the SPY. The reasoning for why the standard deviation of SPY is a good alternative 

measure of realized volatility is as follows: the previously used GARCH model has three 

assumptions (Kipnis, 2018). Firstly, the mean model, i.e., an assumption about the ARMA in 

our strategy is set equal to AR(1). This means that we assume that the VIX follows a random 

walk, which means that its value cannot be predicted. Secondly, the variance model, the type 

of GARCH model and variance targeting forces an assumption of mean reversion. Finally, an 

assumption about the distribution model of the returns, and that these returns can be 

approximated to a Skewed Student T Distribution. When looking at Figure 5, which shows a 

chart for the S&P500 which SPY aims to replicate, we can see that positive returns usually 

come as the sum of small gains, whereas negative returns are large chunks, as we have seen in 

2020. This fits for the profile of a Skewed Student T Distribution, which means using the 

standard deviation of SPY as a measure of realized volatility is a reasonable alternative. 
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Figure 5: S&P500 (2010-2020) 

 

3.2 Backtesting 

Backtesting is an important step in the process of developing a trading algorithm, as it reveals 

how the strategy would have performed historically. To backtest the two strategies, we need to 

translate them into code. The implementation of these strategies into code was developed by 

Ilya Kipnis, one of the highest-ranking individuals in the open-source R/Finance community 

and published on the web page “QuantStrat TradeR” (Kipnis, 2018). The implementation 

begins by specifying the three components of algorithm that calculates the GARCH 

predictions for the first strategy.  

 

 

Figure 6: GARCH model 

 

The mean model, variance model and distribution model are set as specified in the strategy with 

AR(1), GARCH model with variance targeting that assumes a degree of mean reversion and a 

skewed student T distribution. After creating the model for predicting volatility, we need to 

create a rolling out-of-sample prediction. Important parameters to pass to the computer are the 
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number of days in the rolling window and refitting of the model. The strategy uses 504 days 

and 22 days, or approximately a trading month.  

 

 

Figure 7: Model specifications 

 

We could have chosen to refit the model more often, though this would put extra strain on 

the computer; it took three minutes to compute with refitting every 22 days. Any interval 

shorter than that would not be beneficial due to time strain. In addition, one could also run into 

fail-to-converge instances, that would disallow converting predictions to a data frame. The 

result is shown in Figure 8.  

 

 

Figure 8: Volatility predictions 

 

The sigma quantity, as it is the volatility predictor, is the most important and is the quantity the 

program will compare to the VIX. Since it is not possible to short the VIX, we will use two 

instruments to trade this index. When we want to short VIX, we will open a long position in 

ZIV – an ETN which has the aim of producing inverse results of VIX. On the other hand, when 

we want a long position in VIX, we will open a long position in VXZ – an ETN which seeks to 

directly reflect the performance of VIX. It must be noted that ZIV was delisted on July 12th, 

2020 (Credit Suisse, 2020). Therefore, if either of the two strategies was to be used for trading 

currently, then one could either directly short VXZ, or wait for a proposed new ETF – SVIX, 

which would have the aim of being inverse of VIX, similarly to ZIV (Kawa, 2019).  

 

To make the program trade when the strategy calls for it, we define a variable “diff” that is 

the difference between GARCH sigma predictions annualized and multiplied by 100 and VIX 
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predictions for the first strategy. For the second strategy, the “diff” variable is calculated as the 

difference between the standard deviation of SPY and VIX.  

 

When the variable diff has a positive value, i.e., realized volatility is greater than implied 

volatility, the algorithm creates a signal to go long volatility, which is vxzSig in the code. This 

means the algorithm will be buying shares of the VXZ ETN. In other words, we are betting on 

volatility to increase in the future, based on the fact that traders are more relaxed. 

 

Meanwhile, if the variable diff has a negative value, that is, when implied volatility is greater 

than realized volatility, the algorithm creates a signal to go short volatility, which is zivSig in 

the code. This means the algorithm will be buying shares of the ZIV ETN.  

