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Abstract of Praxis 

Applying Supervised Machine Learning Models to Classify Day Traders Using the 

Traders’ Daily Trading Activity Data and the U.S. Stock Market Indices Data 
 

 

Some of the U.S. Stock Market trading firms (Firms) have Day Traders (Traders) 

that use several proprietary strategies that are based on passive - aggressive trading styles. 

The Traders are classified/grouped, based on their most recent trading profit results, to 

utilize the proprietary trading strategies that are based on their classifications. Based on 

their classification, the Profitable Traders are permitted to trade using the aggressive 

trading strategies and the not-Profitable Traders are permitted to trade using the 

conservative trading strategies. Reflected in the aggressive and conservative strategies are 

the amount of the Firms’ funds that the Traders can use to fund their trading activities, 

including the degrees of funds at risk. Some Firms utilize manual classifications model that 

is based on the most recent observed trading activities (Benchmark).   

 

To maximize the Traders’ profit and to minimize their loss by improving the 

traders’ classification, machine learning classification algorithm is used in this Praxis to 

classify the Traders as profitable or not profitable for the next trading day; the methodology 

uses a univariate “supervised” machine learning classification model, Random Forests 

(Model). Because the U.S. Stock Market (Market) is efficient, this Praxis does NOT 

attempt to predict the Market, instead, it learns the individual Traders’ attitude and 

aggressive interaction with the Market and attempts to predict/classify the Traders’ 

behavior for the next trading day. The Praxis used five months of a certain U.S. Stock 

Market Trading Firm (Firm) proprietary trading data (June through October 2017) to train 
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and to test the Model. As a result, this applied machine learning classification Model, on 

average, outperformed the Benchmark by 16%, which could have saved the Firm $365k in 

opportunity loss during October 2017, the evaluated month. The Model also, on average, 

outperformed the enhanced Benchmark by 11%; the enhanced Benchmark is based on the 

5 Day Moving Average of the most recent trader activities. Due to the sensitivity of the 

proprietary trading activity, only the Firm’s trading activity was available for this research. 
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Chapter 1: Introduction 

The U.S. Stock Market (Market) trading firms have been deploying various 

machine learning/artificial intelligence algorithms for more than two decades. Some 

trading firms have Day Traders that trade several proprietary trading strategies that are 

based on aggressive/conservative trading styles. Those Traders are manually classified 

based on their historical trading activities and are permitted to utilize specific trading 

strategies during the next trading day. This Praxis demonstrates how to apply supervised 

machine learning model to classify the Traders and how the machine learning classification 

Model more accurately classified the Traders than the manual classification process. 

 

1.1 Background 

According to Barron’s, the Market was worth $40 trillion in January 2018, 

increased by 22% from the end of 2017 (Racanelli, 2018). Only 10% of the trading volume 

in stocks is regular stock picking based on fundamental analysis, whereas 60% of the stocks 

trading volume is executed by quantitative traders, mostly, high-frequency traders (Cheng, 

2017). High-frequency trading (HFT) is computerized trading strategy/algorithms that 

benefit from holding positions for a fraction of a second span before exiting the position 

(Menkveld, 2016). These complex algorithms analyze multiple markets and execute orders 

leveraging the price differences between these markets (Chaparro, 2017); such trading 

activities were historically performed by “human” Traders but were replaced by the 

algorithm for speed, accuracy, and largescale computing capacity. In 2017, the revenues 

from HFT activities fell below $1 billion for the first time since its $7.2 billion pinnacle it 
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reached in 2009 (Meyer, Bullock, & Rennison, 2018); among these struggling traders are 

the Day Traders who employ various trading strategies to make profits; they attempt to: 

 

“Profit by capitalizing on the intraday movements of a market’s price 

action resulting from temporary inefficiencies in the supply and demand of 

the moment. A day trader often closes out all trades before the market close 

and does not hold any open positions overnight. Some day traders use 

leverage to magnify the returns generated from small stock price 

movements.” (Day Trader, 2018)   

 

1.1.1 Assumptions 

Due to the sensitivity of the proprietary trading data, only the Firm’s trading data 

was available for this research because other firms were NOT willing to provide their 

trading data. The Firm has requested not to disclose its identity and to sanitize its data to 

expunge any clues that could reveal the Firm’s identity. 

 

1.1.2 The Firm 

The Firm employs several proprietary trading strategies that are based on 

aggressive or conservative trading styles. The Firm classifies its Traders based on their 

most recent trading profit results and utilizes its proprietary trading strategies based on the 

Trader classifications of “Profitable” or “not Profitable.” The Profitable Traders are 

permitted to trade using the proprietary aggressive trading strategies with more available 

funds whereas the not Profitable Traders are only permitted to trade using the proprietary 

conservative trading strategies with limited funds; the amount of funds available for the 

traders reflects the degrees of risk determined by the Firm’s risk operations officer. The 

Traders classification is manually determined and is based on the most recent observed 

trading activities, the naïve method (Benchmark). The Traders are also classified based on 
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their 5-day moving average of the most recent observed trading activities (Enhanced 

Benchmark). The Firm recognizes that their current Benchmarks are as accurate as a coin 

toss and therefore seeks to replace them with better performing machine learning models 

than can better classify their Traders; better classifying their Traders lead to reduced risks 

of loss for the Traders and the Firm and therefore reduces Traders turnover. 

 

  The Benchmark classification infers that the Traders and the Market will continue 

to perform the same during the next trading day as they did during the last trading days. 

Machine learning classification algorithm can be used to more accurately classify the 

Traders for the next trading day to increase the Traders’ opportunity to make a profit and 

to reduce their risk of loss; the methodology uses a univariate “supervised” machine 

learning classification model, Random Forests (Model). Understanding that the Market is 

efficient, the Model does not attempt to predict the Market; the Model assumes that the 

Market will maintain the same level during the next trading day as it has in the previous 

trading day. In Efficient Market, prices correctly reflect all relevant information (Efficient 

Market, 2011), which makes it impossible to predict as the Market prices move with the 

flow of available relevant public information; the Efficient Market Hypothesis (EMH) 

states that it is impossible to beat the market because the efficiency of the Market is 

reflected in its prices, which incorporate the relevant available information. Professor 

Malkiel associates the EMH with the random walk idea of price series where all price 

changes represent random parting from previous prices as the flow of information is 

immediately reflected in the stock prices whereas tomorrow’s price changes will reflect 

“only” tomorrow’s news and will be independent of today’s price changes (Malkiel, 2003). 
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According to Hyndman et al., because of the EMH, forecasting an exchange performance 

is like forecasting a coin toss, where the result is as accurately random as 50% of the times 

(Hyndman & Athanasopoulos, 2014, p. 11).  

 

The Model predicts how the Traders will interact with the Market based on their 

attitude and trading style. The Traders’ attitude can impact their performance by altering 

their trading behavior, for example, Traders might become more hesitant or over analyze 

the indicators in fear after they experience severe loss; other Traders might become more 

aggressive or ignore obvious downturn indicators in jubilation when they experience large 

gains. Traders can improve their opportunities of being profitable by controlling their 

attitude and emotions by disconnecting their own personal emotions and feelings that are 

linked with money. The Model can detect the level of aggressiveness of the Traders by the 

number of completed/filled trades compared to the number of canceled trades; as the 

Traders become more circumspect, they tend to place more conservative orders with prices 

away from the Market with fewer chances of getting filled. On average, the Model’s 

accuracy consistently outperformed the Benchmark’s accuracy by 16%; the Model’s 

accuracy average is 64% whereas the Benchmark’s accuracy average is 48%. To increase 

the accuracy of the Benchmark, the Enhanced Benchmark was calculated based on the last 

5 days moving average of the trader’s performance. The Model also outperformed the 

Enhanced Benchmark’s average accuracy by 11%, where the Enhanced Benchmark’s 

average accuracy improved to 53%. 
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1.2 Problem Statement 

Inaccurately classifying/grouping the Firm’s Day Traders into profitable and not 

profitable groups that results in mismatching traders with aggressive and conservative 

trading strategies can increase the risk of losses for the Day Traders and the Firm. 

1.3 Thesis Statement 

A supervised machine learning model can classify the Firm’s Day Traders into 

profitable and not profitable groups more accurately than the Benchmark or the Enhanced 

Benchmark, which more accurately match Traders with trading strategies to increase their 

opportunities to profit. 

1.4 Research Questions 

Can the Day Traders’ historical trading activities and publicly available Market 

data be used by a supervised machine learning model to accurately predict whether the Day 

Traders will be profitable or not during the next Trading day? Can the predictive Model 

classify the traders more accurately than the current Benchmark that is based on the last 

occurrence? Can the predictive model classify the traders more accurately than the 

Enhanced Benchmark that is based on the last 5 trading days moving average?     

1.5 Research Objective 

The research objectives are to identify the various predictor features that have the 

highest impact on the response value to increase the accuracy of the classification Model 

to more accurately match Traders with appropriate trading strategies and to identify the 

predictive classification Model that yields consistent and more accurate results. 
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1.6 Research Hypothesis 

The Praxis examines if there are difference between the Benchmark classification 

(µ2), the Enhanced Benchmark Classification (µ3), and Model classification (µ1) of the 

Traders and to test the following hypotheses: 

❖ Null Hypothesis (H1o): There is no difference between the current Benchmark’s 

and the Model’s classification of the Traders – H1o:  µ1 =  µ2 

❖ Alternative/Research Hypothesis (H1a): The Model can classify the Traders 

more accurately than the current Benchmark – H1a:  µ1 ≠ µ2;  µ1 > µ2 

❖ Null Hypothesis (H2o): There is no difference between the current Enhanced 

Benchmark’s and the Model’s classification of the Traders – H2o: µ1 =  µ3 

❖ Alternative/Research Hypothesis (H2a): The Model can classify the Traders 

more accurately than the Enhanced Benchmark – H2a:  µ1 ≠ µ3;  µ1 >  µ3 

 

In the remainder of the Praxis, Chapter 2: Literature Review, buttresses the theory 

of the impact of the Traders’ attitude and aggressiveness on their trading activities and 

profit, and reviews the various machine learning models and analyze their suitability to 

address this Praxis’ problem statement. Chapter 3: Methodology, outlines the assumptions 

and limitations, the machine learning classification model selected, the data collection and 

selection, the analysis conducted, and the model optimization process. Chapter 4: Results 

and Conclusion lists the numerous iterations of the results, then finally offers the detailed 

conclusion that can be applied to similar Day Trading groups.  
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Chapter 2: Literature Review 

With the size of the U.S. Stock Market exceeding $40 trillion in January 2018 

(Racanelli, 2018), myriad ways of seizing chips of the $40 trillion Market have been the 

subjects of many extensive studies and analysis. This section of the Praxis will review the 

psychology of trading, its impact on the Traders’ profitability, and how the Traders’ 

psychology and attitudes are manifested in their daily trading habits and trading activities; 

will review the supervised machine learning models and selects the model that best fit the 

analysis; then finally will highlight how deeply rooted artificial intelligence machine 

learning is in the Financial Services Industry. 

 

2.1 Human Factor: Day Traders’ Psychology and Attitude 

 

Psychology plays a large part in the Traders’ attitude. To that extent, the 

psychological consultancy has become a permanent role in the financial services industry. 

Many psychologists have helped Traders overcome some of their fear of pulling the trigger 

and saved many Traders’ careers (Present, 2018). Traders’ attitude, such as hesitation, over 

thinking, latency, and low confidence, have a major impact on their profitability. Some of 

the signs of the Traders’ psychological challenges are hesitations that result in missing 

trades, taking early premature profits, and chasing the market and doubling down. Some of 

the steps traders should undertake to address these trading psychology challenges are 

(Present, 2018): (a) Taking immediate corrective actions, (b) Accepting that loss demands 

immediate changes, by either changing the trading strategy used or by changing how the 

strategy is being understood and implemented, and (c) Removing any emotional attitudes 
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that are linked to winning or losing - overconfidence when making profits and losing 

confidence when losing profits. 

 

One of the biggest challenges to Traders is handling a loss (Guppy D. , 2003, pp. 

3-16). Traders should learn how to lose without emoting and be able to recognize and to 

accept that a losing trade has occurred and to act with confidence and discipline to cut their 

loss. The author suggests a 2% loss limit where Traders to not let the loss on individual 

trade exceeds 2% of their trading capital (Guppy D. , 2003, p. 20); the loss limit imposes 

discipline; it attempts to remove the emotional attachment to money and focuses on the 

limit to prevent Traders from emoting or taking more risks to recover the loss by doubling 

down. 

 

The degrees of risk taken by the aggressive or conservative Traders are controlled 

by the exit strategy of the position when facing the possibility of a loss (Guppy D. , 2003, 

pp. 27-34); conservative Traders face as much risk as aggressive Traders, where they trade 

differently to the same trend signals. 

  

Aggressive trading is often confused with gambling or investing in depressed 

stocks. Aggressive Traders sometimes use Trade Against the Trend or Downtrend Reversal 

strategies (Guppy D. , 2003, pp. 27-34) where they attempt to make multiple entries and 

rapid exists as the trend begins to change or appears to have signs of reversal; aggressive 

Traders buy stocks in anticipation of pattern development or indicator confirmation that 
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can be applied to any stocks. Figure 2-1 below depicts the timing of the aggressive Traders’ 

trade entry in anticipation of the trend reversal. 

 
  

Figure 2-1: Aggressive Traders Trade Entry and Exit (Guppy D. , 2003, p. 28) 

 

Conservative Traders wait for an absolute proof before they enter or exit the trades; 

this delay reduces the opportunity to profit and increases the risk of losing by missing the 

trend reversal - they want prices to change in their favor to confirm the pattern before they 

take actions. Conservative Traders tend to profit in weaker Market as it breaks and retreats, 

whereas, in a stronger bullish Market, they tend to miss the opportunity before the pattern 

breaks (Guppy D. , 2003, pp. 27-34). Figure 2-2 below depicts the timing of the 

conservative Traders’ trade entry after waiting for absolute proof of the trend reversal. 
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Figure 2-2: Conservative Traders Trade Entry and Exit (Guppy D. , 2003, p. 32) 

 

Timing their entry and exit of the stock trades based on the same patterns or 

indicators is what distinguishes aggressive from conservative Traders; the same tools, 

indicators, and opportunities are available to both Traders to use to make profits, “it is the 

position of their judgment in time that helps to determine the type of trader they are” 

(Guppy D. , 2003, p. 33). 

 

In a study of the relationship between trading aggressively after earnings 

announcements and speed of price adjustments to settle on a new equilibrium price level 

(Klein, 2017). When the traders agree on the direction of the price adjustment the new 

equilibrium price level is reached quickly and there is less opportunity for day trading. 

When traders disagree on the direction of the price level, mainly disagree on the 

interpretation of the news’ direction, it increases the stock prices’ intraday volatility and 

delays reaching the new price equilibrium levels. The more price volatility levels the more 
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trading opportunities for Day Traders that exists. Aggressive trading reflects the Traders’ 

attitude and preference of time over price - the desire to execute the trades immediately - 

with Market orders - and ignore the risk or potential price improvement - with Limit orders. 

Conservative Traders accept the risk associated with the wait for better prices with Limit 

Orders, which also reflects their uncertainty attitude of the direction of the equilibrium 

price levels; reaching new price equilibrium levels supports the EMH theory that it is 

impossible to beat or predict the Market because of its efficiency and that all the relevant 

available information are reflected in its prices (Malkiel, 2003). 

 

Some of the indicators that Day Traders typically look for are (Kuepper, 2015, pp. 123-

137)  Liquidity, which is defined as the tighter difference (spread) between the Bid and 

Offer of the stock price, or the low difference (slippage) between the expected price and 

the actual price of the trade - the more liquid the stock the easier it is to enter and exit the 

stock at a reasonable price; Volatility, which measures the daily price range (high/low) - 

the more volatility the more chances for the Traders to profit; and Trading Volume, which 

is how many shares are bought and sold; the higher the trading volume the higher interest 

in the stock and the higher changes for the Traders to profit. One of the most common ways 

used by Traders to exit positions is Profit Target (Kuepper, 2015); Table 2-1 lists some of 

the popular profit target strategies: 

 

Table 2-1: Popular Profit Target Strategies Used by Day Traders (Kuepper, 2015) 

Strategy Description 
Scalping Scalping is a popular strategy. It involves selling almost immediately after a 

trade becomes profitable. The price target is whatever makes a profit 
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Fading Fading involves shorting stocks after rapid move upward. This is based on (1) 

they are overbought, (2) early buyers are ready to begin taking profits and (3) 

existing buyers may be scared out. Risky but can be rewarding. The price target 

is when buyers begin stepping in again. 

Daily Pivots Profiting from a stock's daily volatility. By attempting to buy at the low of the 

day and sell at the high of the day. The price target is the next sign of a reversal. 

Momentum Trading on news releases or finding strong trending moves supported by high 

volume. One type of momentum trader will buy on news releases and ride a 

trend until it exhibits signs of reversal. The price target is when volume begins 

to decrease. 

 

While emotional traders are misconstrued as being unproductive, traders can 

increase their performance by having effective strategy for managing and using their 

emotion to their advantages (Fenton-O'Creevy, Soane, Nicholson, & Willman, 2011), 

whereas other studies documented the counterproductive impact extreme emotional 

response on trading performance (Lo, Repin, & Steenbarger, 2005).  High performing 

traders are more adept at regulating their high negative and positive emotions through 

attentional deployment and cognitive changes (Gross, 2002). The study highlights that 

traders can learn how to more effectively manage their emotion and the problematic impact 

their negative emotion has on the traders’ performance (Lo, Repin, & Steenbarger, 2005). 

 

Trading with emotional intelligence and understanding ones’ flaws is a major part 

of trading wisdom (Steenbarger, 2015, pp. 50-54). Most successful Traders are in-tuned 

with their attitude, strengths, and weakness, and understand the current environment and 

trading conditions and what can work in the current situation; humility and awareness of 

flaws become strengths when they drive self-improvement while treating losses as learning 

opportunities and not as threats. 
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To improve their trading psychology, Traders should grade themselves daily on 

some areas of their mental wellness (Steenbarger, 2009, pp. 67-71).  They should keep 

track of their daily scores on these areas and set a goal to improve their grades if they 

should score low on any of these areas. These psychological wellbeing areas are Happiness, 

by doing things that are fun and bring them joy; Satisfaction, by doing things that are 

meaningful and make them feel fulfilled; Energy, by doing things that give them energy 

and make them feel invigorated; and Affection, by doing things that bring love and 

closeness with the important people in their lives. Trading psychology is intertwined with 

trading performance and is built on the foundation of their psychological well-being. 

 

To be one’s own trading coach is by constantly pushing the boundaries of the 

comfort zone in every experience and every aspect of one’s life (Steenbarger, 2009, pp. 7-

9). It is how the performance and knowledge grow as there are experience, insight, and 

growth on the other side of the comfort zone; pushing through one’s comfort zone becomes 

a permanent part of one’s personal trait.  

