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Abstract. In recent years, investment has become more and more popular, and asset management 
has also received more and more attention. At the same time, with the development of computer 
science, more and more machine learning or deep learning algorithms can be used for investment 
management, such as price forecasting, portfolio and quantitative trading strategies. First of all, in 
the trading market, most of the ups and downs are cyclical, but they are easily affected by factors 
such as policies and investment fever, which brings great challenges to the establishment of a 
reasonable price forecasting model. This paper builds a sliding price forecasting model that aims to 
reduce various noises such as frequent fluctuations. In order to get the best forecast results, we 
searched the parameters of each sliding forecast, trying to get the forecast closest to the actual price. 
Second, developing trading strategies based on forecast results is clearly related to goal planning. 
Therefore, this paper first establishes the objective programming problem, designs the objective 
function and constraints, and then optimizes the problem. At the same time, the article also considers 
investor styles, such as the investment boom in gold and bitcoin, and a more cautious approach to 
buying and selling. Ultimately, this paper designs a flexible feedback model based on style 
parameters to adjust the trading strategy, by searching for the best parameters of the final model, 
our trading strategy model converts assets from $1000 from September 11, 2016 to September 10, 
2021 It increased to $238,869, and the cumulative return reached 23,886.9%. 

Keywords: Price prediction, Goal programming, Trading strategy, ARIMA. 

1. Introduction 

Bitcoin and gold are the two most popular investment products in recent years, which are 

inseparable from their characteristics. For bitcoin, bitcoin is a virtual currency product based on 

blockchain technology, which has the characteristics of fast transaction and security. The biggest 

property is that bitcoins are created as reward for a process known as mining. Due to the limited 

number of bitcoins, the number is about 21 million, that is, for every additional bitcoin in the market, 

the total amount will be reduced by one. At the same time, with the speculation of many investors, 

the price of bitcoin is getting higher and higher. If we keep positions from September 11, 2016, to 

September 10, 2021, the roughly estimated return on investment is about 7,000%. But the higher the 

return, the greater the risk. On the contrary, the gold has a stable value, and the price fluctuation is 

far less than that of bitcoin. When the market is depressed, investing in gold is a better measure to 

resist risks. Based on the above discussion, how to establish a trading strategy between bitcoin and 

gold to achieve maximum return is a very challenging and interesting problem. While realizing excess 

returns, it is also very, important for the ability to resist risks. 

2. Model Establishment 

2.1. Data Preprocessing 

This article needs to preprocess the available data, i.e. the price data for bitcoin and gold. By 

analyzing the characteristics of data, we deal with the missing value and smooth it to make it more 

suitable for model training data. For the processing of missing values, we found that bitcoin price 

data is normal, but gold price data is missing. This is because bitcoin can be traded at any time, but 

gold trading has time restrictions. For example, trading cannot be carried out on holidays. For missing 
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values, we use the average of gold price on the previous trading day and gold price on the following 

trading day. In order to make it more standardized, we regularize the date into the format of “Year-

Month-Day”. Then we use Savitzky-Golay smoothing algorithm [1] to remove noise. The biggest 

feature of this method is that it can ensure that the shape and width of the signal remain unchanged 

while denosing. On the contrary, wavelet transform will change the shape and width of the signal and 

destroy the data to a certain extent, which is also an important reason for choosing S-G smoothing. 

(1) Missing value processing: 

For gold price data, the price is missing on non-trading days, which will affect the subsequent 

price series prediction. We expect the value we filled in to minimize the impact on the results of 

prediction, so we use the mean value of the price on the previous tradable day and the next tradable 

day as the filling value. Moreover, we set the identification bit to indicate (Tg) whether gold can be 

traded every day. 

(2) Date formatting: 

The date series in the price data is a little confusing. In order to facilitate subsequent analysis, this 

paper uniformly sets the date format to "year-month-day". 

(3) Denoising by S-G smoothing: 

There are extremely frequent fluctuations in the original price data, which is not conducive to our 

series prediction. These frequent fluctuations are related to market trading sentiment or market 

policies, so it is very important to reduce the impact of these factors in order to make a reasonable 

price prediction. S-G smoothing is a very excellent algorithm, which can reasonably denoise and 

smooth the data. Unlike wavelet transform, it can well maintain the width and shape of the original 

signal, which is an important reason why we choose S-G algorithm. 