 

 

 

Figure 9: Signals 
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4 Results 

In the following section, the performance of the strategies will be analysed using the 

performance measures introduced in the theory section. Further, we will seek to optimize the 

strategies to reduce risk. 

 

4.1 Performance Analysis 

To get a better measure of the quality of the trading algorithm, one should compare its 

performance to a benchmark. In this case, we will use SPY as the benchmark, as it represents 

the best alternative to our strategy, i.e., passively holding a fund which tracks the performance 

of the S&P500.  Another reason for choosing SPY is us having chosen it earlier to calculate 

historic volatility for our second algorithm. Furthermore, the performance metrics that we will 

use for the performance analysis are cumulative return, worst drawdown, annualized return, 

standard deviation, and Sharpe Ratio. In addition, the Calmar ratio and Ulcer Performance index 

are used. 

4.1.1 Returns and Drawdowns 

Figure 10 below shows the cumulative return of the two algorithm strategies as presented in the 

hypothesis section, the average of those two strategies, and the returns of SPY between 2004 

and 2019. The returns of both algorithms are close, however, during some periods, notably 

in 2009-2010 and 2015, they varied substantially. We can also see that both strategies and the 

average of the two perform substantially better than passively holding SPY.  

 

The drawdown of the algorithms and SPY are also plotted. These show periods of substantial 

drawdown of over -50%, meaning the algorithms lost over half of their value during certain 

periods of time. This clearly visualizes the amount of downside risk the algorithms are exposed 

to during periods of high volatility. Apart from this, drawdown rarely moves below or near -

40%, except for in 2016 where drawdown dropped for the algorithm which uses GARCH.   
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Figure 10: Cumulative Return - Initial model 

 

 

To further explore the behaviour of the algorithms, we can look at Figure 11 which illustrates 

the year-by-year returns of the average of the two strategies plotted against the returns of SPY. 

The figure once again confirms that the average of the two strategies generally gives a higher 

yearly return than passively holding SPY. We can also observe that the average and SPY are 

most different during years with rapid change of volatility: the build-up to the Great Recession 

in 2007 and the Great Recession itself in 2008, as well as the build-up to the Volatility Crash 

in 2017 and the Volatility Crash itself in 2018. While 2008 and 2017 give favourable results 

with very significant returns when using the algorithm, 2007 and 2018 present notable 

drawdowns of over 20%. This underlines that there is potential for improving the algorithm. 
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Figure 11: Yearly Returns - Average of the initial models 

 

Although these figures give a good indication of the algorithms’ performance, it is necessary to 

obtain more precise measures on the latter. This can be done by looking at the table in Figure 

11 which summarises the results from the backtest. We can see that both algorithms give an 

approximately equal annualized return at 21%, beating the annualized return from holding SPY, 

which lies at 8%. We should also notice that the average of the two algorithms yields a higher 

annualized return at 22%, which highlights the importance of diversification for algorithmic 

trading. 

4.1.2 Sharpe, Calmar, and Ulcer 

While the two algorithms give higher returns than SPY, this also comes with a higher standard 

deviation: 29% for the two algorithms compared to 18% for SPY. Here, we once again see that 

using the average of the two algorithms results in better performance as the average lowers the 

standard deviation from 29% to 26%. Nevertheless, having a higher standard deviation than 

SPY shows that when the algorithms are able to obtain a higher annualized return, it is 

often taking more risks. To see whether it is profitable to take more risk, in that one can obtain 

a higher return relative to the “extra” risk one is exposed to, investors often look to the Sharpe 

Ratio.  
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Figure 12: Performance Measures 

 

Given that both algorithms have similar annualized returns and similar standard deviation, they 

also have a similar Sharpe ratio at approximately 0.72, which is significantly higher that SPY’s 

0.44. However, as both algorithms have a Sharpe ratio below 1.0, they are neither particularly 

impressive as investors considers investments with a ratio below 1.0 to be sub-optimal 

(Maverick, 2020), despite higher ratios than SPY. Here we can once again notice that the 

performance can somewhat be improved by using the average, which gives a Sharpe ratio of 

0.86. 