 

Staying in the comfort zone keeps the Traders out of performing in the zone 

(Steenbarger, 2009, pp. 73-76). Performing in the zone is being absorbed in activities while 

losing self-awareness and awareness of surroundings. Entering this state is a result of 

intense deep concentration driven by deep interest. Traders can perform in the zone by 

preparing themselves, repeatedly practice, and mentally think of being in these situations. 

Traders prepare by studying the market and its trends. Traders need to also prepare their 

mental state of awareness to sustain focus and self-awareness during the trading activities; 
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practicing will help Traders perform in the zone even when they are out of their comfort 

zone when facing difficult situations that require instantaneous reaction without hesitation.   

 

It is important for Traders to understand what has worked for them and what has 

not and to focus on those activities and trades that yielded a profit for them in the past 

(Steenbarger, 2009, pp. 99-102). It is important to document their successes and failures – 

their best practice – and to attempt to repeat the success. Being self-aware of their strength 

and weakness and their ability to focus on their best practice activities will help them 

maintain their focus even when faced with small setbacks and losing trades. This helps the 

Traders to focus on the winning trades and not chase small losing trade after another; the 

major turn in the trading psychology is when losing increases the Traders focus, rather than 

erodes it (Steenbarger, 2009, pp. 9-11). One of the greatest challenges of being self-aware 

and a major key to great success is the ability to understand when their performance was 

due to pure luck (Mauboussin, 2012). 

 

Preparation boosts confidence and self-efficacy; Traders’ confidence is the 

foundation of their psychology. The confidence stems from the daily preparation by 

analyzing the previous day’s trades, Market behavior, and by identifying the best and worst 

trades to build their lessons learned. Traders that prepare every day constantly build upon 

their lessons learned knowledge/database and on their confidence (Steenbarger, 2009, pp. 

26-27). 
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All growth occurs by pushing the limits of comfort. To improve their performance 

to the next level, Traders need to better understand their performance and to assess their 

strength and weakness (Steenbarger, 2009, pp. 54-57); they need to analyze and to 

understand their trading data by building a database of their own trading performance and 

lessons learned. They need to know and understand their best trades, worst trades, the 

Market conditions during their best and worst trades, and what they did right and wrong. 

To reach their performance potential, the trader must be both, coach and performer, 

studying themselves as intensively as they study markets (Steenbarger, 2009, pp. 280-282). 

  

It is frustrating not to have the confidence to act properly on the ideas they’ve 

developed. Once traders view confidence as a way of processing self-relevant information, 

they can learn to be more confident in their trading, in their personal lives, and in their 

careers (Steenbarger, 2009, pp. 290-295). Some of the contributors to the lack of trading 

confidence are, not putting in the efforts and borrowing ideas that are not the Traders’ 

original ideas, when they focus on the negative side of their trading activities and what they 

could have done better, and when they trade with trading style that does not match their 

attitude and strength. Traders should set meaningful goals every week and keep building 

their database of positive successful experiences (Steenbarger, 2009, pp. 264-270). 

 

According to Michael Porter, “Strategy is about making choices, trade-offs; it’s 

about deliberately choosing to be different” (Porter, 1996). Good Traders look for things 

that others don’t seek to differentiate themselves and to find unique opportunities. Traders 

try to add value by adding their own experience and analysis to the information given; this 
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is apparent when Traders on the same team receive the same information, are given the 

same opportunities, trade the same strategies, and often one Trader profits and the other 

does not – it is what makes the Traders’ individual trading styles and attitudes paramount. 

 

2.2 Artificial Intelligence - Machine Learning Algorithms 

The idea of extracting knowledge from massive amount data is common in almost 

all industries that depend on “big” data. Recently, the set of computational algorithms and 

tools that models a large amount of data are generally known as Machine Learning 

(Fayyad, Piatetsky-Shapiro, & Smyth, 1996). 

 

Machine learning algorithms focus on learning target function (f) that best maps 

input variables (X) to an output variable (Y) (Brownlee, 2018, p. 11). 

Y = f(X) 

 

Machine learning prediction - Predictive Analytics - stems from learning the 

mapping of Y = f(X) to make a prediction of Y for new X (Brownlee, 2018, p. 12). The focus 

is on the accurate prediction that is based on the relationship of the data - not on the shape 

of the data; the prediction will have an error and most of the time spent on predictive 

analytics is to improve the model prediction by trying different algorithms to determine 

what works best. 

 

Machine learning algorithms can be divided into two groups, linear and nonlinear 

algorithms. Linear machine learning algorithms simplify the function form and learn the 
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coefficients of the function from the data. Examples of the Linear Machine Learning 

Algorithms are Logistics Regression and Linear Discriminant Analysis; Stuart Russell 

defines linear machine learning algorithms as,  

“A learning model that summarizes data with a set of parameters of fixed size 

(independent of the number of training examples) is called a parametric model. No 

matter how much data you throw at a parametric model, it won't change its mind about 

how many parameters it needs” (Russell & Norvig, 2009, p. 737).  

 

Nonlinear Machine Learning Algorithms do not make assumptions about the form 

of the function and learn any function forms from the data. Examples of the Nonlinear 

Machine Learning Algorithms are Decision Trees, Support Vector Machines, Naïve Bayes, 

and Neural Networks. The Nonlinear Machine Learning Algorithms can fit large number 

of functional forms and can result in high prediction accuracy; Stuart Russell defines 

nonlinear machine learning algorithms as, 

“Nonparametric methods are good when you have a lot of data and no prior 

knowledge, and when you don't want to worry too much about choosing just the 

right features” (Russell & Norvig, 2009, p. 757). 

 

Most of the machine learning use supervised learning process. In supervised 

learning, the algorithms are used to map and to learn the function from input variables (X) 

to the output variable (Y). In theory, the algorithms learn from the training dataset then can 

predict future values of (Y) where there are new values of input variables (X); as depicted 

in Figure 2-3  (Bontempi, 2017, p. 9). 
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Figure 2-3: Supervised Learning Process (Bontempi, 2017) 

 

Supervised machine learning algorithms are grouped into two groups: 

Classification Algorithms, where the output variable (Y) is a category, such as profitable or 

not; Regression Algorithms, where the output variable (Y) is a real value, such as the 

amount of profit. Some examples of the Classification algorithms are Random Forests and 

Support Vector Machines. Some examples of the Regression algorithms are Random 

Forests, ARIMA, and Linear Regression. 

 

The prediction errors for machine learning algorithms are grouped by (Brownlee, 

2018, p. 20): 

• Bias Errors: Are the assumptions in the model to make it easier to learn the target 

function. Generally, linear algorithms have a high bias, which makes them less 

flexible but faster to learn from the dataset. There are two Bias error groups: 

o Low Bias means fewer assumptions about the form of the target function, 

for example, Decision Trees, k-Nearest Neighbors, and Support Vector 

Machines.  
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o High Bias means more assumptions about the form of the target function, 

for example, Linear Regression and Linear Discriminant Function 

Analysis. 

 

• Variance Errors: Is the amount of change in the estimate of the target function 

when different training data is used. Nonlinear machine learning algorithms with 

flexibility have high variance 

o Low Variance means small changes to the estimate of the target function 

with changes to the training dataset, for example, Logistic Regression, 

Linear Regression, and Linear Discriminant Function Analysis. 

o High Variance means large changes to the estimate of the target function 

with changes to the training dataset, for example, Decision Trees, k-Nearest 

Neighbors, and Support Vector Machines. 

 

Achieve high prediction accuracy by achieving low bias and low variance errors. 

Training the machine learning algorithms is an inductive learning process. The 

induction process is to train the algorithms to apply the concepts it learns from the data to 

any other data that it has not seen from the domain; how well the machine learning model 

learns and generalizes to new data is the “fit” of the model. The biggest causes of poor 

performance in supervised machine learning algorithms are overfitting and underfitting the 

data (Brownlee, 2018, p. 22). Overfitting happens when a model learns too well the details 

and the noise in the training data; the noise becomes a learned concept in the model. It is 

more prominent in the nonlinear machine learning algorithms. Many of these algorithms, 

such as Decision Trees, include parameters and tools to limit how much details the model 
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learns. Underfitting happens when a model cannot learn the patterns in the training data or 

generalizes to new data. The remedy is to use another machine learning algorithm. 

 

Classification is supervised learning models that identify to which set of categories 

a new observation belongs. Among the most popular Classification algorithms are, 

Classification and Regression Trees, Naive Bayes, k-Nearest Neighbors, Support Vector 

Machines, Learning Vector Quantization, Boosted Decision Trees, Bagged Decision Trees, 

Neural Networks, and Random Forests. 

 

Many studies have compared the performance of some of the supervised learning 

algorithms. For example, the Empirical Comparison of Supervised Learning Algorithm 

study concludes that, calibrated Boosted Decision Trees were the best learning algorithm 

overall. Random Forests are a close second, followed by uncalibrated Bagged Decision 

Trees, and uncalibrated Neural Networks. The models that performed poorest were Naive 

Bayes, Logistic Regression, Decision Trees, and Boosted Stumps (Caruana & Niculescu-

Mizil, 2006). According to a similar study, Random Forests, Adaptive Boosting, and 

Neural Networks have the highest prediction accuracy, while they do not perform well with 

a small number of observations, handles irrelevant feature (noise) well, and automatically 

learn features interactions (Markham, 2015) – see Table 2-2 for a comparison of the 

supervised machine learning algorithms. 
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Table 2-2: Comparing Supervised Learning Algorithms (Markham, 2015) 

Algorithm 

Average 

predictive 

accuracy 

Training 

speed 

Prediction 

speed 

Amount of 

parameter 

tuning 

needed 

(excluding 

feature 

selection) 

Performs 

well with a 

small 

number of 

observation 

? 

Handles lots 

of irrelevant 

features well 

(separates 

signal from 

noise)? 

Automatically 

learns feature 

interactions? 

Gives 

calibrated 

probabilities 

of class 

membership

? 

Parametric 

? 

Might 

features 

need 

scaling? 

KNN Lower Fast 
Depends 

on 
Minimal No No No Yes No Yes 

Linear 

regression 
Lower Fast Fast 

None - 

excluding 

regularization 

Yes No No N/A Yes 
No -  unless 

regularized 

Logistic 

regression 
Lower Fast Fast 

None - 

excluding 

regularization 

Yes No No Yes Yes 
No - unless 

regularized 

Naive 

Bayes 
Lower 

Fast -  

excluding 

feature 

extraction 

Fast 

Some for 

feature 

extraction 

Yes Yes No No Yes No 

Decision 

trees 
Lower Fast Fast Some No No Yes Possibly No No 

Random 

Forests 
Higher Slow Moderate Some No 

Yes (unless 

noise ratio is 

very high) 

Yes Possibly No No 

AdaBoost Higher Slow Fast Some No Yes Yes Possibly No No 

Neural 

networks 
Higher Slow Fast Lots No Yes Yes Possibly No Yes 

 

In a 2016 study that tested various classification algorithms, (Random Forests, 

Gradient Boosting Machines (GBM), SVM - Linear, Polynomial, Neural Networks, k-

Nearest Neighbors, Naive Bayes, Learning Vector Quantization, Logistic Regression, 

Linear Discriminant Analysis, and Boosting of linear classifiers) on 115 real life binary 

datasets, it was concluded that the three best classifiers (Random Forests, GBM and RBF 

SVM) are not significantly different from each other. In addition, the study used a Bayesian 

ANOVA analysis to conclude that with high probability the differences between these three 

classifiers is not of practical consequence (Wainer, 2016).  

 

Based on the results of several of these studies, the Random Forests Supervised 

Machine Learning Algorithm was selected for the methodology of this Praxis. 
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Random Forests (RF) is a supervised machine learning algorithm with a simple 

forest of trees/nodes structure (Breiman, 2004). It is a popular and powerful classification 

algorithm that is used in various industries, such as banking, medicine, real estate, and 

marketing, for identifying high-risk loans or default, at-risk candidates, at-risk patients, 

best land use, and customer segmentation, respectively. It’s a type of ensemble machine 

learning algorithms; it combines (ensemble) predictions from multiple models in an 

uncorrelated way.  It is an improvement over bagged decision trees; decision trees have 

structural similarities that result in high correlation in their prediction while Random 

Forests randomizes the features selected for the sub-trees to be learned for the predictions 

from all the available sub-trees to have less correlation. 

 

Random Forests was created by Dr. Leo Breiman in 2001, as an evolution of 

Bagging predictors and classification models (Breiman, 2001) – the following is the 

timeline of the creation of Random Forests: 

Breiman – 1984 Classification and Regression Trees (L. Breiman, 1984) 

Breiman – 1996 Bagging predictors (Breiman, 1996) 

Breiman – 2001 Random Forests (Breiman, 2001) 

 

According to Breiman,  

“Random forests are a combination of tree predictors such that each tree depends 

on the values of a random vector sampled independently and with the same 

distribution for all trees in the forest. The generalization error of a forest of tree 

classifiers depends on the strength of the individual trees in the forest and the 

correlation between them. Using a random selection of features to split each node 

yields error rates that compare favorably to Adaboost but are more robust with 

respect to noise. Internal estimates monitor error, strength, and correlation and 

these are used to show the response to increasing the number of features used in 

the splitting.” (Breiman, 2001)   
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Some of the Random Forests advantages are (Breiman, 2001): 

▪ Built-in estimates of accuracy 

▪ Automatic variable selection 

▪ Variable importance 

▪ Works well “off the shelf” 

▪ Handles “wide” data well 

▪ Handles missing values in the variables well 

▪ Handles categorical predictors naturally 

▪ Works for classification and regression. 

 

The number of features that can be searched at each split point (m) is a specified 

parameter for the algorithms. It is recommended to determine the size of m as follows: 

 𝑚 = √𝑝 

 

where m is the number of randomly selected features and p is the number of input variables 

(Breiman, 2001).  

 

According to Breiman, the prediction process in the Random Forests model is as 

follows (Breiman, 2001): 

▪ Grow a forest of many trees (default is 500).  

▪ Grow each tree on an independent bootstrap sample (randomly selected with 

replacement) from the training data. 

▪ At each node, 

o Select n variables at random out of all possible m variables. 

o Find the best split on the selected m variables. 
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▪ Grow the trees to maximum depth. 

▪ Average the trees to get the prediction for new data. 

 

The algorithm measures the number of samples that are not picked during each 

bootstrap sample selection; it is the Out of Bag samples (OOB) – its average provides an 

estimate of the accuracy of the bagged model (Breiman, 2001). 

The algorithm calculates the drop-in errors for the variable at each split point, which 

can be averaged across all decision trees and used as an estimator of the importance of each 

input variable, which is the Gini score (Breiman, 2001). 

 

2.3 Artificial Intelligence in the Financial Services 

A Harvard Business Review article deems Artificial Intelligence (AI) to be a 

“general-purpose technology” that is defined as a technological innovation that transforms 

all of society, such as internal combustion engine and electricity (Brynjolfsson & McAfee, 

2017). AI software that is based on machine learning has been embedded in the financial 

services technology (FinTech) for decades. AI in the FinTech is a more advanced 

technology implementation than the mature quantitative trading technology (Quants). The 

Quants use statistical models to make buy, sell, and investment strategy recommendations, 

as well as where and how to execute trades. Whereas AI will make the recommendations 

and decisions, replacing the portfolio managers; the advantage of the AI is its ability to 

consume a massive amount of data then make unbiased unemotional decisions 

(Cottingham, 2017). The Banker reported in 2016 on the Robo-advisor, which is an 

automated investment advisor AI implementation in the FinTech world (Pavoni, 2016); in 

the report, an Oliver Wyman study states that $30bn of assets were managed by robo-
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advisors globally in 2015 with the expectations of growing to $500bn by 2020, of which 

50% of the assets are in North America. 

An AI in the Financial Services research study in 2016 on the prediction of stock 

price movements based on daily high prices using Support Vector Machines (Novak & 

Veluscek, 2015); the study used publicly available S&P500 data from Yahoo Finance to 

predict the next trading day’s closing prices for the 370 stocks that comprise the S&P500 

Index using machine learning models. The study concludes that using the daily high prices 

of the stocks as predictors for the next trading day’s prices can more accurately influence 

the model by not reflecting the volatility experienced in the last 15 minutes of the trading 

day, which the author considers it to be noise.  

 

“A blindfolded chimpanzee throwing darts at the Wall Street Journal could select a 

portfolio that would do as well as the stock market experts,” wrote Professor Malkiel on 

the Efficient Market Hypothesis theory (Malkiel, 2003). Another study supports that stock 

prices predictability reflects the psychological factors and fads of irrational investors in a 

speculative market and not based on the accurate machine learning models (La Porta, 

Lakonishok, Shleifer, & Vishny, 1997). And in a proponent study that employed  Artificial 

Neural Network and Support Vector Machines claimed that the stock market prices cannot 

be accurately predicted due to the efficient market hypothesis (Pyo, Lee, Cha, & Jang, 

2017). In an opponent study, the author refutes the Efficient Markets Hypothesis where no 

risk-free returns can be realized or predicted without access to non-public information and 

empirically demonstrated that using machine learning predictive modeling can maximize 

the predictive profit (Bitvai & Cohn, 2015).  
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In a recent study, the author compared the stock market predictions of machine 

learning versus technical analysis (Macchiarulo, 2018). The study used S&P500 Index 

information from 1995 to 2005 to train the models and 2006 to 2016 to test the models’ 

hypothesis and used Support Vector Machines, Neural Networks, and Ensemble Learning 

for its machine learning models. The study found that there were no significant statistical 

differences between the technical analysis and the machine learning models, however the 

technical analysis outperformed the machine learning models in a “Down” market whereas 

the machine learning models outperformed the technical analysis in an “Up” market, which 

the study attributes this advantage to the ability of the machine learning models to use 

momentum to better calculate the future direction of the market. 

 

In a different study, the authors compared the speed and accuracy of various models 

on extracting hidden information from the news and stock prices to more accurately predict 

stock price movements (Li, et al., 2016). The study concluded that among the models used, 

Extreme Learning Machine and Support Vector Machine achieve higher prediction 

accuracy than Neural Network, while Extreme Learning Machine had faster prediction 

speed than Support Vector Machine. 