Savitzky-Golay filter [2] is a lowpass data smoothing method based on local least-squares 

polynomial approximation. It can be viewed as a moving average filter with weight coefficients given 

as a polynomial of a certain degree. The mathematical description of the S-G filtering process is 

shown by the formula: 
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Where s  is the original data, *s  is the smoothed data, ic  is the coefficient for the i -th filtering, 

N  is the number of data points in the filter window and is equal to 2 1m + , where m  is the half-

width of the smoothing window. j  represents the index of the ordinate data in the original data 

sequence. 

The S-G filter is adopting a polynomial in a sliding window to fit the original signal piece-by-

piece depending on the least-squares estimation algorithm. The polynomial can be modeled as: 
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The least-squares criterion expressed by Eq. 3 is applied to obtain the unknown filtering 

coefficients nb . 
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This leads to 1k +  simultaneous equations for computing the unknown coefficients bn. We 

evaluate Eq.2 at 0i =  and can only obtain an expression for 0b . Then, we compute the n-th 

differential of Eq.2 at 0i =  to get bn. The obtained coefficients 0 1, , , kb b b  are equivalent to the 

desired coefficients ic , [ , ]i m m − . So, we deduce an expression from Eq.2 as 
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Where n denotes the derivative order, n

ic  and is  are the convolution weight and the value of i-

th point, respectively. 

S-G algorithm requires two key parameters: the window size and the polynomial degree. If the 

window length is too long, it will produce some loss of valid signals, whereas if the window length 

is too short, it cannot denoise well; if the polynomial degree is too high, it may yield redundant data 

and produce new noise, and if the polynomial degree is too low, it may yield over-smoothing and 

signal distortion. 

In this paper, window-size and polynomial-degree are set to 5 and 2. We compared the smoothing 

results of different parameters, as shown in Fig 1. 

 
(a) The smoothing results of bitcoin price series. 

 
(b) The smoothing results of bitcoin gold series. 

 
(c) The partial smoothing result of bitcoin price series. We can see that the selection of window-size 

is very important to the smoothing effect. When window-size is 15, it is too smooth and many 

important pairs of peaks are lost. When window-size is 5, it is more appropriate. 

Figure 1. The smoothing results of price series 

2.2. Prediction Model 

The predicted price can only use the data before the day, so this article uses the sliding window 

prediction. After each training and prediction, there is a second iteration until all predictions are done.  

For the selection of algorithm, we use the sliding window method to select different proportions of 

training data for experiments. We use the data smoothed by S-G algorithm to carry out the experiment 

and use the average goodness of fit ( 2

 aveR ) of all sliding windows (the closer it is to 1, the better) to 

evaluate the performance of the sequence model. Because the sliding training is very time-consuming, 
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we use 100 epochs for the algorithm that needs iterative training, such as LSTM. The specific results 

are shown in Table 1 and Table 2. 

Table 1. The comparison of algorithms with different proportions of initial training data (bitcoin) 

Proportion 

 

Algorithm 

20% 40% 60% 80% 

AdaBoost [3] 0.490 0.703 0.836 0.920 

Xgboost [4] 0.362 0.812 0.907 0.931 

LightGBM [5] 0.561 0.899 0.926 0.967 

LSTM [6] 0.612 0.951 0.991 0.998 

ARIMA [7] 0.856 0.938 0.964 0.969 

Table 2. The comparison of algorithms with different proportions of initial training data (gold) 

Proportion 

 

Algorithm 

20% 40% 60% 80% 

AdaBoost [3] 0.508 0.862 0.956 0.991 

Xgboost [4] 0.414 0.842 0.977 0.989 

LightGBM [5] 0.674 0.872 0.965 0.993 

LSTM [6] 0.712 0.971 0.997 0.999 

ARIMA [7] 0.881 0.954 0.975 0.988 

From Tables 1, 2, we found that LSTM has a high 2

 aveR , which undoubtedly shows the excellence 

of LSTM. However, it has an obvious disadvantage that it needs sufficient data to support training. 

We can see that when the proportion of initial training data is 20%, it is far better than ARIMA [8]. 