 

With an annualized return of over 20%, the sub-optimal Sharpe ratio is most likely due to the 

algorithms being subjected to a relatively high degree of volatility. This is evident from the 

graph showing the strategies’ drawdown, which shows that the first strategy loses 

approximately 43% while strategy 2 loses 56% of its value several times during the period from 

2004 to 2019. For comparison, SPY lost 55% of its value during the Great Recession of 2008 

– however, this is the only notable drawdown SPY had between 2004 and 2019. While using 

the average yields a less scary drawdown at 42.7%, the average still has several periods with a 

worse drawdown than SPY, as evident from Figure 12. 

 

Up until now, the best performing strategy has seemed to be the average of the two strategies. 

The Calmar ratio confirms this, as the average has a ratio of 0.52 compared to 0.49 for the first 

strategy and 0.38 for the second. Furthermore, the average’s Calmar ratio is higher than SPY’s 

0.15. The reason for this is because the Calmar ratio looks at the annualized rate of return 

compared to maximum drawdown, and we can see that the latter is significantly lower for the 

average, while the average also has a higher annualized return.  

 

Because it uses a simple measure, maximum drawdown, the Calmar ratio is relatively simple 

to understand and use in a comparison of different algorithmic trading strategies. Its longer time 

frame also makes it less susceptible to short spikes of volatility, leading to more reliable results. 
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However, the focus on drawdown means that it only has a limited view of risk and may ignore 

general volatility, making it less statistically significant.  

 

The final initial performance index we have used to compare the algorithm’s and SPY is the 

Ulcer Performance Index. Like the Sharpe Ratio, this measure divides excess returns with 

a measure of volatility, but rather than using standard deviation, the performance index uses its 

own Ulcer Index. The advantage it thus enjoys over the Sharpe Ratio is that it focuses 

exclusively on downside risk related to the investment. Therefore, investors can more 

easily understand the volatility that really matters, or in other words, the volatility that may 

cause ulcers. The average once again yields the best performance, as it has the highest score of 

1.46 compared to 1.29 by the first strategy, 0.99 by the second strategy, and 0.63 by SPY. 

4.1.3 Transaction- and Management Costs 

Finally, we can examine how the algorithms perform in terms of transaction and management 

costs. Figure 13 illustrates how the number of transactions for using the average of the two 

algorithms increases between 2004 and 2019. As we can see, although the number of 

transactions increases relatively evenly, there are periods where the curve is flat. This is where 

the algorithm holds a position in either VXZ or ZIV for an extended period, which presents a 

risk factor as these ETFs and ETNs, and especially ZIV, are highly volatile instruments.  

 

In total, the average of the two algorithms uses 280 transactions, where half are trades in VXZ 

and the other half are trades in ZIV. This can be used to calculate the transaction costs. As ZIV 

was delisted on July 2nd, 2020, the closest estimate to ZIV’s spread is SVXY’s spread, which 

averages to 0.03% (etf.com, 2020). Meanwhile VXZ has a spread of 0.25% (etf.com, 2020). 

Therefore, the transaction costs would bring the algorithm’s returns down by approximately 

40%. In terms of management costs, VXZ maintains an expense ratio of 0.89% and SVXY’s 

expense ratio is 1.38%, compared to SPY’s 0.09% (etf.com, 2020). This implies that the 

algorithm would have approximately 1% higher yearly management costs than passively 

holding SPY. However, as the algorithm yields a 1880% cumulative return between 2004 and 

2019, compared to SPY’s 219%, these costs would not be able to bring down the returns to such 

an extent that using the algorithm would become less profitable than passively holding SPY. 
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Figure 13: Number of Transactions - Average of models 

 

 

4.2 Optimization of the Algorithm 

In this section we will explore whether the average of the two strategies can be optimized for 

improved performance. We have decided to focus on reducing the risk. 