 

AI is deeply embedded in the Financial Services Industry where its participants 

constantly search for more efficient ways to compete and to make profits. If Google is a 

benchmark, a search on Google for “Predicting the stock market using machine learning” 

yields ~11,900,000 results in ~.5 seconds, while a search for “Predicting day traders’ 

profitability with machine learning” yields ~25,400,000 results in ~.58 seconds. In 

examining several of the ostensibly related results it appears that none of the examined are 

specifically on classifying or predicting the individual day traders’ profitability using their 
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trading activities and the stock market publicly available data as predictors – the topic of 

this Praxis.   
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Chapter 3: Methodology 

Will utilize a supervised machine learning algorithm to classify the Firm’s Traders 

into Profitable and Not-profitable groups. Random Forests algorithm (Model) was selected 

for its unexcelled performance among the various classification models. The Model will 

learn from the previous months of the Traders’ trading activities and their reaction to the 

U.S. Stock Market (Market) oscillation. Currently, the Firm classifies its Traders based on 

their last observed trading activities (Benchmark); an enhanced Benchmark (Enhanced 

Benchmark) was created to improve the manual classification accuracy by classifying the 

traders based on their last 5 day moving average of their trading activities. The Model will 

have to demonstrate a more accurate Trader classifications than the Benchmark and the 

Enhanced Benchmark to prove its performance. 

 

3.1 Assumptions 

The assumption is that Traders’ attitude and reaction towards the Market is 

reflected in their daily trading activity data, such as the number of executed trades, the 

number of canceled trades, and the number of different securities traded; more specifically, 

these data points reflect the Traders’ aggressive, conservative or hesitant attitude, whereas 

the aggressive Traders would place their trades more aggressively, closer to the current 

market prices – NBBO (national best bid and offer), to have their trades filled faster. The 

conservative Traders, as they hesitate or do not trust the market or their strategy, they tend 

to place their trades away from the current market prices (more conservatively) and 

eventually will have to cancel these unexecuted trades and place more trades closer to the 

market, and the cycle perpetuates and is reflected in the number of canceled and executed 
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trades. It is also assumed that there are myriad more complex statistical indicators that can 

be used or calculated to predict or classify the Traders’ performance or success as well as 

the Market’s future trading direction, however, this methodology is built on the simplified 

extraction of intelligence from basic ordinary trading data. It is also assumed that the 

performance and direction of the Market should be deduced from the major Market indices, 

the NASDAQ Composite, the Dow Jones Industrial Average, and the S&P 500; as depicted 

below in Figure 3-1 (Major Stock Indices, 2018).  

 

 
 

Figure 3-1: Major Stock Indices (Major Stock Indices, 2018) 

 

It is finally assumed in the context of this analysis that many of the following 

terms are synonymous: Trade and Order; Algorithm and Model; Data Element, Data 

Variable, and Feature. 

 

3.2 Methodology Map 

The Methodology steps that are followed to meet the research question are depicted in 

Figure 3-2 and are listed as follow: 

• The Data 

o Collect 

o Analyze 

o Clean 
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o Transform and report 

• Machine learning model processing 

• Results analysis and evaluation 

• Determine if the machine learning model is appropriate 

• Review and evaluate the results against the research question: If the Model classify 

the Traders consistently.  

• Review and evaluate the results against the research hypothesis: If the Model 

classify the Traders consistently more accurately than the Benchmarks. 

• Decisions 

o Refine the data or the machine learning model and repeat 

o Or process the conclusions and recommendations 

 

 
 

Figure 3-2: Methodology Map 
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The data were collected from two sources, the Traders’ trading activities provided 

by the Firm and the Market indices data for the same trading period retrieved from Yahoo 

Finance (Yahoo Finance, 2018).  

 

3.3 The Traders Data 

The Firm provided two hundred twenty-one days of trading activities (May 18th, 

2017 – June 8th, 2018) of its Traders. The trading activities included all the available data 

points/variables except for the trading strategies, which were withheld for proprietary trade 

secret reasons; see Table 3-1 below for a list of the 49 features provided by the Firm.  

Table 3-1: List of Features Provided by the Firm 

Feature Name Description 

ExecID Unique identifier of execution message 

OrderID Unique identifier for Order 

Trader Trader Account 

TDate Date of trade 

Time The time the transaction represented by the exec report 

LastOrdStatus Describes the last state of a chain of orders Code 

TradeStatus Describes the current state of a CHAIN of orders 

OrdPrice Limit price 

OrdStopPrice Loss limit price 

OrdQty Order shares 

ExecPrice The executed price of the trade 

ExecQuantity The executed shares of the trade 

Symbol Security instrument 

OrdSide Buy, Sell, Sell Short 

AccType The type of account for the trade 

OpenClose Open or close a position 

OrdType Type of trade: Market, Limit, Stop, Stop Limit, etc. 

LiqFlag1 How to handle the order – Flag 1 

LiqFlag2 How to handle the order – Flag 2 

LiqFlag3 How to handle the order – Flag 3 

SecurityType Security / Instrument type 

TradedSymbol The underlying symbol that was executed 
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PutCall Put or Call Option Code 

StrikePrice Option Strike Price 

OptExpDate Option Expiration Date 

TargetGateway The gateway to route the order 

MasterAcno Master account number 

ExecTransType(Tag20) Executed transaction type 

RefExecID(Tag19) Reference Executed ID 

CoreClearingExchangeCodes Clearing Exchange Code 

Commission Commission on the trade 

ECNCommission Commission paid to the ECN  

BranchName Broker Branch 

FirmName Firm Name 

OrdRoute Order Routed to which Venue 

OriginatingTrader Trader who originated the order 

ClientOrderID Client Order ID – internal  

UserOrderID User Order ID – Internal 

ListingExchange The Exchange where the security is listed 

MarketCode The Exchange code 

SBOrderID Sponsored Broker – Unique identifier of Order ID 

SBExecID Sponsored Broker – Unique identifier of execution message 

SBAccount Sponsored Broker – Account ID 

SBMarketCode Sponsored Broker – Market Code 

SentToRoute Where the order was routed to 

ExecRoute Where the order was executed 

LastOrdStatusReadable Describes the last state of a chain of orders – Description 

TradeStatusReadable Describes the current state of a CHAIN of orders - Description 

LiquidityFlag How to trade the order 

 

The Traders data had detailed order information with the following order status: 

 

• New: Indicates that the order was entered, accepted/acknowledged, but has not 

been filled/executed or canceled. 

• Filled: Indicates that the order was filled/executed. 

• Canceled: Indicated that the order was canceled. 

• Rejected: Indicated that the order was rejected by the destination. 
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The following Table 3-2 lists critical highlights from the Firm Traders data structure: 

 
Table 3-2: Traders Data Highlights 

Data Value 

Months 12 

Trading Days 221 (5/18/2017 – 6/8/2018) 

Number of Unique Traders 214 

Number of Features  49 

Number of Trading Activities/Observations  1,002,661 

New Trades 499,618 

Executed (Filled) Trades 309,505 

Canceled Trades 190,133 

Rejected Trades 3,405 

 

3.4 The Market Data 

The data from the major Market indices, the NASDAQ Composite (IXIC), the Dow 

Jones Industrial Average (DJI), and the S&P500 (GSPC), were retrieved from Yahoo 

Finance website for the trading days from 5/10/2017 to 6/10/2018; R Script was used to 

retrieve the Market data, combine it, and persist it in a table; see Appendix A, Figure A-

12. The default data variables retrieved for each Market Index, Open, Close, High, Low, 

Adjusted, and Volume were combined in a single file and are listed below in Table 3-3.  

 
Table 3-3: Combined Market Data Features Retrieved from Yahoo Finance 

Feature Description 

TradeDate The Trading day/Session’s date. 

GSPC.Open The S&P 500’s open price at the beginning of the trading day. 

GSPC.High The S&P 500’s highest price point during the same trading day. 

GSPC.Low The S&P 500’s lowest price point during the same trading day. 

GSPC.Close S&P 500’s closing price at the end of the trading day. 

GSPC.Adjusted S&P 500’s Adjusted closing price at the end of the trading day. 

GSPC.Volume The number of shares traded during the trading day - for the securities that make up 

the index 

DJI.Open The Dow Jones Industrial Average’s open price at the beginning of the trading day. 

DJI.High The Dow Jones Industrial Average’s highest price point during the same trading day. 

DJI.Low The Dow Jones Industrial Average’s lowest price point during the same trading day. 

DJI.Close The Dow Jones Industrial Average’s closing price at the end of the trading day. 
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DJI.Adjusted The Dow Jones Industrial Average’s Adjusted closing price at the end of the trading 

day. 

DJI.Volume The number of shares traded during the trading day - for the securities that make up 

the index 

IXIC.Open The NASDAQ’s open price at the beginning of the trading day. 

IXIC.High The NASDAQ’s highest price point during the same trading day. 

IXIC.Low The NASDAQ’s lowest price point during the same trading day. 

IXIC.Close The NASDAQ’s closing price at the end of the trading day. 

IXIC.Adjusted The NASDAQ’s Adjusted closing price at the end of the trading day. 

IXIC.Volume The number of shares traded during the trading day - for the securities that make up 

the index 

 

3.5 Data Preparation 

The steps taken to expose the structure of the data to the learning algorithm are: 

3.5.1 Cleaning the Data 

Cleaning and tidying the data process was applied to both sources of data. Rows with 

missing data (NA), not a number (NaN), or infinite (Inf) values were removed/excluded 

from the two data sources. 

 

Based on the Traders data structure, the following observations were made: 

• Many features are not necessary or will not be utilized. 

• The Trade Date and Time features will need to be reformatted. 

• The Profit and Loss (P&L) feature needs to be calculated. 

 

The following are the detailed steps taken to clean the Traders’ data: 

 

• Combined all the 221 data files in one file using R script; see Figure A-15 in 

Appendix A for the R Scripts. The combined file had 1,002,660 rows with 49 

features/columns. 
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• Removed the unimportant features from the large file; listed in Table 3-4 below are 

the features that were removed and the reasons for removal: 

 
Table 3-4: Removed Features from the Traders’ Data 

FEATURE REMOVAL REASON 

ExecID It is redundant to the OrderID 

LastOrdStatus It is the numeric value of the Text Order Status used 

TradeStatus It is the numeric value of the Text Trade Status used 

LiquidityFlag Not Applicable – All blank values 

LiqFlag1 Not Applicable – All blank values 

LiqFlag2 Not Applicable – All blank values 

LiqFlag3 Not Applicable – All blank values 

SecurityType The firm only trades Equity - Always CS (common stocks) 

TradedSymbol Not Applicable – All blank values - only for Options. 

PutCall Not Applicable – All blank values - only for Options. 

StrickePrice Not Applicable – All blank values - only for Options. 

OrdStopPrice Not Applicable – All blank values - only for Options. 

OptExpDate Not Applicable – All blank values - only for Options. 

TargetGateway The same name of the Order Routing Gateway - proprietary 

MasterAccount The same as the Trader ID 

RefExecID Not Applicable – All blank values 

Commission Not Applicable – All blank values 

ECNComission Not Applicable – All blank values 

BranchName Name of the branch to which the Trader belongs – proprietary 

FirmName Name of the Firm – proprietary 

OriginatingTrader The same as the Trader ID 

ClientOrderID The ID of the client order – redundant value 

UserOrderID Trader ID + Order ID – redundant value 

ListingExchange Not Applicable – All blank values 

MarketCode Not Applicable – All blank values 

SBOrderID Sponsored broker order ID - proprietary 

SBExecID Sponsored broker execution ID - proprietary 

SBAccount, Sponsored broker account - proprietary 

OrdRoute Routed to the same smart order router – proprietary 

SentToRoute Routed to the same smart order router – proprietary 

SBMarketCode Sponsored broker market code - proprietary 

CoreClearingExchangeCode Sponsored broker clearing ID - proprietary 

 

The 17 features remained in the file are: 

o OrderID, Trader, TradeDate, Time, ExecRoute, LastOrdStatus, 

TradeStatus, OrdPrice, OrdQty, ExecPrice, ExecQuantity, Symbol, Side, 

AccType, OpenClose, ExecTransType, and OrdType. 
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• Formatted the TradeDate and Time features by eliminating the time from the 

TradeDate and the dates from the Time features. Altered some of the features’ 

headings to eliminate special characters, such “#” or “(“ and finally cleansed the 

Trader ID’s feature and masked it. 

 

• Eliminated hanging positions that remained open at the end of the trading day in 

error. Removed positions with bad trade prices. Such data errors cause large 

anomalies in calculating the Traders’ P&L. 

 

• Applied filtering algorithm to only select the most active Traders that participated 

in most of the year. October 2017 was the most active trading month in the period 

were most traders participate and was selected as the evaluated/prediction testing 

month. Active Trades were identified and selected based on 70% of participation 

during the selected five months trading period, including October 2017, the 

evaluation month. As a result of the participation filtering, consistently active 

twenty-two Traders were selected for the Model, which are listed in Table 3-5.  

  

Table 3-5: Traders Available for the Model Post Filtering Algorithm 

TRADER DAYS TRADED 

TraderI10028 88 

TraderI10030 85 

TraderI10032 96 

TraderI10035 80 

TraderI10041 82 

TraderI10042 94 

TraderI10043 93 

TraderI10050 95 

TraderI10052 100 

TraderI10056 89 

TraderI10066 84 

TraderI10069 87 
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TraderI10071 103 

TraderI10072 95 

TraderI10080 106 

TraderI10086 94 

TraderI10087 71 

TraderI10088 89 

TraderI10089 88 

TraderI10095 102 

TraderI10096 98 

TraderI10098 98 

 

The following Table 3-6 lists critical highlights from the filtered Traders data:  

 
Table 3-6: Filtered Traders Data Highlights 

Data Value 

Months 5 

Trading Days 109 (6/01/2017 – 10/31/2017) 

Number of Unique Traders 22 

Number of Features  17 

Number of Trading Activities/Observations  196,143 

New Trades 97,745 

Executed (Filled) Trades 54,365 

Canceled Trades 43,345 

Rejected Trades 688 

 

The Market data structure was observed to be clean with limited repair actions, such as: 

 

• Combined all the three Market indices into one data structure using R Script; see 

Appendix A, Figure A-12 for the R Script that was used to combine all the three 

Indices features into one table and see Table B-1 in Appendix B for the list of 

combined and cleaned Market data features. 

• Removed the duplicate Index Trade Date that was part of the downloaded features 

from Yahoo Finance and removed the unimportant Adjusted Close Price features: 

DJI.Adjusted, IXIC.Adjusted, and GSPC.Adjusted because these features are not 

applicable to Index prices since their closing prices are not adjusted. 

 

• Formatted the Date feature as yyyy-mm-dd and renamed it to TradeDate. 
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See Table B-1 in Appendix B for the list of combined and cleaned Market features. 

 

3.5.2 Feature Engineering 

Many features were decomposed, aggregated, or created from the existing features 

to best expose the structure of the data to the learning algorithms. The following is the 

feature engineering that was done on the Traders’ date: 

 

• Creating the P&L and Profit features. The P&L is required to be calculated for 

the classification model. For each Trader, the P&L is calculated per Trader per 

traded security per each trading day. Because the focus of the analysis is on the 

P&L classification and not on the value/regression of the P&L, the P&L was 

calculated by using simple FIFO (First in, First out) methodology. The P&L is then 

aggregated by Trader for each trading day. The Profit feature, which is the response 

binary classification feature, is calculated based the Traders’ daily P&L where the 

Profit is set to “1” for all none zero positive P&L values; and is set to “0” for zero 

or negative P&L values. An R Script was created to calculate the P&L and the Profit 

variables; see Figure A-19 in Appendix A for the P&L calculations R Script.  

 

• Additional features, per Trader per each trading day, were engineered to be used 

as predictors, such as the number of Executed trades, the number of Cancelled 

trades, the number of different securities traded, and the number of days the trader 

participated during the 140-day trading period. Table 3-7 below, lists the features 

that were engineered for the Model. 
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Table 3-7: Traders Engineered Features 

Feature Description 

TradeCount The number of filled trades per Trader per each trading day.  
SymCount The number of securities each Trader traded during the trading day. 
CxlCount The number of canceled trades per Trader for each trading session to measure the 

trader’s aggressive trading attitude: the greater the number, the more conservative the 

trader’s trading attitude. 
DateCount The number of trading days each Trader traded. 

 

• To rescale some of the engineered features to normalize and to standardize (make 

stationary) the data, percent of change from day-over-day was calculated for some 

of the features. All the feature rescaling calculations were done using R Scrips; the 

percent of change calculations were done using the standard percent of change 

formula, as follows: 

 

Percent of Change = (New value – Old value) / Old value 

 

Table 3-8 below lists the features that were rescaled for the Model:    

Table 3-8: Traders Rescaled Features 

Feature Description 

Trade_Change % of the change in the number of trades from the previous day 

Sym_Change % of the change in the number of traded securities from the previous day 
Cxl_Change % of the change in the number of canceled trades from the previous day 

 

• To reflect the traders’ aggressive or passive attitudes and their reactions to the 

Market’s oscillations, additional features, per Market Index per each trading day, 

were engineered to be used as predictors, such as Five-Day Closing Price Moving 

Average and daily Price Range. See Appendix A, Figure A-12 for the R Script that 

was used to engineer the Market Indices’ Five-Day Moving Averages and see the 

list of the Market features that were engineered for the Model below in Table 3-9.  
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Table 3-9: Market Indices Engineered Features 

Feature Description 

GSPC.5DMVA The Five-day average of the previous Closing price for S&P500 

DJI.5DMVA The Five-day average of the previous Closing price for Dow Jones 

IXIC.5DMVA The Five-day average of the previous Closing price for NASDAQ 

GSPC.Daily_Range S&P500’s daily price ranges from the High Price of the day to the Low Price of the day. 

DJI.Daily_Range Dow Jones’ daily price range from the High Price of the day to the Low Price of the day. 

IXIC.Daily_Range NASDAQ’s daily price range from the High Price of the day to the Low Price of the day. 

 

• To rescale some of the engineered features to normalize and standardize (make 

stationary) the data, percent of change from day-over-day was calculated for some 

of the features. All the feature rescaling calculations were done using R scrips; the 

percent of change calculations were done using the standard percent of change 

formula, as follows: 

Percent of Change = (New value – Old value) / Old value 

 

Table 3-10 below lists the features that were rescaled for the Model: 

    
Table 3-10: Market Indices Rescaled Features 

Feature Description 

GSPC.Close_Move S&P500’s % of change from the Open Price to the Closing Price 

GSPC.Volume_Change S&P500’s % of change of the trading volume from the previous day’s trading volume 

GSPC.Close_Change S&P500’s % of the change in the closing price from the previous day’s closing price. 

DJI.Close_Move Dow Jones’ % of change from the Open Price to the Closing Price 

DJI.Volume_Change Dow Jones’ % of change of the trading volume from the previous day’s trading volume 

DJI.Close_Change Dow Jones’ % of the change in the closing price from the previous day’s closing price 

IXIC.Close_Move NASDAQ’s % of change from the Open Price to the Closing Price 

IXIC.Volume_Change NASDAQ’s % of change of the trading volume from the previous day’s trading volume 

IXIC.Close_Change NASDAQ’s % of the change in the closing price from the previous day’s closing price. 