However, with the increase in proportion, the performance of LSTM is getting better and better. Other 

algorithms have the same characteristics, such as AdaBoost, Xgboost, and LightGBM. On the contrary, 

when the proportion of initial training data is low, ARIMA shows better performance. With the 

increase of the proportion, the performance is getting better and better, and finally close to LSTM, 

which shows that ARIMA has strong stability. Based on the above analysis, this paper uses ARIMA 

to build a price prediction model. 

2.3. ARIMA Model 

ARIMA is a variant of ARMA, so ARMA is worth introducing. ARMA model is actually the 

combination of AR and MA, which is quite self-explanatory. ARMA takes into consideration both the 

past values and past error terms and describes a (weakly) stationary stochastic process in terms of two 

polynomials. Formally a time series is ARMA (p, q) if it is stationary and 

1 1 1 1t t p t p t t q t qx x x w w w   − − − −= ++ + + ++                           (5) 

Where 20, 0, ~ (0, )p q tw N    . The parameters p and q are the autoregressive and the moving 

average orders respectively, as mentioned before. In terms of the back-shift operator, the ARIMA 

model can be written as: 

( ) ( )t tB x B w =                                         (6) 

ARIMA is ARMA modeled on a differenced series, e.g., First-order differencing: 1t t tx x x −
 = − . It 

takes the difference between two observations. ARIMA model is usually denoted by ARIMA(p,d,q). 

p is the order of the autoregressive part, d is the degree of differencing and q is the order of the moving 

average part. The formal definition of ARIMA [1] model is 

1 1 1 1t t p t p t t q t qx x x w w w   − − − −
  = ++ + + ++

                          (7) 
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Where x  denoted the difference series. In this paper, d  is confirmed as 1, p and q  through 

analysis. During calculation, iterative search within the range of [0, 10] is used to find the optimal 

parameters  ,( )best bestp q . 

2.4. Trading Strategy and Feedback Model 

To confirm the trading strategy, this article treats it as a "goal planning problem". On this basis, a 

concrete equation is established. First, the daily return on investment (ROI) [9] of bitcoin and gold 

for the next 10 days can be reliably obtained by predicting the results of the model, suggesting that 

we can formulate a goal planning problem with these predicted ROIs to obtain expected transaction 

times and expected transaction amount (percentage). When the expected trading time is reached, 

make a trade (gold trading hours need to meet the assumptions), then continue with the target planning 

for the next day to get the next trading time and expectations.  

Next, we turn the goal programming problem into a mathematical model that can be optimized. 

Given the asset weight of bitcoin bW , the asset weight of gold gW , the asset weight of cash cW  and 

the prediction return of bitcoin bP , the prediction return of gold gP , and the transaction (purchase or 

sale) cost ,bitcoin gold  . The goal equation on a certain day can be established as 

exp  ( )
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Where b  and g  are the expected transaction proportion, bD  and gD  are the expected 

transaction time, C is the transaction cost. 

b bitcoin g goldC  =   +  
                                  (9) 

Therefore, we have established our prediction return equation (Eq.8), and then establish the 

objective function and add some constraints to form a mathematical expression of the goal 

programming problem. The objective function can be described as: 
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As for how to optimize Eq.10, we found that the difficulty of the problem is that dD  and gD  are 

actually an index about prediction return, so we limit the range through the design parameters 
[ , , , ] [0,10)b g b gU U B B  , and then use cyclic calculation to find the optimal optimization parameters. 

These parameters affect the transaction frequency (cost) to a certain extent, which are also important 

parameters for subsequent analysis of transaction cost. Therefore, the optimization problem of each 

cycle is rewritten as 
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Where [ , ]d b bD B U   and dD  , [ , ]g g gD B U   and gD  . Obviously, Eq.11 becomes a linear 

programming problem, i.e., it can be optimized. After a cycle optimization is completed, we cycle 

optimization in turn until we find the best condition of the parameters ,{ }, ,b g d gD D   . After returning, 

dD , gD  needs to add the date of the current day to be the real date of the expected transaction. 

Next, we need to define the trading formula of bitcoin and gold. If it comes to the day when bitcoin 

expects to trade, the specific trading equation is as follows 

(1 ), 0,  if 0, 0  
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Where cases ①, ②, ③, ④ show cash all in bitcoin, position increase, position clearing and 

position reduction respectively. 