4.2.1 Modifying the Algorithm 

The main concern which should be addressed is the algorithm having prolonged periods of 

significant drawdowns. The latter often came because of holding a position in either VXZ or 

ZIV for an extended period. The implied risk can be visualised by changing ZIV in the 

algorithm for another inverse-VIX ETF – the SVXY. The results are visualised in Figure 14. 

After experiencing strong growth starting in 2016, SVXY fell by over 80% in after-hours on 

February 5th, 2018 (Stewart, 2018). As the algorithm would keep a position in SVXY during 

the uprun to this event, it made it impossible to exit the position during the after-hours crash, 

thus meaning you would lose most of your profits by using the algorithm with SVXY.  
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Figure 14: Cumulative Return – when applied to SVXY instead of ZIV 

 

 

While ZIV did not experience the same fall in price as SVXY, it too is an inverse-VIX ETN, 

thus having a similar profile and therefore being exposed to similar risk. It must be noted that 

this risk is only targeting the inverse-VIX ETN, as these fall in value sharply during the 

occasional spikes which VIX has.   

 

A possible solution to this is to gradually decrease the position held in the inverse-VIX ETN as 

the ETN’s stock price goes up. An example of this is to decrease the held position by 1/3 when 

the inverse-VIX ETN goes up 20% in value since the position was entered. Then decrease the 

position by 1/3 again when the price has gone up 45%, and finally close the position when the 

price has gone up 85%. When applying this to SVXY, we obtain a more even chart, as seen in 

Figure 15.  
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Figure 15: Cumulative Return – when applied to SVXY but adding the modification 

 

 

With the modified algorithm, SVXY does not experience the same sharp fall in 2018, while it 

also yields significantly lower returns than previously. We can also observe that the algorithm 

with SVXY now follows a pattern close to that of SPY. However, as the algorithm with SVXY 

has now similar returns to SVXY while being more volatile, it is not a viable competitor to our 

previously developed algorithm with ZIV. 

 

When applied to ZIV, the modified algorithm with continuous exits gives the following 

performance which can be seen in Figure 16.  
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Figure 16: Cumulative Return – adding the modification to original algorithm with ZIV 

 

 

From the figure we can see that although the profile when using ZIV has not changed 

drastically, the average of the two algorithms now experiences less volatility during the 2018 

crash. This therefore minimizes the chances of the algorithm leading the user into a price runup 

ending with a crash.  

4.2.2 Returns and Drawdowns 

To further explore the modified algorithm, we can look at Figure 17 which again illustrates the 

year-by-year returns of the average of the two strategies plotted against the returns of SPY. 

Firstly, we notice that the overall returns of the average have decreased. However, we also see 

that the previous loss of -22% in 2018 is now turned into a positive 3% return. While the loss 

of -25% in 2007 remains, this loss was not based on a price runup ending with a crash, meaning 

it is difficult to improve the algorithm in this aspect. Overall, the modified algorithm yields 

more even returns and less risk of leading into a crash like that of 2018. 
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Figure 17: Yearly Return – Average of models after optimization 

 

 

However, improvement presented by the modified algorithm comes at the cost of decreased 

returns. This is evident both in Figure 17 and Figure 18. The decreased returns are caused by 

the modified algorithm decreasing exposure when the held position in ZIV increases in value, 

which thus also limits the upside potential of the algorithm. To further explore this, we can look 

at Figure 18 which presents the performance measures of the average before and after 

modifying the algorithm, as well as the performance measures for SPY.  