 

R Scripts were used for adding and scaling features and for combining the Traders’ 

and Market Indices features; see Figure A-17 in Appendix A for the adding and scaling 
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Traders and Market Indices features. With the addition of the engineered and rescaled 

features, there were 41 features available for the Model; Table 3-11 below lists the features 

available for the Model. Features selection will be applied during the Model 

implementation based on the Model tuning. 

 
Table 3-11: Features Available for the Model 

Feature Description 

Trader Trader ID 

TDate The Trading day/Session’s date. 

TotalPnL Trader’s calculated P&L – not adjusted for risk – calculated based on FIFO 

SymCount The number of traded securities 

TradeCount The number of trades. 

CxlCount The number of canceled trades 

DateCount The number of days the trader traded during the test period (5/18/2017 – 6/8/2018) 

GSPC.Open The S&P500’s open price at the beginning of the trading day. 

GSPC.High The S&P500’s highest price point during the same trading day. 

GSPC.Low The S&P500’s lowest price point during the same trading day. 

GSPC.Close S&P500’s closing price at the end of the trading day. 

GSPC.Volume The number of shares traded during the day for the securities that make up the index 

DJI.Open The Dow Jones Industrial Average’s open price at the beginning of the trading day. 

DJI.High The Dow Jones Industrial Average’s highest price point during the same trading day. 

DJI.Low The Dow Jones Industrial Average’s lowest price point during the same trading day. 

DJI.Close The Dow Jones Industrial Average’s closing price at the end of the trading day. 

DJI.Volume The number of shares traded during the day for the securities that make up the index 

IXIC.Open The NASDAQ’s open price at the beginning of the trading day. 

IXIC.High The NASDAQ’s highest price point during the same trading day. 

IXIC.Low The NASDAQ’s lowest price point during the same trading day. 

IXIC.Close The NASDAQ’s closing price at the end of the trading day. 

IXIC.Volume The number of shares traded during the day for the securities that make up the index 

GSPC.5DMVA The Five-day average of the previous Closing price for S&P500 

DJI.5DMVA The Five-day average of the previous Closing price for Dow Jones 

IXIC.5DMVA The Five-day average of the previous Closing price for NASDAQ 

Profit Categorical value for Profitable or not (1-Profitable, 0-Not Profitable) 

Trade_Change The % of the change in the number of trades from the previous day. 

Sym_Change The % of the change in the number of traded securities from the previous day. 

Cxl_Change The % of the change in the number of canceled trades from the previous day. 

GSPC.Close_Move S&P500’s % of change from the Open Price to the Closing Price 

GSPC.Volume_Change S&P500’s % of change of the trading volume from the previous day’s trading volume 

GSPC.Close_Change S&P500’s % of the change in the closing price from the previous day’s closing price. 

GSPC.Daily_Range S&P500’s daily price ranges from the High Price of the day to the Low Price of the day. 

DJI.Close_Move Dow Jones’ % of change from the Open Price to the Closing Price 

DJI.Volume_Change Dow Jones’ % of change of the trading volume from the previous day’s trading volume 

DJI.Close_Change Dow Jones’ % of the change in the closing price from the previous day’s closing price 

DJI.Daily_Range Dow Jones’ daily price range from the High Price of the day to the Low Price of the day 

IXIC.Close_Move NASDAQ’s % of change from the Open Price to the Closing Price 
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IXIC.Volume_Change NASDAQ’s % of change of the trading volume from the previous day’s trading volume 

IXIC.Close_Change NASDAQ’s % of the change in the closing price from the previous day’s closing price. 

IXIC.Daily_Range NASDAQ’s daily price range from the High Price of the day to the Low Price of the day 

 

The final file that was available for the Model was separated for each individual 

Trader to accommodate the ease of analysis for the entire Traders’ dataset or by individual 

Trader, which is the process flow for the chosen Random Forests model; see Figure A-18 

for the R Script that was used to create the individual Traders files. 

 

When examining the Traders profitable days for classification imbalance, there was 

no class imbalance discovered. The mean was calculated at 56% where 87% of the Traders 

were profitable 40% – 70% during the trading days captured; Figure 3-3 below depicts the 

Traders profitable days distribution; Figure A-20 in Appendix A lists the R Scripts that 

calculated and depicted the Traders Profitable Days Distribution. 

 
 

Figure 3-3: Traders Profitable Days Distribution  
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3.6 The Model 

3.6.1 The Benchmark 

The Benchmark classification is based on the last observed trading activity of each 

Trader, for example, if a Trader was profitable yesterday, the Trader will be classified as 

profitable for today’s trading session. The Enhanced Benchmark classification is based on 

the 5-day moving average of the last observed trading activities of each trader. Establishing 

the Benchmark classifications and evaluating their accuracy were implemented in R 

Scripts; see Appendix A, Figure A-14 for establishing the Benchmark and for evaluating 

the Model’s accuracy against the Benchmark’s accuracy. 

 

The Random Forests Model was selected for its highest accuracy, consistency, and 

tuning tools for its ensemble nature that combines results from different applied Models.  

3.6.2 The Features Selection 

The total features available for usage by the Models were 41 features, listed in 

Appendix B, Table B-3. After ~100 iterations through the Random Forests Model with  

various hyperparameters and features, only 16 features were used for yielding the most 

consistent and accurate classification results in the Random Forests Model; see Table 3-12 

below for the list of the features used in the Random Forests Model.  

 

Table 3-12: Features Selected for the Random Forests Model 

FEATURES 

Profit 

Trade_Change 

Sym_Change 

Cxl_Change 

DJI.5DMVA 

DJI.Close_Move 

DJI.Daily_Range 
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DJI.Volume_Change 

GSPC.5DMVA 

GSPC.Close_Move 

GSPC.Daily_Range 

GSPC.Volume_Change 

IXIC.5DMVA 

IXIC.Close_Move 

IXIC.Daily_Range 

IXIC.Volume_Change 

 

The features were selected based on the Random Forests Model Importance Factor 

that lists the impact of each predictor feature on the response/predicted value; see Table 3-

13 below for an example of the Gini score for TraderI10098.  

 
Table 3-13: Random Forests Gini Importance Score for TraderI10098 

FEATURES  GINI SCORE 

Trade_Change         5.389631 

DJI.Volume_Change    4.425981 

GSPC.Daily_Range     4.260947 

IXIC.Volume_Change   4.219480 

DJI.Close_Move       3.790510 

DJI.Daily_Range      3.657692 

GSPC.Volume_Change   3.603650 

GSPC.Close_Move      3.401222 

GSPC.5DMVA           2.958494 

DJI.5DMVA            2.925375 

Cxl_Change           2.847441 

IXIC.Daily_Range     2.800373 

IXIC.Close_Move      2.570852 

Sym_Change           2.537260 

IXIC.5DMVA           2.404617 

 

3.6.3 Features Analysis 

 Several data analysis was done on the features that were selected for the Model for 

each trader to find any intelligence to aid in increasing the Model’s accuracy. The following 



45 
 

are some of the examples of the data analysis that were done for TraderI10098 using R 

Script tools: 

 

• Data Summary: The summary() R function was applied to the TraderI10098 

features that summaries each attribute in the data, such as Min, Max, Median, 

Mean, 25th percentile, 75th percentile, and any missing values; see Appendix A, 

Figure A-8 for the data summary list for TraderI10098.  

 

• Standard Deviation: The standard deviation (SD) is important when combined with 

the mean to determine if the data is normally distributed. Because the summary() 

did not include the SD, this additional analysis step was added to calculate it for the 

data; Figure 3-4 below lists the calculated SD for TraderI10098’s data, which is 

critical data points during the Model tuning when identifying datapoint anomalies. 

 
> sapply(fileAnalysis[,1:16], sd) 

            Profit         GSPC.5DMVA          DJI.5DMVA         IXIC.5DMVA       Trade_Change         Sym_Change  

      5.012804e-01       4.783930e+01       6.307683e+02       1.460780e+02       1.810100e+00       6.640251e-01  

        Cxl_Change GSPC.Volume_Change  DJI.Volume_Change IXIC.Volume_Change    GSPC.Close_Move   GSPC.Daily_Range  

      6.934232e-01       1.504761e-01       2.149672e-01       1.840194e-01       3.114768e-03       2.537233e-03  

    DJI.Close_Move    DJI.Daily_Range    IXIC.Close_Move   IXIC.Daily_Range  

      2.927503e-03       2.108578e-03       5.261363e-03       4.539817e-03  

 
Figure 3-4: TraderI10098 Features’ Standard Deviation 

 

• Skewness: The calculated data skewness highlights whether the data is distributed 

to the right or left based on the length of the tail. Based on the skewness listed in 

Figure 3-5 below, it appears that not all the features are centered, e.g., 

Trade_Change and IXIC.Daily_Range are pushed to the right indicating the length 

of the right tail of the data due to their mean are greater than their median, and 
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DJI.Close_Move and GSPC.Close_Move are pushed to the left indicating the 

length of the left tail of the data due to their mean is less than their median, as 

highlighted in Figure 3-6 below.  

 
> skew <- apply(fileAnalysis[,1:16], 2, skewness) 

> print(skew) 

            Profit         GSPC.5DMVA          DJI.5DMVA         IXIC.5DMVA       Trade_Change         Sym_Change  

        -0.1317262          0.5861960          0.6091865          0.3512735          6.2884651          1.4505126  

        Cxl_Change GSPC.Volume_Change  DJI.Volume_Change IXIC.Volume_Change    GSPC.Close_Move   GSPC.Daily_Range  

         1.3929926          0.8485153          0.9967565          1.6488900         -0.9061861          1.7509788  

    DJI.Close_Move    DJI.Daily_Range    IXIC.Close_Move   IXIC.Daily_Range  

        -0.8109694          1.6143770         -0.7927126          2.4871529  

 
Figure 3-5: TraderI10098 Features’ Distribution Skewness 

 

 

 
> sapply(fileAnalysis[,1:16], mean) 

            Profit         GSPC.5DMVA          DJI.5DMVA         IXIC.5DMVA       Trade_Change         Sym_Change  

      1.533333e+00       2.466495e+03       2.183425e+04       6.337781e+03       4.245409e-01       1.658365e-01  

        Cxl_Change GSPC.Volume_Change  DJI.Volume_Change IXIC.Volume_Change    GSPC.Close_Move   GSPC.Daily_Range  

      1.814844e-01       1.228133e-02       2.374794e-02       1.664825e-02       2.810519e-04       4.748359e-03  

    DJI.Close_Move    DJI.Daily_Range    IXIC.Close_Move   IXIC.Daily_Range  

      6.256987e-04       4.427382e-03       1.937744e-04       7.524883e-03  

> sapply(fileAnalysis[,1:16], median) 

            Profit         GSPC.5DMVA          DJI.5DMVA         IXIC.5DMVA       Trade_Change         Sym_Change  

      2.000000e+00       2.459000e+03       2.181100e+04       6.307000e+03       0.000000e+00        

        Cxl_Change GSPC.Volume_Change  DJI.Volume_Change IXIC.Volume_Change    GSPC.Close_Move   GSPC.Daily_Range  

      0.000000e+00       5.266002e-03      -6.301643e-03      -1.197440e-02       3.990420e-04       4.113534e-03  

    DJI.Close_Move    DJI.Daily_Range    IXIC.Close_Move   IXIC.Daily_Range  

      7.163970e-04       3.906968e-03      -1.515380e-04       6.525545e-03  

 
Figure 3-6: TraderI10098 Features’ Median and Mean 

 

• Distribution: Histograms and density plots were created for TraderI10098’s 

selected features to support the skewness and the bandwidth of the normal 

distribution findings and are depicted in Figure A-9 and Figure A-10 in Appendix 

A. Boxplots were created for TraderI10098’s selected features to demonstrate the 

outliers and the middle 50% of the data to aid in the efforts of feature smoothing; 

see Appendix A Figure A-11 for the features’ boxplot. Depicted in Figure 3-7 
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below are examples of histograms, density plots, and boxplots for the 

Trade_Change, Sym_Change, and Cxl_Change features highlighting the need to 

scale, center, and smooth out the outliers of these features during the Model 

performance analysis and tuning phase. 

 
 

Figure 3-7: TraderI10098’s Sample Features Histogram, Density Plot, and Boxplot 

 

• Correlations: It measures how the features are related to each other. As depicted 

below in Figure 3-8, the Market Indices’ features have the highest positive 

correlation with each other. TraderI10098’s trading features have strong positive 

correlations among each other, while Profit is positively correlated with the Market 

Indices’ Closing prices and is negatively correlated with the number of trades and 

the Dow Jones trading volume; the other trader’s features are positively correlated 
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with each other. As such, TraderI10098 profits more when the Market is performing 

well and when uses aggressive trading style, trading fewer trades, while does not 

make a profit when trading more securities and executing more trades; see the 

detailed correlation list in Table B-2 in Appendix B. 

 
 

Figure 3-8: TraderI10098’s Features Correlation 

 

Also depicted in Figure A-6 in Appendix A is the scatter plot matrix of all 

the data features for TraderI10098 demonstrating the interaction between these 

attributes where the spread of the points indicates their relationships; the scatter 

plot matrix in Figure A-7 in Appendix A depicts the same attributes by Profit 

classification demonstrating the difficulty of the classification task. For example, 

Figure 3-9 below depicts the relationships between the trading attributes and the 

Profit, highlighting the linear relationship between the canceled trades and the 
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number of traded symbols and their low slopped relationship with the number of 

trades, and the many data anomalies; Figure 3-10 below  depicts the relationships 

between the Market Indices’ 5 Day Moving Averages and the trader’s Trade 

Change and Profit, highlighting the positive linear relationship among the Market 

Indices and their low slopped relationship with the traders’ Trade Change. 

 

 
 

Figure 3-9: TraderI10098’s Trading Features Scatter Plot Matrix 

 

 
 

Figure 3-10: TraderI10098’s Trading and Market Indices Features Scatter Plot Matrix 
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• Feature importance and regression trees: In support of the feature importance 

samples of regression trees were reviewed that depict the random selection of the 

features (with replacement) at each tree node as the algorithm grows the trees. 

Figure 3-11 below depicts the model’s decision trees sample of random partitions 

for TraderI10098. 

 

 
 

Figure 3-11: TraderI10098’s Decision Tree Random Partition 

 

• Missing Data: There were no missing data found for TraderI10098. The R Script 

missmap() function created a map of the missing data values that demonstrates no 

missing data found, depicting a blank diagram. 

 

3.6.4 The Model Dataflow 

There were two possible data flows for the Model, as follows: 

 

1. All the Traders’ trading data are combined into one dataset that is used for training 

and testing the supervised learning Model. The classification results from this 
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workflow were not consistently accurate and the Model does not support the 

individual attitude and trading style of each Trader.  

2. The Traders’ trading data are kept as disparate datasets and are processed 

individually to train and to test the supervised leaning Model. R Scripts were 

created, see Appendix A, Figure A-13, processed the Traders’ datasets iterating 

through one Trader at a time. The R Scripts implemented the Random forests Model 

workflow as follows: 

• The R Scripts were applied in the same prediction workflow as production 

deployment implementation, whereas all the available Traders’ trading 

activities will be used to train the Model to classify the Traders for the next 

trading day. 

 

• The Model validation workflow is a pseudo controlled “Leave one Out Cross-

Validation” model where the “Row” that is left out for validation is controlled. 

For example, starting with June through September trading data as the Training 

data then selecting one trading day at a time in October as Test - validation data 

in a sliding window fashion, for example, 

o Train 6/01/2017-9/29,2017, Test 10/02/2017;  

o Train 6/01/2017-10/02/2017, Test 10/03/2017;  

o Train 6/01/2017-10/03,2017, Test 10/04/2017. 

 

3.6.5 Tuning the Model 

The following Model tuning tactics can result in more accurate classification: 

The tuneRF optimization function in the randomForest package was utilized to tune the 

Random Forests Model; the tuneRF function has the following parameters:  
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• mtry: The tuneRF searches for the best multiple try (mtry) values that are based on 

the data that results in the least prediction error; it’s the number of predictor 

variables that are sampled at each split. The recommended mtry value is then used 

for the supervised training of the Model, then is applied to the Test data for 

classification prediction; see Figure 3-15 below, for example, the first depiction of 

mtry parameter tuning during the Model training where the tuneRF function 

highlights the mtry value of 3 that results in the lowest OOB error, whereas in the 

second example depiction, the mtry value of 6 resulted in the lowest OOB error.    

  
Figure 3-15: The mtry Hyperparameter Tuning  

 

• ntree: The number of trees to grow, ntree, is set to the default value of 500 that 

yielded the best prediction results after several iterations through the Model with 

ntree values of 500, 600, 700, and 800. Plotting the OOB error rate against the 

number of trees in the forest provides evidence of the number of trees that result in 

the lowest OOB error; as depicted below in Figure 3-16, 400-500 trees result in the 

lowest OOB error for classifying TraderI10028. 
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Figure 3-16: The Model OOB Error Rate for TraderI10028  

 

• stepFactor: The numbers of stepFactor (at each iteration, mtry is inflated or 

deflated by this value) is set to 1.0 that yielded the best prediction results after 

several iterations through the Model with the setpFactor set to 0.9, 1.0, 1.10, 1.25, 

1.50, and 1.75. Based on the tuning results, the Model accuracy remained at 64% 

for stepFactor 1.0, 1.10, 1.25 and 1.75; where its accuracy dropped by 1%, to 63% 

with stepFactor 0.90 and dropped by 2%, to 62% with stepFactor 1.50; see Figure 

3-17 below for Model classification accuracy comparison by date between 

stepFactor 0.90, 1.0 (Model), 1.50, and 1.75. 
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Figure 3-17: Model Classification Accuracy Comparison by stepFactor Hyper-Parameter Tuning 

 

• improve: The improve parameter (the relative improvement in OOB error must be 

improved by this much for the search to continue) is set to 0.00001 that yielded the 

best prediction results after several iterations through the Model with improve set 

to 0.1, 0.01, 0.001, 0.0001, and 0.00001.  

 

The tuneRF function recommended the best value for the multiple tries (mtry) to be 

used to train the Model; the Model was then trained on the training data using the 

recommended mtry and all the default values for the randomForest function; then the 

trained Model was used to classify the Traders using the predict function, as seen in the R 

Scripts in Appendix A, Figure A-13. 

 

In evaluating the data, many of the possible data tactics used to tune the Random 

Forests Model had already been implemented, for example, some of the possible data 

tactics that were applied are: 
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• Clean and tidy the data, and deal with missing values. 

• Transform the data to even its distribution. 

• Feature engineering to create more data 

• Rescale the data to make the data more stationary. 

• Select the data that matters to the Model based on their importance. 

• While more training data would improve the Model, it was not possible to retrieve 

more data. 

