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Abstract 

Predictive modeling in high frequency is challenging because the HFT data is huge and there are many 

predictors to choose from. To tackle this, we take advantage of the advancement in machine learning 

and big data analysis in recent years. Our goal is to (i) look for trends in higher frequencies using 

algorithms based on genetic algorithm and (ii) extract features with predictive abilities from market 

order book using standard methods such as LASSO, Support Vector Machines, and Deep Learning. We 

believe this research will fill the gap in our understanding of predictive models in higher frequencies 

relative to low frequency literature.  

 

 

 

 

 

 

 

 

 



Predictive models takes the following form: 

𝑟𝑖,𝑡+1 = 𝑔(𝑧𝑖,𝑡) + 𝜀𝑖,𝑡+1 

Above, 𝑟𝑖,𝑡+1 is the return of asset 𝑖 at time 𝑡 and 𝑔(𝑧𝑖,𝑡) is a flexible function of a P-dimensional set 

of predictors. The goal here is to first find a set of predictors, 𝑧𝑖,𝑡, and later to estimate the form of 

mixing these predictors, 𝑔(𝑧𝑖,𝑡). In low frequency, the subscript, 𝑡 , refers to daily, monthly or yearly 

observations. However, in high frequency, when 𝑡 is describing millisecond, second, or minute time 

intervals, solving the problem becomes challenging: (i) the data becomes large and therefore, there is 

a large set of predictors to choose from; (ii) the estimation becomes computationally expensive 

meaning that finding a suitable form of combining predictive variables, 𝑔(. ), will take time.  

This paper aims to take up this challenge using modern-day advancements in machine learning and 

big data analysis. We examine two sets of predictive models in high frequency. First, we investigate 

trends. The idea is to see whether there are trends in higher frequencies and if there are, are they 

profitable? The findings from this analysis sheds light on the weak-form of market efficiency in high 

frequency. To implement this analysis, we use a machine learning algorithm based on genetic 

algorithm and employ high-frequency minute-by-minute data from TAQ for the stocks in S&P 500 

index in 2011.   

Next, we construct several sets of predictors (or features in machine learning terminology) using the 

information in market order book and then, employ machine learning algorithms to extract true set 

of predictors. To implement this analysis, we use several supervised and unsupervised machine 

learning algorithms (such as LASSO, Support Vector Machines, and Deep Learning). The finding from 

this analysis can clarify the set of features with predicting ability in high frequency. In addition to this, 

we can use the resulting models to investigate different aspects of high frequency trading such as 

quote stuffing.  



Although strategies based on predictive models or trend realization techniques are a common 

research topic in low frequencies, they have not been addressed much in higher frequencies. The main 

reason is the large datasets and the existence of numerous features and predictors that can be 

extracted from the data. As an example of predictive models in higher frequency, we can refer to the 

recent paper by Gao et al. (2018). They document that the first half hour return on the market predicts 

its last half hour return. Considering the large cross section of assets and various other forms of 

possible relations in higher frequencies, we believe our line of research can tell us much more about 

prediction in higher frequencies.  

On the other hand, this research project can shed light on the decisions made by high frequency 

traders and the form of predictive-based trading strategies they engage in. The research on high 

frequency trading is mainly focused on investigating the historical trades made by high-frequency 

traders (e.g. Brogaard et al., 2014, Baron et al., 2014). Based on these trades, we get to understand 

what major strategies they engage in. These strategies are mainly categorized as market making, 

predatory trading, statistical arbitrage, and latency arbitrage. However, when it comes to predictive-

based strategies, we know little. With the current research, we aim to overcome this gap.   
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