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Abstract 
 

Researchers are continuously seeking to develop and improve the stock forecasting models by analyzing the past value 

of a company and predicting future performance based on past data trends. Many previous studies of technical analyses 

of stocks have focused heavily on forecasting a single stock price based on its own past data. This type of analysis is 

susceptible to stock market volatility and not very effective for intraday trading. In addition, it is difficult to apply a 

method used for a particular stock market sector to other market sectors. In this study, a cross-correlation-based 

forecasting model is proposed, using sets of closely related stocks to forecast future stock performance. For highly 

correlated pairs with a time delay of K days, the two stocks are assumed to exhibit a similar pattern in the short term—

that is, predicting stock B’s price based on stock A’s price will reflect stock A’s future performance K days earlier. 

The forecasting model generates a buy or sell signal depending on the performance of one stock that influences the 

other stock with the lag. The accuracy of the developed model is measured using US stocks from the energy sector, 

which is more volatile than other indexes (i.e., S&P 500), and the technology sector. The proposed model accurately 

forecasts outcomes 87.2% of the time and generates 3.2% profit per dollar over the span of the 47-day forecast interval. 

This result shows that the developed forecasting model is ideal for high-risk, high-return investments.   
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1. Introduction 
 

Researchers and investors have studied how to accurately predict the stock market to generate higher returns. Their 

approach can be categorized into three types of stock market analysis: fundamental, sentimental, and technical analyses. 

A fundamental analysis determines whether the current price of a company is underestimated or overestimated by 

looking at the finances of a company (i.e., earning per share, debt ratio, cash flow). If the current price is underestimated, 

fundamental analysts assign this particular stock as buy. The main drawbacks of this method are that (1) it is difficult 

to analyze companies from emerging markets or relatively young companies due to the lack of the sufficient financial 

reports [1], (2) it is time-consuming and difficult to automate the process, and (3) it is susceptible to unknown parameters 

that affect the stock market prices and market volatility.  

   A sentimental analysis is based on the assumption that investors’ sentiment affects the general trend of a stock. 

Previous study [2] has shown that news and social media coverage impacts stock prices. However, this type of analysis 

is highly susceptible to volatility due to the lack of a strong statistical relationship with volatility [3]. 

   Unlike fundamental and sentimental analyses, technical analyses concern only the past data of a stock. Typically, a 

technical analysis is applied on a single stock. This approach is less time-consuming. However, during a period of 

unstable economy, a technical analysis based on a single stock is not effective. For example, the unexpected financial 

crisis, such as United Kingdom withdrawal from the European Union, directly translates to increase in volatility. When 

technical analysis is used in this case, it is very challenging to know the extent in which stocks are going down. On 
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the other hand, when a pairwise approach is used, the amount of decrease in highly correlated stocks would vary. 

However, their trends (going down or up) are the same, and it is hypothesized that a technical analysis using a pair of 

stocks is more effective in highly volatile, unstable market condition. Unlike the previous study that uses a pairwise 

technical analysis [4], the proposed method in this paper is automatic. The approach from [4] requires users to input 

each different time delays and chooses which lag to use; rather, the proposed algorithm here automatically calculates 

such delays. Furthermore, the result from highly traded US stocks is shown in this paper while previous study [4] 

shows less frequently traded Australian stocks For low volume stocks, it might be impossible to buy and sell the stocks 

with a high quantity. 

   Cross-correlating two stocks works as follows: When the price of stock A is related to the price of stock B but there 

is a time delay of K days, predicting stock B’s price based on stock A’s price will reflect its future performance K 

days earlier. For highly correlated pairs, the two stocks are assumed to exhibit a similar pattern in the short term. For 

a long-term investment, an algorithm must be continuously run that buys stock B whenever stock A shows a marked 

increase in price if the correlation is strong and delayed by K days.  

   The proposed forecasting model discussed generates buy and sell signals along with corresponding trade dates and 

takes the following inputs: a pair of stocks, range of dates, correlation coefficient (−1 < ρ < 1) threshold, and 

maximum number of tries. The model first retrieves data from two stocks in a specified range of dates. It then 

calculates the cross-correlation and finds (1) whether the two stocks are strongly correlated (ρ > ρ-threshold) and (2) 

whether the time delay (lag) is not zero, meaning a time delay occurred between the two stocks. After these two 

conditions are met, the forecasting model generates a buy or sell signal depending on the performance of one stock 

that influences the other stock with the lag. If either of the two conditions fails, the algorithm either adjusts the range 

of dates or changes the pair of stocks when it reaches the maximum number of tries. 