 

Additional algorithms were tried to attempt to address data anomalies. For example, 

standard deviation from the mean filter was applied to filter out occurrences that amplified 

the outliers and most active traders filter was applied to assure the maximum size of 

training data.  

 

The most active traders were selected with no limitation on the testing dates by 

testing the last 20 trading days for each trader. Several models were tested in the search for 

the highest possible accuracy; the first model had a minimum of 20 trading days for training 

then incremented the training limitation by 20 trading days. The results demonstrate that 

the Model consistently outperforms the Benchmark and the Enhanced Benchmark 

classifications; see Figure 3-18 below for the most active trader classification Model 

comparison with the Benchmark and the Enhanced Benchmark. While the Model 

outperforms both the Benchmark and the Enhanced Benchmark, its low accuracy 

classification is due to its inability to detect or build trend in the data due to the 

inconsistency and the variance in the trading periods for each trader.  
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 Models 

 
20 Days 

Training 

40 Days 

Training 

60 Days 

Training 

80 Days 

Training 

Overall Average Model Accuracy 56% 57% 57% 54% 

Overall Average Benchmark Accuracy 52% 52% 53% 52% 

Overall Average Enhanced Benchmark Accuracy 53% 53% 53% 51% 
     

Days in Testing Period 183 115 89 53 

Traders in Testing Period 115 75 44 23 

 
Figure 3-18: Most Active Traders Model Comparison with Benchmark & Enhanced Benchmark  

 

3.6.6 The Various Models Evaluated 

More than 25 supervised machine learning/predictive models (Models) were 

evaluated for producing the most accurate and consistent Traders classifications. To 

identify the best fit model, iterated through each model with various features and 

hyperparameter settings for tuning these Models. As a result, ~500 variations of these ~25 

supervised machine learning Models were evaluated for classifications and for regression 

in search for the best fit model; see Appendix A, Figures A-1 for sample results of some 

of the Models and see below for a list of some of the Models that were evaluated: 

 

ARIMA, Holt-Winters, Seasonal difficult HW, Exponential Smoothing, ETS, Box-Cox, 

Seasonal Naïve, Random Walk, Decision Tree, VAR, Gradient Boosting Machines, 

Naïve Bayes, Classification and Regression Trees, k-Nearest Neighbors, Regularized 

Regression, Linear Discriminant Analysis, Logistic Regression, Bagging (Bootstrap 

Aggregation), Support Vector Machine, and Random Forests.  

 

The following are some of the machine learning classification models that were 

used and compared with the Random Forests Model: 

1. Naïve Bayes 

2. Classification and Regression Trees (CART),  

3. k-Nearest Neighbors (KNN),  

4. Regularized Regression,  
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5. Linear Discriminant Analysis (LDA),  

6. Logistic Regression,  

7. Bagging (Bootstrap Aggregation), 

8. Support Vector Machine (SVM).  

 

The models will classify the Traders using the same data that is available for the 

Random Forests Model to facilitate prediction accuracy. The models' flow was the same 

as the Random Forests Model flow with the “Leave one out cross validation control” 

sliding window model. The models’ results will be compared with the RF results for overall 

average accuracy, average accuracy by traders, and average accuracy by date. The average 

accuracy by trader measures the classification accuracy for each trader during the 

classification testing period. The average classification by date measures the average 

classification for all trader combined by each day during the classification testing period. 

 

3.6.6.1 Naïve Bayes Classification Model 

 The Naïve Bayes classification model was utilized to classify the Traders. The 

Bayes’ Theorem provides a way to calculate the probability of a hypothesis given the prior 

knowledge; the Theorem is as follows: 

  𝑃 (
ℎ

𝑑
) =

𝑃(
𝑑

ℎ
) 𝑋  𝑃(ℎ)

𝑃(𝑑)
 

Where  

P(h/d) is the probability of hypothesis h given the data d.  

P(d/h) is the probability of data d given the hypothesis h was true.  

P(h) is the probability of hypothesis h being true (regardless of the data). 

P(d) is the probability of the data (regardless of the hypothesis). 
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The Naïve Bayes model classification results were outperformed by the Random Forests 

Model and are as follow: 

❖ Naïve Bayes model overall accuracy:   56% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-19 and 3-20 are the comparisons of the Naïve Bayes model vs. 

the Random Forests Model by trader and by date, respectively. 

 

    
 

Figure 3-19: Random Forests vs Naïve Bayes Classification Comparison by Trader  

 

 
 

Figure 3-20: Random Forests vs Naïve Bayes Classification Comparison by Date  
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3.6.6.2 Bagging (Bootstrap Aggregation) Classification Model 

 The Bagging classification model was utilized to classify the Traders. The Bagging 

model classification results were marginally outperformed by the Random Forests Model 

and are as follow: 

 

❖ Bagging model overall accuracy:    62% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-21 and 3-22 are the comparisons of the Bagging model vs. the 

Random Forests Model by trader and date, respectively. 

 
 

Figure 3-21: Random Forests vs Bagging Classification Comparison by Trader  
 

 
 

Figure 3-22: Random Forests vs Bagging Classification Comparison by Date  
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3.6.6.3 Logistic Regression Classification Model 

 The Logistic Regression classification model was utilized to classify the Traders. 

The Logistic Regression model classification results were outperformed by the Random 

Forests Model and are as follow: 

 

❖ Logistic Regression model overall accuracy:   60% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-23 and 3-24 are the comparisons of the Logistic Regression 

model vs. the Random Forests Model by trader and date, respectively. 

 
 

Figure 3-23: Random Forests vs Logistic Regression Classification Comparison by Trader  
 

 
 

Figure 3-24: Random Forests vs Logistic Regression Classification Comparison by Date  
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3.6.6.4 Linear Discriminant Analysis Classification Model 

 The Linear Discriminant Analysis (LDA) classification model was utilized to 

classify the Traders. The LDA model classification results were outperformed by the 

Random Forests Model and are as follow: 

 
❖ LDA Regression model overall accuracy:   59% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-25 and 3-26 are the comparisons of the LDA model vs. the 

Random Forests Model by trader and date, respectively. 

 
 

Figure 3-25: Random Forests vs LDA Classification Comparison by Trader  

 

 
 

Figure 3-26: Random Forests vs LDA Classification Comparison by Date  
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3.6.6.5 Regularized Regression Classification Model 

 The Regularized Regression classification model was utilized to classify the 

Traders. The Regularized Regression model classification results were outperformed by 

the Random Forests Model and are as follow: 

 

❖ Regularized Regression model overall accuracy:  60% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-27 and 3-28 are the comparisons of the Regularized Regression 

model vs. the Random Forests Model by trader and date, respectively. 

 

 
 

Figure 3-27: Random Forests vs Regularized Regression Classification Comparison by Trader  

 

 
 

Figure 3-28: Random Forests vs Regularized Regression Classification Comparison by Date  
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3.6.6.6 k-Nearest Neighbors Classification Model 

 The k-Nearest Neighbors classification model (KNN) was utilized to classify the 

Traders. The KNN model classification results were outperformed by the Random Forests 

Model and are as follow: 

 

❖ KNN model overall accuracy:    54% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted in Figure 3-29 and 3-30 are the comparisons of the KNN model vs. the Random 

Forests Model by trader and date, respectively. The KNN’s performance could be because 

the model does not need training and applies the classification directly on the test data.  

 

 
 

Figure 3-29: Random Forests vs k-Nearest Neighbors Classification Comparison by Trader  

 

 
 

Figure 3-30: Random Forests vs k-Nearest Neighbors Classification Comparison by Date  
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3.6.6.7 Classification and Regression Trees Classification Model 

 The Classification and Regression Trees classification model (CART) was utilized 

to classify the Traders. The CART model classification results were marginally 

outperformed by the Random Forests Model and are as follow: 

 

❖ CART model overall accuracy:    61% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-31 and 3-32 are the comparisons of the CART model vs. the 

Random Forests Model by trader and date, respectively. 

 

 
 

Figure 3-31: Random Forests vs Classification and Regression Trees Comparison by Trader  

 

 
 

Figure 3-32: Random Forests vs Classification and Regression Trees Comparison by Date  
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3.6.6.7 Support Vector Machine Classification Model 

 The Support Vector Machine classification model (SVM) was utilized to classify 

the Traders. The SVM model classification results were marginally outperformed by the 

Random Forests Model and are as follow: 

 

❖ SVM model overall accuracy:    62% 

✓ Random Forests Model overall accuracy:   64% 

 

Depicted below in Figure 3-33 and 3-34 are the comparisons of the SVM model vs. the 

Random Forests Model by trader and date, respectively. 

 
 

Figure 3-33: Random Forests vs Support Vector Machine Comparison by Trader  

 

 
 

Figure 3-34: Random Forests vs Support Vector Machine Comparison by Date 
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3.6.6.8 Comparing the Classification Models 

 

 Detailed comparisons of the classification models by each Trader were performed, 

for example, eight models were trained on the TRAINING data for TraderI10098 using the 

cross-validation with 10 folds and 3 repeats. The models were evaluated on the Accuracy 

and Kappa metrics; the Accuracy metric is the measure of the measure of the percentage 

of correctly classified instances, whereas Kappa measures the classification accuracy 

baselined against the expected accuracy; see Figure A-16 in Appendix A for the R Script 

that was used to train and to compare the eight models. 

  

 The summary() function in R produces the Summary Table with comparison of 

Accuracy and Kappa; as depicted in Figure 3-35 below, the “max” Accuracy values for 

RF, KNN, and LDA show impressive model accuracy, but the “max” Kappa values reveals 

that the prediction accuracy was expected to be close to the high value. The results show 

that the Random Forests model outperformed the other models followed by SVM then 

KNN on the Training data. 

 

 
 

Figure 3-35: Summary Table Comparison of RF, CART, LDA, SVM, and KNN Classification Models 

 

 Listed by the highest mean accuracy in Figure 3-36 below, are the Box and Whisker 

Plots for the models, depicting the spread of the estimated accuracies and how they relate 
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to the mean. The results show that RF’s mean value is centered in the middle 50% of the 

results, demonstrating the most normal distribution. 

 
 

Figure 3-36: Comparison of RF, CART, LDA, SVM, and KNN Classification Models in R Box and Whisker Plots 

 

  

The Density Plots of the results, depicted below in Figure 3-37, supports the normal 

distribution of the models’ results while depicting how RF’s results distribution are 

condensed within the 50th percentile but with long tails and the highest peak. 

 
 
Figure 3-37: Comparison of RF, CART, LDA, SVM, and KNN Classification Models in R Density Plots 
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The Dot Plots of the results, depicted below in Figure 3-38, plots the mean on 95% 

of the confidence interval of the observed score demonstrating that 95% of the RF results 

are better distributed and more accurate than the other models; it also depicts the density 

of the SVM’s 95% of the results in comparison with how widespread the RF’s and others’ 

95% of their results are.  

 
 
Figure 3-38: Comparison of RF, CART, LDA, SVM, and KNN Classification Models in R Dot Plots 

 

The Scatterplot Matrix of the results, depicted below in Figure 3-39, plots the 

correlation of the model results; this matrix is useful in tuning the chosen model because 

the weakly correlated models are candidates to be combined in ensemble prediction; for 

example, KNN and LDA are weakly correlated with RF and are good candidates to be 

combined with RF in ensemble model.    
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Figure 3-39: Comparison of RF, CART, LDA, SVM, and KNN Classification Models in R Scatterplot Matrix 

 

 

In reviewing the classification models’ results, it was clear that the Random Forests 

model had the most accurate classification predictions on the Test data and the most 

consistency and accuracy results on the Training data, and finally has the excellent tuning 

tool for its ensemble nature that combines results from different applied Models; Table 3-

14 below lists the models’ prediction accuracy that was based on the TEST data.  

 

As depicted in Table 3-14, The Random Forests model outperformed the Bagging 

model by 2%. The Random Forests model is the most powerful type of ensemble machine 

learning algorithm, the Bagging algorithm. Bagging is a powerful method for estimating 
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values, it takes multiple samples of the training data and constructs models for each data 

sample, most commonly decision trees. Then each model makes a prediction and the 

predictions are averaged to give a better estimate of the true prediction value. The Random 

Forests is an improved approach by introducing randomness in selecting the decision trees 

where suboptimal splits are selected; as such, each model created for each sample of the 

data are more different than in the Bagging model and in combining their predictions 

results in a better estimate of the true underlying value.  

 

Also depicted in Table 3-14, The Random Forests model outperformed the SVM 

model by 2%. SVM can be a linear classification or regression model. In SVM, the 

hyperplane is a line selected to best separate the points in the input variable space by their 

class numeric, either 0 or 1. The SVM learning algorithm finds the coefficients that result 

in the best separation of the classes by the hyperplane. The distance between the hyperplane 

and the closest data points is referred to as the margin. The best or optimal hyperplane that 

can separate the two classes is the line that has the largest margin. These points are the 

support vectors as they support in defining the hyperplane. While SVM is powerful out of 

the box, it has no built-in hyperparameters for tuning it and an optimization algorithm that 

is used to find the values for the coefficients that maximize the margin (tune the model), 

whereas the Random Forests has excellent tuning tool for its ensemble nature. 

 
Table 3-14: Classification Models Accuracy Comparison Based on Test Data 

MODEL AVERAGE ACCURACY 

Random Forests 64% 

Enhanced Benchmark 53% 

Benchmark 48% 
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Bagging (Bootstrap Aggregation) 62% 

Support Vector Machine (SVM) 62% 

Classification and Regression Trees (CART) 61% 

Regularized Regression 60% 

Logistic Regression 60% 

Linear Discriminant Analysis (LDA) 59% 

Naïve Bayes 56% 

k-Nearest Neighbors (KNN) 54% 
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Chapter 4: Results, Analysis, and Conclusion 

While the Traders classification results are consistent, the never-ending process of 

tuning the Random Forests Model is powerful and yields great improvements. With ~150 

Random Forests Models, the results from each Model were reviewed, compared, and 

graphed against the Benchmark’s and other Models’ results; Figures A-3 and A-4 in 

Appendix A depict some of the various models results by date and by trader during the 

Model tuning process; this praxis chapter will highlight and compare some of the evaluated 

models’ classification results with the Model’s classification results. 

  

4.1 The Results Analysis 

 

The breakthrough that raised the Model performance significantly were from the 

feature engineering that removed many of the data anomalies by scaling the data to percent 

of change from day over day in the predictor features. Another tuning tactic that had the 

second highest impact on the Model’s accuracy is the selection of the testing period that 

had the most trader participation. Having consistent trading activities help the model detect 

the patterns and trends in the data, whereas sporadic activities do not aid the model in 

linking past activities with more recent trading patterns and trends in the data. It was also 

obvious that the Model’s accuracy was gradually improving with more training data and 

additional Model tuning with feature engineering that was based on the specific Traders’ 

aggressive trading attitude and style and their reaction to the Market’s turbulence. For 

example, including the number of Canceled trades – while the number of canceled trades 

does not impact the Trader’s profit and loss directly, it reflects the trader’s attitude and 

trading psychology and thus impacts the Model. The Model’s highest average classification 
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accuracy reached 64%, which is on average a 16% higher than the Benchmark’s average 

classification accuracy and 11% higher than the Enhanced Benchmark’s average 

classification accuracy. 

  

The Model has excellent ability to extract different intelligence from the data 

structure per individual Trader, which is demonstrated in various predictor features 

importance (Gini Score) samples depicted in Appendix A, Figure A-5, which clearly 

highlights the various importance ranking the Model assigns to each Trader based on their 

individual activity; for example, based on the Gini Score depicted in Figure 4-1 below for 

TraderI10071, the Model ranks the Trader’s number of trades, the number of traded 

securities, the Dow Jones 5-day moving average, and the Trader’s number of canceled 

trades as the predictor features with the highest impact on the classification errors. 

   

 
 

Figure 4-1: Random Forests Model Gini Score for TraderI10071 
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Whereas the Gini Score for TraderI10001, depicted in Figure 4-2 below, ranks the Dow 

Jones’ closing price, the Dow Jones’ price volatility for the day, the Trader’s number of 

trades, and the S&P500’s price volatility for the day as the predictor features with the 

highest importance on the Model’s classification errors. These findings demonstrate how 

the Model learns the patterns and the relationships in the individual Traders’ data and does 

not generalize them across all Traders. 

 
 

Figure 4-2: Random Forests Model Gini Score for TraderI10001 

 

Also highlighted in Figure 4-3 below is how the Model continues to capture the 

patterns and the relationships in the individual Traders’ data by listing the number of 

multiple tries (mtry) the Model executes to find the least prediction errors for each Trader: 

Including the dynamic “mtry” tuning feature in the Model had a positive impact on the 

Model’s accuracy. 
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Figure 4-3: Sample Random Forests mtry Parameter Tuning for Various Traders 

 

In examining the accurately predicted Traders’ classifications, their features’ 

coefficient correlations matched the Importance factor of the Random Forests Model (Gini 

Score), highlighting that the Model does not predict well with Traders with large anomalies 

in the number of executed trades or canceled trades, which reflects large loss or gains 

resulting in abnormal trading activities; Figures A-9, A-10, and A-11 clearly highlight the 

data’s distribution skewness and outliers. Some of these anomalies are amplified by the 

repeated process of reusing the Training data for additionally supervised training data flow. 

An algorithm was applied to smooth out some of these anomalies by scaling some of the 

occurrences that exceeded a specific number of standard deviation (SD) from the Mean by 

number of executed trades; the algorithm was evaluated with several numbers of SDs, such 

as, 0.5, 1, 1.5, 2, and 2.5 SD’s; Figure 4-4 below depicts the accuracy levels with each 

applied SD scale in comparison with the Benchmark and the selected Model.  
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Figure 4-4: Random Forests SD Smoothing Classification Models Comparison by Date 

 

Another scaling algorithm that impacted the Model’s accuracy is limiting the 

number of Traders that participated few than 40% of the trading days during the training 

period, which impacted many Traders. 

 

The analysis of how the features relate to each other per individual Trader for 

TraderLI1010 highlights that Profit had a positive correlation with the Market Indices 5-

Day moving averages and weaker positive correlation with other Market features, whereas 

it had a strong negative correlation with the number of executed trades and the number of 

traded securities. Profit had a weak positive correction with the number of canceled trades 

as seen in Figure 4-5 below.  



77 
 

 

Figure 4-5: TraderLI1010’s Trading Activity and Profit Features Correlations 

 

The feature relationships depicted in Figure 4-5 confirm that TraderLI1010 profits 

in Bull Market (when Market prices are rising) trading fewer trades and fewer securities. 

Similarly, TraderI10001 has the same trading style as TraderLI1010 but with stronger 

relationships/correlations; see Figure 4-6 below. 