4.2.3 Sharpe, Calmar, and Ulcer 

Figure 18 illustrates that while contributing to a decreased standard variation and reduced risk, 

the modified algorithm performs worse than the original algorithm regarding the Sharpe Ratio, 

Calmar Ratio, and the Ulcer Performance index. This implies that the decreased risk caused by 

the modified algorithm is disproportional with the decreased returns. Nevertheless, the modified 

algorithm keeps largely outperforming SPY in all three of these performance measures, and the 

decrease should therefore be acceptable as it reduces the systematic risk of the algorithm leading 

the user into an ETF or ETN crash. Additionally, it can also be noted that the modified algorithm 

has an unchanged worst drawdown, which is due to the loss in 2007 being unchanged – which 

is where the worst drawdown occurs.  
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Figure 18: Performance Measures - After optimization 

 

 

Finally, we can look at how the modified algorithm affects the number of transactions. Figure 

19 shows the number of transactions for the original average and after the modification has 

been implemented. We can see that the number of additional transactions caused by the 

modification increases steadily over time until the period between 2016 and 2018 when this 

number starts increasing more rapidly. During this period, the original algorithm holds a 

position in ZIV for an extended period, leading through the price increase and into the volatility 

crash in 2018. The long position in ZIV can be seen by the flat blue curve in this time frame. 

Meanwhile, when forcing the algorithm to reduce the position as its value increases, we see that 

the orange curve increases, thus adding transactions and exiting the position before the crash. 

 

 

 

Figure 19: Number of Transactions - After optimization 
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4.2.4 Transaction- and Management Costs 

In terms of transaction costs, the modified algorithm completes an additional 100 trades 

between 2004 and 2019. Keeping in mind the 280 transactions completed by the original 

algorithm, implementing this modification would increase the original transaction costs by 

approximately 35%. The management costs would mostly be unaffected, as the only prolonged 

time frame when the modified algorithm fully exits a position without entering a new one is 

just before 2018. In total however, the increased transaction costs would not make the algorithm 

less profitable than passively holding SPY, as the modified algorithm produced cumulative 

returns of 1047%, very comfortably beating SPY’s 219%. This shows that by using a modified 

version of the average of the two algorithms, we can achieve returns greatly exceeding a passive 

hold strategy, while also minimizing the risk of the algorithm walking into a crash.   
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5 Conclusion 

The purpose of this paper has been to explore the field of algorithmic trading and the process 

of designing a trading algorithm. In the beginning, we introduced the theoretical framework for 

designing such an algorithm, as well as the measures we would use in the analysis. Furthermore, 

we presented the two Volatility Risk Premium strategies which we would use as an example 

for a trading algorithm, as well as the implementation of these strategies, which was developed 

by Ilya Kipnis.  

 

In the Performance Analysis, we found that both strategies outperform a buy and hold strategy 

for SPY based on the measures we used – the only exception being the two strategies requiring 

a higher level of risk. Further, the average of the two algo-strategies outperformed using any of 

them individually. For the Optimization part, we therefore focused on the average of the two 

strategies. Our desire here was to reduce the implied risk of using the algorithm, especially in 

regard to the volatility crash in 2018. By incorporating a concept of continuously decreasing 

the position in the algorithm when the inverse-VIX, ZIV ETN increased in value, we managed 

to lower the standard deviation and risk, and prevent the algorithm from walking into the 

volatility crash of 2018. However, this improvement came at the cost of reduced returns, 

worsening the other performance measures we used. That being said, the optimized strategy 

still outperformed the SPY, S&P500 ETF, by producing a nearly five times greater return, and 

now with reduced risk. 

 

In terms of weaknesses concerning our analysis, transaction costs are worth mentioning. 

Transaction costs are highly complex and consists of more than our analysis has taken into 

consideration. We have mainly focused on how spreads can affect performance, but other 

measures such as cost of impact and time cost can also make up a significant portion of the total 

transaction costs. The forementioned costs will be a function of the size of the fund; for small 

sums of capital, they will play a minor role. 

 

Finally, while it must be kept in mind that past performance is no guarantee of future results, 

with the average of the two strategies massively outperforming the SPY over a 15-year period, 

it suggests that the overall algorithm has potential for being a profitable one, and one can 

suggest that it could continue producing positive returns.  
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