 

 

2. Methods 

 
The proposed forecasting model retrieves previous data of a pair of stocks and compute cross-correlation. It then 

checks two conditions: (1) the correlation coefficient is greater than the threshold (> 0.7) and (2) the time delay (lag) 

is non-zero. The function of “Cross-Correlate” has two outputs: how strong two stocks are correlated and when they 

have such optimal correlation (lag). Therefore, the algorithm automatically rejects when it detects lag of zero. Because 

this method focuses only on a long position of stocks, excluding a short position, the algorithm rejects when the time 

delay is negative. However, when a short position is in interest, simple modification in condition checking will result 

in pair of stocks that have high negative correlation. When either of these conditions is not met, the algorithm either 

modifies the time interval or change stock pairs if an attempt to modify the time interval has reached the maximum 

number of tries. When both conditions are satisfied, the model starts generating buy or sell signals and calculates the 

buy or sell dates depending on the lag. The algorithm flowchart and pseudocode are shown in Figure 1 and Figure 2, 

respectively. 

  The  model can be applied to any set of stocks from various sectors, although it is more effective to target a pair such 

that the lag is less than two weeks with a high expected short-term gain. Furthermore, stocks with a previous history 

of drastic change are the main targets, as they often accompany more buy opportunities. Although the short term is 

relative, we consider it as between one to two months. Stock selection can be done from a set of provided stocks. They 

are initially picked from intuitions. For example, company A that produces a component that company B uses likely 

has significant correlation with company B. The model does not include the predicted price as the trend (either 

predicted up or down) is more important and the actual profit can be calculated after the lag. 
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Figure 1. algorithm flowchart 

 

 
 

Figure 2. algorithm pseudocode 
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3. Results 

 
Using US stocks from the energy sector, the lag for buy and sell signals as well as the accuracy and profit per dollar are 

reported. The reason we use the energy sector is to measure the resistance to volatility as the energy sector has a daily 

volatility of 3.9% (annualized: 61.9%). The process of selecting a stock that is highly correlated with United States Oil 

(USO) is shown in Table 1. From the set of stocks provided, the algorithm computes cross-correlation with each 

provided stock and rejects all except WLL and PGH. Between WLL and PGH, we choose Whiting Petroleum 

Corporation (WLL) due to the stronger cross-correlation with United States Oil Fund (USO), use data from the previous 

seven years to compute the cross-correlation, and forecast for 47 days. The lag and two stocks after the lag time K are 

shown in Figure 3 and Figure 4 for the sell and buy signal, respectively. Note that algorithm fails to generate buy or sell 

signal for lag of zero, but in Figure 3 and 4, it is shown for demonstration that two stocks are not highly correlated when 

lag is zero. The results show that the proposed model accurately forecasts the upward trend 15 out of 17 times (88.2%) 

and the downward trend 26 out of 30 times (86.7%), for a total of 87.2%, as shown in Table 2. Compared to a previous 

study [4] using a data-mining algorithm with a lagged correlation with 67% accuracy, the proposed model is 

significantly more accurate. Furthermore, the proposed model generates 3.2% profit per dollar over the span of the 47-

day forecast interval.  

 
Table 1. Selection Process 

 

 
 

 
 

Figure 3. example of a sell signal 

 

 
 

Figure 4. example of a buy signal 
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Table 2. results and comparison with previous study (* total accuracy of 67.0% of previous study is for the entire sets 

tested, and  buy/sell signal accuracy is not reported for all data) 

 

 
 

 

4. Conclusion 
 

This research developed a cross-correlation-based forecasting model and demonstrated that a pair of strongly related 

stocks shows a similar trend in the near future. During the 47-day interval, the proposed model showed an accuracy of 

87.2% compared to 67% from the previous study [4]. Furthermore, the sets of stocks targeted from previous study [4] 

are low volume stocks, and there are not enough buy opportunities to make a meaningful profit. On the other hand, our 

proposed model has enough buy opportunities for energy sector stocks whose annualized volatility is 61.9% (daily: 

3.9%), and the profit is 3.2% over 47 days. This result shows that the cross-correlation-based stock forecasting model 

is effective for highly volatile, short-term trading. The proposed model provides new insights for researchers, investors, 

and individuals regarding how cross-correlation can improve the accuracy of forecasting highly volatile stocks. The 

future work would be broader analysis of stocks from different sectors and comparison of the distribution of investment 

returns. 
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