 
 

 Figure 4-6: TraderI10001’s Trading Activity and Profit Features Correlations 
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TraderI10071’s Profit had a positive correlation with each of the Market Indices’ 

features and a positive correction with the number of executed trades, while it had a 

negative correlation with the number of traded securities and the number of canceled 

trades; see Figure 4-7 below. The feature relationships confirm that TraderI10071 profits 

in Bull Market, trading more trades aggressively with fewer securities. 

     

Figure 4-7: TraderI10071’s Trading Activity and Profit Features Correlations 

 

4.2 The Research Hypotheses Resolution  

The results show the Model’s classification was more accurate than the 

Benchmark’s classification by 16%; the Model’s average classification accuracy was 64% 

while the Benchmark’s average classification accuracy was 48%. Also, the Model’s 

classification was more accurate than the Enhanced Benchmark’s classification by 11%; 

The Model’s average classification accuracy was consistent at 64% while the Enhanced 

Benchmark’s average classification accuracy was 53%.  
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Listed in Appendix B, Table B-4 and Table B-5, are the results of the Model’s 

classification accuracy compared with the Benchmark’s and the Enhanced Benchmark’s 

classification accuracy by Date and by Trader, respectively; also depicted below, in Figures 

4-8 and 4-9, are the classification accuracy comparing the Model’s accuracy with the 

Benchmark’s and the Enhanced Benchmark’s accuracy results by date and by the trader. 

The average accuracy by trader measures the classification accuracy for each trader during 

the classification testing period. The average classification by date measures the average 

classification for all trader combined by each day during the classification testing period. 

 
 

Figure 4-8: Random Forests Classification Model vs Benchmark Accuracy by Date 
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Figure 4-9: Random Forests Classification Model vs Benchmark Accuracy by Trader 

 

4.2.1 Research Hypothesis Testing 

To evaluate the average (mean) of the results to assess whether the observed mean 

difference is statistically significant or not, hypothesis testing for the mean will be 

conducted. The first step in comparison of the means for the Model and the Benchmark 

groups/samples is to setup the hypotheses and the level of significance. The level of 

significance, denoted as alpha (α), is the probability that the null hypothesis is rejected in 

favor of the alternative (research) hypothesis when the null hypothesis is true (Type I error 

rate or false positive); Figure A-21 in Appendix A defines Type I and Type II errors that 

are encountered when testing the hypotheses. Next, define the hypotheses, using a 5% level 

of significance (α = 0.05):  



81 
 

• The Null hypothesis: There is no difference between the Model and the 

Benchmark with respect to their mean –  H1o: µ1 =  µ2   α = 0.05 

• The Research hypothesis: There is statistical evidence that the Model mean is 

greater than the Benchmark mean – H1a: µ1 ≠  µ2; µ1 >  µ2  α = 0.05 

 

Next, compute the descriptive statistics for each group; Table 4-1 below lists the sample 

size (n), the sample mean (𝑋̅), and the sample standard deviation (S) for the Model and for 

the Benchmark groups. 

Table 4-1: Descriptive Statistics for the Data Groups 

Model Benchmark Enhanced Benchmark 

𝒏1 𝑿̅1 𝑺1 𝒏2 𝑿̅2 𝑺2 𝒏3 𝑿̅3 𝑺3 

425 0.64 0.4807 425 0.48 0.4995 425 0.53 0.4988 

 

Next, select the appropriate test statistics, such as the Paired T Test statistics; see the T 

test formula below (Dekking, Kraaikamp, Lopuhaa, & Meester, 2005):  

   

The T test formula assumes equal variability in the groups (𝑆1
2 = 𝑆2

2), where 𝑆p is the pooled 

estimate of the common standard deviation (weighted average of the standard deviations 

in the samples); its formula is as follow (Dekking, Kraaikamp, Lopuhaa, & Meester, 2005): 

 
 

Calculating 𝑆p results in  𝑆p = 0.4902, which is between 𝑆1 (0.4807) and 𝑆2 (0.4995). Next, 

setup the decision rule as an Upper Tailed T Test, using Paired T statistics and 5% level of 
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significance with a 1.645 Critical Value; see Figure A-22 in Appendix A for the Rejection 

Region list for Upper Tailed T tests. 

 Decision Rule:  Reject H1oif  T ≥ 1.645 

 

Next, compute the T test statistics: 

 T = 
0.64−0.48

0.4902 √(
1

425
)+(

1

425
)

 = 4.76 

 Decision:   H1o is rejected because 4.76 > 1.645 

 

The null hypothesis is rejected because 4.76 > 1.645, demonstrating statistically significant 

evidence at α = 0.05 showing the Model mean is higher than the Benchmark mean – 

therefore accepting the research hypothesis. The p-value is approximated at ~ 1.00E-06, 

highlighting the probability that the null hypothesis could be rejected in error (Type I error) 

is less than 0.000001; see Figure A-23 in Appendix A for how to approximate the p-value.  

 

The same evaluation steps can be applied to the hypothesis testing for the mean 

difference between the Model and the Enhanced Benchmark.  The following are the results: 

• The Null hypothesis: There is no difference between the Model and the 

Enhanced Benchmark with respect to their mean –     H2o: µ1 =  µ3 α = 0.05 

• The Research hypothesis: There is statistical evidence that the Model mean is 

greater than the Enhanced Benchmark mean –  H2a: µ1 ≠  µ3; µ1 >  µ3 α = 0.05 

 

 Decision Rule:  Reject H2oif  T ≥ 1.645 
 

 T = 
0.64−0.53

0.4898 √(
1

425
)+(

1

425
)

 = 3.27 

 Decision:   H2o is rejected because T > 1.645 
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The null hypothesis is rejected because 3.27 > 1.645, demonstrating statistically significant 

evidence at α = 0.05 showing the Model mean is higher than the Enhanced Benchmark 

mean – therefore accepting the research hypothesis. The p-value is approximated at 

~0.000531, highlighting the probability that the null hypothesis could be rejected in error 

(Type I error) is less than 0.001. 

 

4.3 Conclusion 

The analysis in this Praxis demonstrates that it is possible to classify the Traders as 

profitable or not profitable using supervised machine learning Model based on the Traders’ 

daily trading activities and the publicly available U.S. Stock Market Indices data where the 

Model has outperformed the Benchmark’s naïve classification model that is based on the 

Traders’ last performance/trading activity and the Enhanced Benchmark’s classification 

model that is based on the Traders’ 5-day moving average of their last trading activities. 

 

4.3.1 Analysis Assertion Overview 

The analysis attempted to abstract the Traders’ trading style and attitude from their 

trading activities; more specifically, from the Traders’ number of executed trades, the 

number of canceled trades, and the number securities traded. To pair the Traders’ trading 

style with their reaction to the Market’s daily oscillation, the Model used the major Market 

Indices’ daily trading data as a measure of the Market’s performance. The assertion of the 

analysis is that similarly experienced Traders within the same trading institution when 

given the same opportunities and information to trade in the Market with ceteris paribus 

(all other things being equal), their profitability reflects their trading style and attitude, 
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which is what the Model attempts to capture. The analysis does not attempt to predict the 

Market, upholding the “Efficient Market” principle that the Market cannot be predicted 

successfully as such all future prices have accounted for the Market’s oscillation. The 

analysis highlights that the Model performs better in Up Market than in Down Market due 

to the Model’s ability to use momentum to better understand the future direction and trends 

in the Market; this finding was also supported by a study in 2018 (Macchiarulo, 2018). 

4.3.2 Limitations 

The Market data available to use was limited to what was available publicly for 

free; more data features on the individual securities and the industry sectors that the Traders 

trade might provide more insights on the Traders’ trading styles and attitudes. Cleansing 

five months of trading activities for the Traders was very limiting, especially when proving 

that the Model performs better with more training data. Another key limitation is the lack 

of information on the strategies the Firm offers for their Traders; the strategies the Traders 

utilize have the most direct “predicting” implications on their performance and on the 

Model’s performance in general and can provide the most direct intelligence for training 

the Model. 

 

4.3.3 Future Work 

The Model consistently outperformed the Benchmark and the Enhanced 

Benchmark. While considerable Model and data optimizations were made, more 

optimizations can be done to raise the Model’s accuracy to certainty levels. Some of the 

recommended future optimizations include: 
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• While the Model performed well, Random Forests Model is known for its penchant 

to large data where it outperforms most classification Models when it’s fed large 

training datasets, which was buttressed by the classification accuracy results as they 

increased with the addition of each training day and the fact that the model’s 

accuracy risen by 5% by adding two additional months of data; the recommendation 

is to retrieve more training data from the Firm to support the analysis.  

• Additional trading activity features can provide more intelligence on the Traders’ 

trading style, such as the strategies used and Market segments data; one of the 

advantages of the Random Forests Model is its ability to handle very wide datasets.    

• The Model accuracy can be improved by combining predictions from multiple well-

performing Models by applying ensemble tactics on the ensemble Model itself. 

Gradient Boosting Machines is a great candidate for this tactic to improve the 

accuracy of the Random Forests Model. 

• Data transformation might significantly improve the Model’s accuracy. The feature 

engineering that was done on the data was based on the percent of change from 

day-over-day of independent variables, which provided an audit trail and 

reconciling information of the data. Future efforts should utilize the data 

transformation tactics available in R, such as preProcess(caret) function, instead of 

the method used in this Praxis. 

• Investigate further the assertion that the machine learning models perform better in 

Up Market than in Down Market, which may help tune the model.  
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Appendix A – Figures 

 

  

  

  

 
Figure A-1: Various Forecasting Results for Regression Models for TraderI1006  
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Figure A-2: Sample Random Forests mtry Parameter Tuning for Various Traders  
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Figure A-3: Sample of Various Random Forests Classification Models Comparison by Date  

 

 
 

Figure A-4 Sample of Various Random Forest Classification Models Comparison by Trader 
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Figure A-5: Various Gini Importance Score 
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Figure A-6: TraderI10098’s Features Correlations 
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Figure A-7: TraderI10098’s Features Correlations Based on Profit Classification 
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 > summary(fileAnalysis) 

 Profit         

 0:49    

 1:56    

 

 GSPC.5DMVA      DJI.5DMVA    IXIC.5DMVA     Trade_Change       Sym_Change             

 Min.   :2379  Min.   :20782  Min.   :6084  Min.   :-0.8718  Min.   :-0.8000   

 1st Qu.:2434  1st Qu.:21395  1st Qu.:6226  1st Qu.:-0.3462  1st Qu.:-0.2571    

 Median :2459  Median :21811  Median :6307  Median : 0.0000  Median : 0.0000    

 Mean   :2466  Mean   :21834  Mean   :6338  Mean   : 0.4245  Mean   : 0.1658    

 3rd Qu.:2496  3rd Qu.:22161  3rd Qu.:6427  3rd Qu.: 0.6364  3rd Qu.: 0.4000   

 Max.   :2567  Max.   :23376  Max.   :6617  Max.   :16.0000  Max.   : 2.5556   

 

 GSPC.Volume_Change  DJI.Volume_Change IXIC.Volume_Change     GSPC.Close_Move    

 Min.   :-0.386365  Min.   :-0.520273  Min.   :-0.48286    Min.   :-0.0133983    

 1st Qu.:-0.052724  1st Qu.:-0.100916  1st Qu.:-0.06976    1st Qu.:-0.0012107    

 Median : 0.005266  Median :-0.006302  Median :-0.01197    Median : 0.0003990    

 Mean   : 0.012281  Mean   : 0.023748  Mean   : 0.01665    Mean   : 0.0002811     

 3rd Qu.: 0.054870  3rd Qu.: 0.118766  3rd Qu.: 0.07475    3rd Qu.: 0.0019763     

 Max.   : 0.576093  Max.   : 0.901829  Max.   : 0.91623    Max.   : 0.0078061    

  

 DJI.Close_Move       DJI.Daily_Range    IXIC.Close_Move      IXIC.Daily_Range   

 Min.   :-0.0106436   Min.   :0.001766   Min.   :-0.0192733   Min.   :0.002272   

 1st Qu.:-0.0007603   1st Qu.:0.002912   1st Qu.:-0.0017886   1st Qu.:0.004558   

 Median : 0.0007164   Median :0.003907   Median :-0.0001515   Median :0.006526   

 Mean   : 0.0006257   Mean   :0.004427   Mean   : 0.0001938   Mean   :0.007525   

 3rd Qu.: 0.0024883   3rd Qu.:0.005264   3rd Qu.: 0.0035262   3rd Qu.:0.008837   

 Max.   : 0.0073597   Max.   :0.013681   Max.   : 0.0117194   Max.   :0.033236   

 

 Cxl_Change        GSPC.Daily_Range 

 Min.   :-0.8261   Min.   :0.001563  

 1st Qu.:-0.3012   1st Qu.:0.002843 

 Median : 0.0000   Median :0.004114 

 Mean   : 0.1815   Mean   :0.004748   

 3rd Qu.: 0.4211   3rd Qu.:0.005677   

 Max.   : 2.7857   Max.   :0.015378   

 
Figure A-8: TraderI10098 Features Summary 
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Figure A-9: TraderI10098 Features’ Histograms 
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Figure A-10: TraderI10098 Features’ Density Plots 



99 
 

 
 

 
 

 
 

 
 

Figure A-11: TraderI10098 Features’ Box Plots 
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####################################################################### 

#Retrieve the market indices data from yahoo finance. 

#calculate each index’ daily 5-day moving average 

#transform the data from time series to vector data and persist it to table 

#combine all the indices data into one file and persist it to a table 

#################################################################### 

 

library(quantmod) 

 

############ 

 

start <- as.Date("2017-05-10")  #set the start date for retrieving the data 

end <- as.Date("2018-06-10")    #set the end date for retrieving the data 

 

getSymbols("^GSPC", src = "yahoo", from = start, to = end)  #retreive the S&P500 data 

 

  GSPC_ma_5 <- SMA(           #calculate the index 5-day moving average           

 

    Cl(GSPC),  # The closing price of the index, obtained by quantmod's Cl() function 

    n = 5     # The number of days in the moving average window 

    ) 

 

core_data <- coredata(GSPC) 

 

indexdataSnP <- cbind.data.frame(index(GSPC), core_data, GSPC_ma_5) #combine the index data 

 

write.csv(indexdataSnP, file="S&P500.csv", row.names=FALSE)  #save the index data 

 

getSymbols("^DJI", src = "yahoo", from = start, to = end)   #retreive the Dow Jones data 

 

  DJI_ma_5 <- SMA(           #calculate the index 5-day moving average   

 

    Cl(DJI),  # The closing price of the index, obtained by quantmod's Cl() function 

    n = 5     # The number of days in the moving average window 

    ) 

 

core_data <- coredata(DJI) 

 

indexdataDJ <- cbind.data.frame(index(DJI), core_data, DJI_ma_5) #combine the index data 

 

write.csv(indexdataDJ, file="DJIA.csv", row.names=FALSE)  #save the index data 

 

getSymbols("^IXIC", src = "yahoo", from = start, to = end)    #retreive the NASDAQ data 

 

  IXIC_ma_5 <- SMA(           #calculate the index 5-day moving average   

   

  Cl(IXIC),  # The closing price of the index, obtained by quantmod's Cl() function 

    n = 5     # The number of days in the moving average window 

    ) 

 

core_data <- coredata(IXIC) 

 

indexdataNAS <- cbind.data.frame(index(IXIC), core_data, IXIC_ma_5) #combine the index data 

 

write.csv(indexdataNAS, file="NASDAQ.csv", row.names=FALSE)  #save the index data 

 

##### 

 

indexdata <- cbind(indexdataDJ, indexdataNAS, indexdataSnP) #combine all the 3 indices together in one file 

write.csv(indexdata, file="indexdata.csv", row.names=FALSE) #persist it in a file. 

 

                ########### END ################## 

 

Figure A-12: R Scripts for Market Data Retrieval  
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############################################################################## 

######## Run this code snippets to predict classification for each trading day by Trader 
############################################################################## 

library(randomForest) 

seed <- 7 

set.seed(seed) 
 

tradesDates <- read.csv("tradesDates.csv", stringsAsFactors = F)  # load the table with training and test dates 

ControlTrader <- read.csv("ControlTrader.csv", stringsAsFactors = F)  # load the table with the eligible Traders for the analysis  
 

#### 

uniqueTrader = unique(ControlTrader$TRADER)  # set the value of unique trader to loop through the classification routine 

# 22 Traders 

for (t in uniqueTrader){ 
 

  #print(t) 

  tradelabel <- paste(t,".csv",sep="")  #setup the  trades table label to load for the specific trader 

  trades1 <- read.csv(tradelabel, stringsAsFactors = F)  # load the trades 
   

################################## 

  uniqueDates = unique(tradesDates$TD)  # setup the unique test days in August 10/1 -10/31  

################################## 

  for (d in uniqueDates){                                # loop through the days, selecting the training and testing days 
 

    runDate <- d  #October trading days 10/1 - 10/31 (1 - 22) 

    #print(runDate) 

    trades2 <- trades1[(trades1$TDate < runDate),]   #select only june-august to run the model  
     

###### 

      len <- nrow(trades2)    #determine the number of rows/days 

      file.train <- subset(head(trades2, len-1))  #select the training data, omit last trading day 

      file.test <- subset(tail(trades2, 1)) #select the testing data, include only the last trading day 

 

############ predicts classification for each next trading day 

#initialize files 

        predfile <- c() 

        predtfile <- c() 

        pred.trades <- c() 
 

         tradesTraining <- file.train[,c(29,26,27,28,30,31,32,34,38,42,33,36,37,40,41,44)]  # stationary (% of changes) features 

         tradesTesting  <-  file.test[,c(29,26,27,28,30,31,32,34,38,42,33,36,37,40,41,44)]  # stationary (% of changes) features 
          
         tradesTraining$Profit <- as.factor(tradesTraining$Profit) #assure profit is a factor 

         tradesTesting$Profit <- as.factor(tradesTesting$Profit) #assure profit is a factor 
 

   x <- tradesTraining[,2:16]  #select the model tuning predictors - variables 

  y <- tradesTraining[,1]     #select the response vector  
   

  bestmtry <- tuneRF(x, y, stepFactor = 1.00, improve = 1e-5, trace = T, plot = T) 

      #Starting with the default value of mtry, search for the optimal value ... 

            #(with respect to Out-of-Bag error estimate) of mtry for randomForest   

                   #stepFactor - at each iteration, mtry is inflated (or deflated) by this value 

                          ## tens of models were evaluated with different values for the STEPFACTOR in search for most accurate results 

                   #improve - the (relative) improvement in OOB error must be by this much for the search to continue 

                         ## tens of models were evaluated with different values for the IMPROVE in search for most accurate results 

                   #plot - whether to plot the OOB error as function of mtr 
   

  #print(bestmtry) # display the optimal mtry parameter 

  mm <- bestmtry[which.min(bestmtry[,2])]  #select the optimal mtry value 

  #print(mm) # display the optimally tuned mtry value   
 

  tradesForest <- randomForest(Profit~., data=tradesTraining, mtry=mm)  

        #implementing the random forest algo with most default values 

            # response = Profit 

            # predictor = all the available data in the dataset (15 predictor variables) 

            #ntree = 500, the default value.  Number of trees to grow.  

                # tens of models were evaluated with different values for the NTREE in search for most accurate results 
   

  #  print(tradesForest)  #Print the training model forecasting results 
 

  tradesForest$importance #print the Gini score  

 varImpPlot(tradesForest) #graphs the importance matrix 
              

  predTrades <- predict(tradesForest, newdata = tradesTesting, type= "response") 

           #classify the trader based on the training model 

                   #result is classification 

   #print(predTrades) # print the classification prediction  
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################################################################################ 

######## Captures the classification prediction and the Benchmark prediction and persist them in a table 

################################################################################# 

  predprofit <- predTrades  # save the classification result 

  predtrades <- cbind(file.test, predprofit)  #save the predicted record - original 

  predtrades$accur <- ifelse(predtrades$Profit==predtrades$predprofit,1,0) #calc the model accuracy vs actual profit/test value   
   
  ## this routine is used for a “single” day prediction only 

  rn <- row.names(tradesTesting) 

  if(nrow(tradesTesting)==1) { 

    if(rn==1) { 

      predtrades$lrn <- as.integer(rn)   #identify the previous rows to measure the Benchmark prediction accuracy 

    } else { 

      predtrades$lrn <- as.integer(rn)-1   #identify the previous rows to measure the Benchmark prediction accuracy 

    }  

  } else {  

    predtrades$lrn <- as.integer(rn)-1   #identify the previous rows to measure the Benchmark prediction accuracy 

  } 
   
  predtrades$lpnl <- trades2[c(predtrades$lrn), c(3)]    #pick up the P&L of the Benchmark prediction 

  predtrades$tdate <- trades2[c(predtrades$lrn), c(2) ]    #pick up the Tdate of the record   

  predtrades$lprofit <- trades2[c(predtrades$lrn), c(29) ]  #pick up the Profit of the record 

  predtrades$laccur <- ifelse(predtrades$lprofit==predtrades$Profit,1,0) #calc the Benchmark accuracy vs actual Profit/test value   

  predtrades$runDate <- runDate  #pick up the test/run date. 
   
write.table(predtrades, "TraderResults.csv", sep = ",", col.names = F, row.names = F, append = T)  #persist the results in a table 

 

## End unique date loop 

    }    
 

### End unique trader 

} 

################################################################################## 

######## calculates the model classification accuracy vs the Benchmark by Date and by Trader 

############################################################################## 

library(dplyr) 

library(ggplot2) 

################## 

trades10 <- read.csv("TraderResults.csv", stringsAsFactors = F)  # retrieve the persisted raw classification results 

trades20 <- trades10[,c(1, 2, 46, 51, 52)]   # capture only the needed features / variables 

 

trades0 <- trades20 %>% distinct(TDate,Trader, .keep_all = TRUE) #drop duplicate rows resulting for vacation or absent times. 

 

tradesbydate <- trades0 %>% group_by(runDate) %>% summarize(n=n(), sum(accur), sum(laccur), mean(accur), mean(laccur)) 

     ## calculate the classification accuracy by date 

 

colnames(tradesbydate) <- c("Predicted.Date", "Predicted.Traders" , "Model.Accuracy", "Benchmark.Accuracy" 

,"Model.Accuracy%", "Benchmark.Accuracy%") 

      ## add mnemonic column headers         
 

tradesbytrader <- trades0 %>% group_by(Trader) %>% summarize(n=n(), sum(accur), sum(laccur), mean(accur), mean(laccur)) 

    ## calculate the classification accuracy by date 
 

colnames(tradesbytrader) <- c("Trader", "Predicted.Days" , "Model.Accuracy", "Benchmark.Accuracy" ,"Model.Accuracy%", 

"Benchmark.Accuracy%") 

    ## add mnemonic column headers 

################################################### 

Run <- timestamp()   # capture the timestamp to document model run time 

########### 

####  persist the results by trader and by date in tables for further analysis and comparisons 

trades30 <- trades0 

tradesbydate30 <- tradesbydate 

tradesbytrader30 <- tradesbytrader 
 

trades30 <- rbind (trades30, Run) 

tradesbydate30 <- rbind (tradesbydate30, Run) 

tradesbytrader30 <- rbind (tradesbytrader30, Run) 
 

write.csv(x=trades30, file = "RunResults.csv", row.names = F) 

write.csv(x=tradesbydate30, file = "RunResultsbyDate.csv", row.names = F) 

write.csv(x=tradesbytrader30, file = "RunResultsbyTrader.csv", row.names = F) 

 

Figure A-13: R Scripts for Random Forests Classification Model 
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                  ############################################################################## 

                  ######## This code snippet calculates the model classification accuracy  

                  ######## vs the Benchmark by Date and by Trader 

                  ############################################################################## 

library(dplyr) 

library(ggplot2) 

################## 

 

trades10 <- read.csv("TraderResults.csv", stringsAsFactors = F)  # retrieve the persisted raw classification results 

trades20 <- trades10[,c(1, 2, 46, 51, 52)]   # capture only the needed features / variables 

 

trades0 <- trades20 %>% distinct(TDate,Trader, .keep_all = TRUE) #drop the duplicate rows resulting for vacation or 

absent times. 

 

tradesbydate <- trades0 %>% group_by(runDate) %>% summarize(n=n(), sum(accur), sum(laccur), mean(accur), 

mean(laccur)) 

     ## calculate the classification accuracy by date 

 

colnames(tradesbydate) <- c("Predicted.Date", "Predicted.Traders" , "Model.Accuracy", "Benchmark.Accuracy" 

,"Model.Accuracy%", "Benchmark.Accuracy%") 

      ## add mnemonic column headers         

 

tradesbytrader <- trades0 %>% group_by(Trader) %>% summarize(n=n(), sum(accur), sum(laccur), mean(accur), 

mean(laccur)) 

    ## calculate the classification accuracy by date 
 

colnames(tradesbytrader) <- c("Trader", "Predicted.Days" , "Model.Accuracy", "Benchmark.Accuracy" 

,"Model.Accuracy%", "Benchmark.Accuracy%") 

    ## add mnemonic column headers 

################################################### 

Run <- timestamp()   # capture the timestamp to document model run time 

########### 

####  persist the results by trader and by date in tables for further analysis and comparisons 

########### 

trades30 <- trades0 

tradesbydate30 <- tradesbydate 

tradesbytrader30 <- tradesbytrader 
 

trades30 <- rbind (trades30, Run) 

tradesbydate30 <- rbind (tradesbydate30, Run) 

tradesbytrader30 <- rbind (tradesbytrader30, Run) 
 

write.csv(x=trades30, file = "RunResults.csv", row.names = F) 

write.csv(x=tradesbydate30, file = "RunResultsbyDate.csv", row.names = F) 

write.csv(x=tradesbytrader30, file = "RunResultsbyTrader.csv", row.names = F) 

 

Figure A-14: R Scripts for Random Forests Classification Model Performance Calculation 
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############# start ############### 
 

rm(list=ls())  #clean environment 

gc()           #clean environment 

setwd ("C:\\NAS\\GWU\\Fall 2017-1 - Praxis\\DB\\DATA\\New Data\\") ## set directory 
 

 

Trades <- read.csv("Trades.csv", stringsAsFactors = F)  #read empty file 

DatesFile <- read.csv("DatesFile.csv", stringsAsFactors = F)  #read dates file  
 

uniqueDate = unique(DatesFile$YYYYMMDD)  #set unique date vector 

 

for (i in uniqueDate){   # loop for each available date 
   

  DateLabel1 <- (as.character(i))   #select date 

   

  Datelabel <- paste(DateLabel1,".sorted",".csv",sep="")   #prepare file label 
   

  datafile <- read.csv(Datelabel, stringsAsFactors = T)    #read the file 

   

  write.table(datafile, "Trades.csv", sep = ",", col.names = F, row.names = F, append = T)  #append to the trades file 
   

} 

   

########### END ################## 

 
Figure A-15: R Scripts Combining 221 Traders Data Files 
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    ############# start ############### 
    # prepare training scheme 

    trainControl <- trainControl(method="repeatedcv", number=10, repeats=3) 

    # CART 

    set.seed(7) 
    fit.cart <- train(Profit~., data=tradesTraining, method="rpart", 

                      trControl=trainControl) 

    # LDA 

    set.seed(7) 
    fit.lda <- train(Profit~., data=tradesTraining, method="lda", trControl=trainControl) 

    # SVM 

    set.seed(7) 

    fit.svm <- train(Profit~., data=tradesTraining, method="svmRadial", 
                     trControl=trainControl) 

    # KNN 

    set.seed(7) 

    fit.knn <- train(Profit~., data=tradesTraining, method="knn", trControl=trainControl) 
    # Random Forest 

    set.seed(7) 

    fit.rf <- train(Profit~., data=tradesTraining, method="rf", trControl=trainControl) 

     
    # collect resamples 

    results <- resamples(list(CART=fit.cart, LDA=fit.lda, SVM=fit.svm, KNN=fit.knn, RF=fit.rf)) 

     

    #summary 
    summary(results) 

     

    # box and whisker plots to compare models 

    scales <- list(x=list(relation="free"), y=list(relation="free")) 
    bwplot(results, scales=scales) 

 

    # density plots of accuracy 

    scales <- list(x=list(relation="free"), y=list(relation="free")) 
    densityplot(results, scales=scales, pch = "|") 

    #densityplot(fit.svm, scales=scales, pch = "|")       

         

    # dot plots of accuracy 
    scales <- list(x=list(relation="free"), y=list(relation="free")) 

    dotplot(results, scales=scales) 

     

    # parallel plots to compare models 
    parallelplot(results) 

     

    # pairwise scatter plots of predictions to compare models 

    splom(results) 

 
    ########### END ################## 

 
Figure A-16: R Scripts for Comparing 5 Classification Models on Training Data 
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############# start ############### 
 

trades2 <- read.csv("tradesTotalPnL.csv", stringsAsFactors = F)  #read features combined file 

 

trades2$TradeDate <- as.Date(trades2$TradeDate, format = "%Y-%m-%d") #assure date format is yyyymmdd 
 

  ## trader  

              #calculate the % of filled trades change from previous day   

  trades2$Trade_Change=(trades2$TradeCount - lag(trades2$TradeCount))/lag(trades2$TradeCount) 
   

              #calculate the % of number of traded symbols change from previous day   

  trades2$Sym_Change=(trades2$SymCount - lag(trades2$SymCount))/lag(trades2$SymCount) 

   
              #calculate the % of number of canceled trades change from previous day   

  trades2$Cxl_Change=(trades2$CxlCount - lag(trades2$CxlCount))/lag(trades2$CxlCount) 

   

  ## S&P500 
              #calculate the % of price change from the open to the close   

  trades2$GSPC.Close_Move=(trades2$GSPC.Close - trades2$GSPC.Open)/trades2$GSPC.Open 

              #calculate the % of volume change from the previous day   

  trades2$GSPC.Volume_Change=(trades2$GSPC.Volume - 
lag(trades2$GSPC.Volume))/lag(trades2$GSPC.Volume) 

              #calculate the % of the closing price change from the previous day  

  trades2$GSPC.Close_Change=(trades2$GSPC.Close - lag(trades2$GSPC.Close))/lag(trades2$GSPC.Close) 

              #calculate the % of price change from the high of the day to the low of the day  
  trades2$GSPC.Daily_Range=(trades2$GSPC.High - trades2$GSPC.Low)/trades2$GSPC.Low 

   

  ## DJI 

            #calculate the % of price change from the open to the close    
  trades2$DJI.Close_Move=(trades2$DJI.Close - trades2$DJI.Open)/trades2$DJI.Open 

            #calculate the % of volume change from the previous day  

  trades2$DJI.Volume_Change=(trades2$DJI.Volume - lag(trades2$DJI.Volume))/lag(trades2$DJI.Volume) 

            #calculate the % of the closing price change from the previous day   
  trades2$DJI.Close_Change=(trades2$DJI.Close - lag(trades2$DJI.Close))/lag(trades2$DJI.Close) 

            #calculate the % of price change from the high of the day to the low of the day    

  trades2$DJI.Daily_Range=(trades2$DJI.High - trades2$DJI.Low)/trades2$DJI.Low 

   
  ## NASDAQ 

            #calculate the % of price change from the open to the close   

  trades2$IXIC.Close_Move=(trades2$IXIC.Close - trades2$IXIC.Open)/trades2$IXIC.Open 

            #calculate the % of volume change from the previous day  
  trades2$IXIC.Volume_Change=(trades2$IXIC.Volume - lag(trades2$IXIC.Volume))/lag(trades2$IXIC.Volume) 

            #calculate the % of the closing price change from the previous day  

  trades2$IXIC.Close_Change=(trades2$IXIC.Close - lag(trades2$IXIC.Close))/lag(trades2$IXIC.Close) 

            #calculate the % of price change from the high of the day to the low of the day            
  trades2$IXIC.Daily_Range=(trades2$IXIC.High - trades2$IXIC.Low)/trades2$IXIC.Low 

   

  is.na(trades2)<-sapply(trades2, is.infinite)  

  trades2[is.na(trades2)] <-0  #convert infinite and NA into zero value 
 

   write.csv(x=trades2, file = "TradesProfit.csv", row.names = F) 

 

 
########### END ################## 

 

Figure A-17: R Scripts for Feature Engineering for Traders and Market Indices 
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############# start ############### 

 

controlTraders <- c() 

 
### 

 

trades1 <- read.csv("TradesProfit.csv", stringsAsFactors = F) 

trades <- trades1[!(trades1$DateCount<40),] 
 

### 

 

uniqueTrader = unique(trades$Trader) 
 

for (i in uniqueTrader){ 

 

  trades1 <- trades[which((as.character(unlist(trades$Trader))==i)),] 
   

  #### 

  filetrader <- paste("Trader",i,".csv", sep="") 

 
  write.csv(x=trades1, file = filetrader, row.names = F) 

   

  ### 

   
} 

 

controlTraders$Trader <- uniqueTrader 

controlTraders$TRADER  <- paste("Trader",uniqueTrader,sep="") 
 

write.csv(x=controlTraders, file = "ControlTraders.csv", row.names = F) 

 

########### END ################## 
 

Figure A-18: R Scripts for Creating the Final Model Features by Individual Traders 
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############# start ############### 
 

datain <- read.csv("Trades - Filtered.csv", stringsAsFactors = F)  #read trades file 

trades <- datain[!(datain$TradeStatus == "REJECTED"),]  #filter out the rejected trades 

 
head(trades) 

 

trades1LOG <- c() 

trades2LOG <- c() 
trades3LOG <- c() 

 

uniqueTrader = unique(trades$Trader)  #capture the list of traders 

 
for (i in uniqueTrader){              #loop through the list of traders 

   

  trades1 <- trades[which((trades$TradeStatus=="FILLED" | trades$TradeStatus=="CANCELED") & 

(as.character(unlist(trades$Trader))==i)),] 
          #only selected the filled and canceled trades from the trades file 

   

  uniqueDates <- as.character(unlist(unique( trades1$TradeDate)))   #capture the list of dates the trader traded 

   
  trades3 <- trades1[order(as.POSIXct(as.character(unlist(trades1$TradeDate) ),format = "%M:%D:%Y")),]  #select 

those days 

   

    enddate <- end(uniqueDates) 
    trades3$DateCount <- enddate[1]  

     

  for (z in uniqueDates) {  #loop though the dates to select the securities traded 

  
    trades4 <- trades3[which((trades3$TradeStatus!="NEW") & (as.character(unlist(trades3$TradeDate))==z)),]  

                 #select the filled and canceled tardes 

  

    uniqueSymbols <- as.character(unlist(unique( trades4$Symbol)))    
           #capture the list of symbols traded during that specific trading day 

     

    trades4 <- trades4[order(as.POSIXct(as.character(unlist(trades4$Time) ),format = "%H:%M:%OS")),]   

    
    for (j in uniqueSymbols) {  #loop through each symbol to calculate the PNL 

       

      trades2 <- trades4[as.character(unlist( trades4$Symbol))==j,]  #select the trades for that symbol 

       
      CxlCount <- which(trades2$TradeStatus == "CANCELED")  #calculate the number of canceled trades 

      trades2$CxlCount <- length(CxlCount) 

       

      TradeCount <- which(trades2$TradeStatus == "FILLED")  #calculate the number filled trades 
      trades2$TradeCount <- length(TradeCount) 

       

                                                                      #change the side into a numeric variable to calculate the pnl 

      trades2$Side[as.character( unlist(trades2$Side))=="B"] = -1     #make the side -1 for buys 
      trades2$Side[as.character( unlist(trades2$Side))=="SL"] = 1     #make the side 1 for long sale 

      trades2$Side[as.character( unlist(trades2$Side))=="SS"] = 1     #make the side 1 for short sale 

       

      trades2$PnL <- trades2$ExecQuantity*trades2$ExecPrice*as.numeric(as.character(unlist(trades2$Side) ))  
              #calculate the pnl 

       

       trades2$PnL <- sum(trades2$PnL)                    #accumulate the pnl for each trader 
       trades2LOG <- rbind(trades2LOG, tail(trades2,1))   #add the pnl to log files  

       trades1LOG <- rbind(trades1LOG, tail(trades2))     #add the pnl to log files 

   

  } 
 } 

} 
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write.csv(x=trades2LOG, file = "tradesCompletedall.csv", row.names = F)   
               #log file of the pnl per each trader, per symbol, per day  

write.csv(x=trades1LOG, file = "trades with pnl.csv", row.names = F)     

               #log file of all the individula trades with pnl and trade counters 

 
library(dplyr) 

options("scipen"=100, "digits"=4) 

 

tradesGrouping <- group_by(trades2LOG, Trader, TradeDate)   #group the results by trader and trade date 
 

                #summarize the pnl by trader, by date - for all the symbols for that day, summarize the trade counts 

tradesGrouping2 <- as.data.frame(summarize(tradesGrouping, TotalPnL = sum(PnL,na.rm = T), SymCount = n(), 

TradeCount = sum(TradeCount,na.rm = T), CxlCount = sum(CxlCount,na.rm = T), TotalPnL = sum(PnL,na.rm = 
T),DateCount = DateCount[1])) 

 

#View(tradesGrouping2[order(tradesGrouping2$TotalPnL, decreasing = T),]) 

 
tradesGrouping2$Profit <- ifelse(tradesGrouping2$TotalPnL >0,1,0)   #set the Profit binary classification  

 

write.csv(x=tradesGrouping2, file = "tradesTotalPnL.csv", row.names = F)   

             #write the file that is the basis for the model 
 

########### END ################## 

 

Figure A-19: R Scripts for Calculating the P&L 
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############# start ############### 
 

TraderDistribution <- c() #clean the file 

 

################################################### 
 

tradesTotalPnL <- read.csv("tradesTotalPnL.csv", stringsAsFactors = F) #read the pnl file 

 

uniqueTrader = unique(tradesTotalPnL$Trader)  #capture the unique 44 trader IDs 
 

for (i in uniqueTrader){  #loop to calculate the profitability of each trader 

   

  trades <- tradesTotalPnL[(unlist(tradesTotalPnL$Trader))==i,]  #select the trades for that trader 
 

  TraderDistribution$Trader <- i                                             #add the trader ID 

  TraderDistribution$DaysTraded <- nrow(trades)                 #add the #of days traded 

  TraderDistribution$DaysProfit <- sum(trades$Profit)           #add the #of profitable days 
  TraderDistribution$ProfitPCNT <- mean(trades$Profit)       #add the % of profitable days 

 

  #presist the data in a table 

  write.table(TraderDistribution, "TraderDistribution.csv", sep = ",", col.names = F, row.names = F, append = T) 
   

} 

 

################################################### 
 

TraderDist <- read.csv("TraderDistribution.csv", stringsAsFactors = F)  #read the entire file 

 

  #depitc the histogram with titles 
hist(TraderDist$Profitable,  

   main = "Traders Profitable Days Distribution", ylab="Number of Traders", xlab="Percentage of Profitable Days",      

   col=c("light blue")) 

 
 

########### END ################## 

 

Figure A-20: R Scripts for Calculating and Depicting the Traders Profitable Days Distribution 
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In hypothesis tests, there are two types of errors that can be committed, Type I and Type II 

errors. Type I error occurs when the null hypothesis, H0, is incorrectly rejected when it is 

true; this is a “false positive” error. Selecting the level of significance to test the hypothesis, 

alpha (α) represents the probability of Type I errors: α= P(Type I error) = P(Reject H0 | H0 

is true). Type II error occurs when the null hypothesis, H0, is incorrectly not rejected when 

it is false; this is a “false negative” error. Beta (ß) represents the probability of Type II 

errors: β=P(Type II error) = P(Do not Reject H0 | H0 is false). The below image depicts the 

Type I and Type II errors (Dekking, Kraaikamp, Lopuhaa, & Meester, 2005).  

 

 
Do Not Reject H0 Reject H0 

H0 is True Correct Decision Type I Error 

H0 is False Type II Error Correct Decision 

 

 

Figure A-21: Type I and Type II Errors 
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Rejection Region for Upper-Tailed T Test (H1: μ > μ0 ) 

with α=0.05 
The decision rule is: Reject H0 if T > 1.645. 

Upper-Tailed Test 

α T 

0.10 1.282 

0.05 1.645 

0.025 1.960 

0.010 2.326 

0.005 2.576 

0.001 3.090 

0.0001 3.719 
 

 

 
Rejection Region for Lower-Tailed T Test (H1: μ < μ0 ) 

with α =0.05 
The decision rule is: Reject H0 if T < 1.645. 

Lower-Tailed Test 

a T 

0.10 -1.282 

0.05 -1.645 

0.025 -1.960 

0.010 -2.326 

0.005 -2.576 

0.001 -3.090 

0.0001 -3.719 
 

 

 
Rejection Region for Two-Tailed T Test (H1: μ ≠ μ 0 ) with 

α =0.05 
The decision rule is: Reject H0 if T < -1.960 or if T > 1.960. 

Two-Sided-Tail Test 

α T 

0.20 1.282 

0.10 1.645 

0.05 1.960 

0.010 2.576 

0.001 3.291 

0.0001 3.819 
 

 

Figure A-22: Rejection Region for T Tests 
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How to use the Standard 
Normal Table 

1. Find the p-value for 

hypothesis test using the 

standard normal table. 

2. For a right-tailed z-test, 

if the test statistic is 3.27. 

The p-value is given by: 

p-value = P(Z>3.27) 

=1-P(Z<3.27)  

=1-0.9995  

=0.0005  

Since p-value < .05, the 

right-tailed z-test is 

significant at the .05 level.  

 

Standard Normal Table 
 
Z is the standard normal random variable. The table value for 

Z is the value of the cumulative normal distribution at Z. This 

is the left-tailed normal table. As the Z-value increases, the 

normal table value also increases (Dekking, Kraaikamp, 

Lopuhaa, & Meester, 2005).  

 

 
 

   z       .00        .01       .02       .03       .04       .05       .06       .07      .08      .09 

.0 .5000 .5040 .5080 .5120 .5160 .5199 .5239 .5279 .5319 .5359 

.1 .5398 .5438 .5478 .5517 .5557 .5596 .5636 .5675 .5714 .5753 

.2 .5793 .5832 .5871 .5910 .5948 .5987 .6026 .6064 .6103 .6141 

.3 .6179 .6217 .6255 .6293 .6331 .6368 .6406 .6443 .6480 .6517 

.4 .6554 .6591 .6628 .6664 .6700 .6736 .6772 .6808 .6844 .6879 

.5 .6915 .6950 .6985 .7019 .7054 .7088 .7123 .7157 .7190 .7224 

.6 .7257 .7291 .7324 .7357 .7389 .7422 .7454 .7486 .7517 .7549 

.7 .7580 .7611 .7642 .7673 .7704 .7734 .7764 .7794 .7823 .7852 

.8 .7881 .7910 .7939 .7967 .7995 .8023 .8051 .8078 .8106 .8133 

.9 .8159 .8186 .8212 .8238 .8264 .8289 .8315 .8340 .8365 .8389 

1.0 .8413 .8438 .8461 .8485 .8508 .8531 .8554 .8577 .8599 .8621 

1.1 .8643 .8665 .8686 .8708 .8729 .8749 .8770 .8790 .8810 .8830 

1.2 .8849 .8869 .8888 .8907 .8925 .8944 .8962 .8980 .8997 .9015 

1.3 .9032 .9049 .9066 .9082 .9099 .9115 .9131 .9147 .9162 .9177 

1.4 .9192 .9207 .9222 .9236 .9251 .9265 .9279 .9292 .9306 .9319 

1.5 .9332 .9345 .9357 .9370 .9382 .9394 .9406 .9418 .9429 .9441 

1.6 .9452 .9463 .9474 .9484 .9495 .9505 .9515 .9525 .9535 .9545 

1.7 .9554 .9564 .9573 .9582 .9591 .9599 .9608 .9616 .9625 .9633 

1.8 .9641 .9649 .9656 .9664 .9671 .9678 .9686 .9693 .9699 .9706 

1.9 .9713 .9719 .9726 .9732 .9738 .9744 .9750 .9756 .9761 .9767 

2.0 .9772 .9778 .9783 .9788 .9793 .9798 .9803 .9808 .9812 .9817 

2.1 .9821 .9826 .9830 .9834 .9838 .9842 .9846 .9850 .9854 .9857 

2.2 .9861 .9864 .9868 .9871 .9875 .9878 .9881 .9884 .9887 .9890 

2.3 .9893 .9896 .9898 .9901 .9904 .9906 .9909 .9911 .9913 .9916 

2.4 .9918 .9920 .9922 .9925 .9927 .9929 .9931 .9932 .9934 .9936 

2.5 .9938 .9940 .9941 .9943 .9945 .9946 .9948 .9949 .9951 .9952 

2.6 .9953 .9955 .9956 .9957 .9959 .9960 .9961 .9962 .9963 .9964 

2.7 .9965 .9966 .9967 .9968 .9969 .9970 .9971 .9972 .9973 .9974 

2.8 .9974 .9975 .9976 .9977 .9977 .9978 .9979 .9979 .9980 .9981 

2.9 .9981 .9982 .9982 .9983 .9984 .9984 .9985 .9985 .9986 .9986 

3.0 .9987 .9987 .9987 .9988 .9988 .9989 .9989 .9989 .9990 .9990 

3.1 .9990 .9991 .9991 .9991 .9992 .9992 .9992 .9992 .9993 .9993 

3.2 .9993 .9993 .9994 .9994 .9994 .9994 .9994 .9995 .9995 .9995 

3.3 .9995 .9995 .9995 .9996 .9996 .9996 .9996 .9996 .9996 .9997 

3.4 .9997 .9997 .9997 .9997 .9997 .9997 .9997 .9997 .9997 .9998 

 

Figure A-23: Approximate the p-value 
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Appendix B – Tables 

 

Table B-1: Combined Market Data Features Retrieved from Yahoo Finance 

Date The Trading day/Session’s date. 

GSPC.Open The S&P 500’s open price at the beginning of the trading day. 

GSPC.High The S&P 500’s highest price point during the same trading day. 

GSPC.Low The S&P 500’s lowest price point during the same trading day. 

GSPC.Close S&P 500’s closing price at the end of the trading day. 

GSPC.Volume 
The number of shares traded during the trading day - for the securities that make up 

the index 

DJI.Open The Dow Jones Industrial Average’s open price at the beginning of the trading day. 

DJI.High The Dow Jones Industrial Average’s highest price point during the same trading day. 

DJI.Low The Dow Jones Industrial Average’s lowest price point during the same trading day. 

DJI.Close The Dow Jones Industrial Average’s closing price at the end of the trading day. 

DJI.Volume 
The number of shares traded during the trading day - for the securities that make up 

the index 

IXIC.Open The NASDAQ’s open price at the beginning of the trading day. 

IXIC.High The NASDAQ’s highest price point during the same trading day. 

IXIC.Low The NASDAQ’s lowest price point during the same trading day. 

IXIC.Close The NASDAQ’s closing price at the end of the trading day. 

IXIC.Volume 
The number of shares traded during the trading day - for the securities that make up 

the index 

 

  



115 
 

Table B-2: TraderI10098 Features’ Correlation Table 

 

 

 

  

 Profit 
GSPC. 

5DMVA 

DJI. 

5DMVA 

IXIC 

.5DMVA 

Trade_ 

Change 

Sym_  

Change 

Cxl_  

Change 

GSPC. 

Volume_ 

Change 

DJI. 

Volume_ 

Change 

IXIC. 

Volume_ 

Change 

GSPC. 

Close_ 

Move 

GSPC. 

Daily_ 

Range 

DJI. 

Close_ 

Move 

DJI. 

Daily_ 

Range 

IXIC. 

Close_ 

Move 

IXIC. 

Daily_ 

Range 

Profit 1 -0.05 -0.07 -0.05 -0.21 -0.07 -0.06 -0.11 -0.21 -0.13 0.11 -0.14 0.13 -0.01 0.11 -0.15 

GSPC.5DMVA -0.05 1 0.97 0.97 -0.04 0 -0.02 0.01 0.07 0.03 -0.07 -0.26 0.02 -0.22 -0.08 -0.2 

DJI.5DMVA -0.07 0.97 1 0.93 0.01 0.01 0.02 0 0.06 0.01 -0.07 -0.2 -0.01 -0.16 -0.05 -0.18 

IXIC.5DMVA -0.05 0.97 0.93 1 -0.03 -0.02 -0.02 0.02 0.08 0.03 -0.05 -0.28 0.03 -0.23 -0.1 -0.2 

Trade_Change -0.21 -0.04 0.01 -0.03 1 0.13 0.35 0.02 0.01 0.08 -0.06 0.02 -0.03 -0.01 -0.04 0.03 

Sym_Change -0.07 0 0.01 -0.02 0.13 1 0.59 0.06 0.05 0.15 0.15 -0.03 0.15 -0.05 0.12 -0.01 

Cxl_Change -0.06 -0.02 0.02 -0.02 0.35 0.59 1 0.06 0.08 0.13 0.18 0.06 0.17 0.03 0.13 0.06 

GSPC.Volume_ 

Change 
-0.11 0.01 0 0.02 0.02 0.06 0.06 1 0.73 0.85 -0.19 0.16 -0.18 0.18 -0.13 0.17 

DJI.Volume_ 

Change 
-0.21 0.07 0.06 0.08 0.01 0.05 0.08 0.73 1 0.7 -0.21 0.23 -0.21 0.12 -0.2 0.24 

IXIC.Volume_ 

Change 
-0.13 0.03 0.01 0.03 0.08 0.15 0.13 0.85 0.7 1 -0.17 0.24 -0.13 0.16 -0.17 0.29 

GSPC.Close_ 

Move 
0.11 -0.07 -0.07 -0.05 -0.06 0.15 0.18 -0.19 -0.21 -0.17 1 -0.29 0.84 -0.18 0.83 -0.28 

GSPC.Daily_ 

Range 
-0.14 -0.26 -0.2 -0.28 0.02 -0.03 0.06 0.16 0.23 0.24 -0.29 1 -0.26 0.85 -0.31 0.84 

DJI.Close_ 

Move 
0.13 0.02 -0.01 0.03 -0.03 0.15 0.17 -0.18 -0.21 -0.13 0.84 -0.26 1 -0.16 0.53 -0.18 

DJI.Daily_ 

Range 
-0.01 -0.22 -0.16 -0.23 -0.01 -0.05 0.03 0.18 0.12 0.16 -0.18 0.85 -0.16 1 -0.16 0.6 

IXIC.Close_ 

Move 
0.11 -0.08 -0.05 -0.1 -0.04 0.12 0.13 -0.13 -0.2 -0.17 0.83 -0.31 0.53 -0.16 1 -0.4 

IXIC.Daily_ 

Range 
-0.15 -0.2 -0.18 -0.2 0.03 -0.01 0.06 0.17 0.24 0.29 -0.28 0.84 -0.18 0.6 -0.4 1 



116 
 

Table B-3: Features Available for the Model 

Feature Description 

Trader Trader ID 

TDate The Trading day/Session’s date. 

TotalPnL Trader’s calculated P&L – not adjusted for risk – calculated based on FIFO 

SymCount The number of traded securities 

TradeCount The number of trades. 

CxlCount The number of canceled trades 

DateCount The number of days the trader traded during the test period (5/18/2017 – 

6/8/2018) 

GSPC.Open The S&P500’s open price at the beginning of the trading day. 

GSPC.High The S&P500’s highest price point during the same trading day. 

GSPC.Low The S&P500’s lowest price point during the same trading day. 

GSPC.Close S&P500 trading day closing price. 

GSPC.Volume The number of shares traded during the day for the Index’ securities 

DJI.Open The Dow Jones Industrial Average’s trading day open price. 

DJI.High The Dow Jones Industrial Average’s highest price during the trading day. 

DJI.Low The Dow Jones Industrial Average’s lowest price during the trading day. 

DJI.Close The Dow Jones Industrial Average trading day closing price. 

DJI.Volume The number of shares traded during the day for the Index’ securities 

IXIC.Open The NASDAQ’s open price at the beginning of the trading day. 

IXIC.High The NASDAQ’s highest price point during the same trading day. 

IXIC.Low The NASDAQ’s lowest price point during the same trading day. 

IXIC.Close The NASDAQ trading day closing price. 

IXIC.Volume The number of shares traded during the day for the Index’ securities 

GSPC.5DMVA The Five-day average of the previous Closing price for S&P500 

DJI.5DMVA The Five-day average of the previous Closing price for Dow Jones 

IXIC.5DMVA The Five-day average of the previous Closing price for NASDAQ 

Profit Categorical value for Profitable or not (1-Profitable, 0-Not Profitable) 

Trade_Change The % of the change in the number of trades from the previous day. 

Sym_Change The % of the change in the number of traded securities from the previous 

day. 

Cxl_Change The % of the change in the number of canceled trades from the previous day. 

GSPC.Close_Move S&P500’s % of change from the Open Price to the Closing Price 

GSPC.Volume_Change S&P500’s % of change of the trading volume from the previous day. 

GSPC.Close_Change S&P500’s % of the change in the closing price from the previous day. 

GSPC.Daily_Range S&P500’s daily price ranges from the High Price of the day to the Low Price 

of the day. 

DJI.Close_Move Dow Jones’ % of change from the Open Price to the Closing Price 

DJI.Volume_Change Dow Jones’ % of change of the trading volume from the previous day. 

DJI.Close_Change Dow Jones’ % of the change in the closing price from the previous day. 

DJI.Daily_Range Dow Jones’ daily price range from the High Price of the day to the Low 

Price of the day 

IXIC.Close_Move NASDAQ’s % of change from the Open Price to the Closing Price 

IXIC.Volume_Change NASDAQ’s % of change of the trading volume from the previous day. 

IXIC.Close_Change NASDAQ’s % of the change in the closing price from the previous day. 

IXIC.Daily_Range NASDAQ’s daily price range from the High Price of the day to the Low 

Price of the day 

  



117 
 

Table B-4: Random Forests Classification Model Accuracy by Date 

Predicted Date Model 

Accuracy % 

Benchmark 

Accuracy % 

Enhanced Benchmark 

Accuracy % 

10/2/2017 55% 64% 64% 

10/3/2017 57% 71% 48% 

10/4/2017 48% 33% 19% 

10/5/2017 86% 29% 81% 

10/6/2017 43% 14% 19% 

10/9/2017 68% 21% 68% 

10/10/2017 67% 52% 38% 

10/11/2017 68% 50% 50% 

10/12/2017 74% 63% 74% 

10/13/2017 74% 53% 58% 

10/16/2017 75% 65% 80% 

10/17/2017 94% 94% 88% 

10/18/2017 80% 65% 65% 

10/19/2017 57% 48% 67% 

10/20/2017 43% 38% 24% 

10/23/2017 86% 36% 79% 

10/24/2017 65% 47% 53% 

10/25/2017 82% 47% 41% 

10/26/2017 32% 37% 42% 

10/27/2017 56% 31% 44% 

10/30/2017 58% 53% 47% 

10/31/2017 53% 42% 42% 
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Table B-5: Random Forests Classification Model Accuracy by Trader 

Trader 
Model 

Accuracy % 

Benchmark 

Accuracy % 

Enhanced Benchmark Accuracy 

% 

TraderI10028 86% 36% 21% 

TraderI10030 59% 35% 47% 

TraderI10032 86% 71% 81% 

TraderI10035 64% 55% 27% 

TraderI10041 50% 50% 44% 

TraderI10042 57% 57% 38% 

TraderI10043 48% 19% 48% 

TraderI10050 68% 27% 36% 

TraderI10052 55% 45% 45% 

TraderI10056 75% 55% 65% 

TraderI10066 57% 38% 24% 

TraderI10069 57% 43% 71% 

TraderI10071 57% 67% 71% 

TraderI10072 58% 53% 68% 

TraderI10080 45% 45% 45% 

TraderI10086 71% 43% 57% 

TraderI10087 75% 63% 38% 

TraderI10088 60% 60% 70% 

TraderI10089 85% 70% 80% 

TraderI10095 57% 48% 62% 

TraderI10096 77% 45% 73% 

TraderI10098 62% 29% 43% 

 

 