Similarly, if it comes to the day when bitcoin expects to trade and gold can be traded on the day, 

the specific trading equation is as follows 

(1 ), 0,  if 0, 0  

(1 ),  if 0, 0  

(1 ), 0,  if 0, 0  

(1 ), ,  if 0, 0 
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Where cases ⑤, ⑥, ⑦, ⑧ show cash all in gold, position increase, position clearing and 

position reduction respectively. 

Through the above discussion, we have established a strategic trading model based on linear 

programming, which can change the trading frequency by controlling four parameters , , ,b g b gU U B B . 

In order to further simulate the real trading situation, the style of investors we consider will affect the 

trading, so we design four relevant parameters , , ,I D I DB B G G  to describe them, and then skillfully 

feedback the above trading strategy model. These parameters enlarge or reduce the amount of the 

desired transaction to simulate different styles.  
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If 1IB  , it will enlarge the expected transaction amount for increasing bitcoin position. If 1DB  , 

it will enlarge the expected transaction amount for decreasing bitcoin position. If 1IG  , it will 

enlarge the expected transaction amount for increasing gold position. If 1DG  , it will enlarge the 

expected transaction amount for decreasing gold position. In other words, if traders like to trade 

bitcoin, we can make the values of IB  and DB  much greater than IG  and DG . If traders are 

sensitive to risks and are easy to carry out clearance transactions, we can make DB  and DG  much 

larger than IB  and IG . On the contrary, traders are more aggressive and like full positions. We can 

make IB  and IG  greater than DB  and DG . In general, the four parameters can flexibly affect 

transactions. 

3. Model analysis 

3.1. Analysis of the Trading Strategy Model 

(1) Maximum return analysis 

Through the analysis of the maximum return, we can get three effective facts as follows: The 

established trading strategy model can increase the value of assets and achieve excess earnings; By 
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analyzing the asset change curve, we can judge whether the established trading strategy model can 

make a reasonable decision-making transaction; By calculating some financial indicators of asset 

changes, the effectiveness of the model can be clearly explained. 

Compare the curve in Fig.2 with the full line of gold in Fig.5, we found that our strategy has good 

risk control ability. The price of bitcoin began to plummet around December 11, 2017, and the trading 

strategy model chose to clear the position of bitcoin. A large number of purchases were made around 

February 11, 2018, and the price of bitcoin has begun to rise slowly. This shows that during this 

period, the trading strategy model is reasonable for the decision-making and trading of bitcoin, and 

avoids the risk to a great extent. When the rise begins, the model starts to buy a lot to realize the 

income. Coincidentally, around July 2019, the model decided to clear the warehouse again. At the 

same time, the price of bitcoin began to decline slowly. Until around March 2020, the strategy began 

to buy a large number of bitcoin. As we all know, March 2020 is the beginning of bitcoin investment 

frenzy. 

 

 

Figure 2. Gold daily prices and gold daily prices 

 

Figure 3. The asset change trend with transaction model (the bitcoin curve highlighted) 

Around March 2021, the price of bitcoin began to fluctuate. At this time, the trading decision of 

model changed frequently and there were mistakes in decision-making, but the impact on the whole 

was not great. Around March 10, the model decided to reduce the position of bitcoin and increase the 

position of gold at the same time, which perfectly controlled the risk and retained the income. 
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From May to July 2021, the bitcoin market is unpredictable, and the decision-making of the model 

basically fails, which is also an important stage of final revenue reduction. 

 

Figure 4. The change of cumulative cost in trading strategy with maximum return 

Compare the curve in Fig.2 with the dotted line of gold in Fig.2, since the parameters of the model 

style are biased towards bitcoin, the fluctuation of the value of gold is relatively gentle. But in most 

cases, the trading model decides that buying gold is the time to reduce position of bitcoin. And its 

curve is related to (1)IG , because the desire (11)IB  to buy bitcoin is 11 times that of gold. 

Overall, the optimal strategy model obtained by parameters search completes the excess return. 

The cumulative maximum return reached 296.1805 times, including 381 gold transactions and 58 

bitcoin transactions. The total transaction cost was US $52,835.92 (See Fig.4 for details), and the 

final total assets reached US $238,869.01 (initial $1,000). If we trade according to the same initial 

portfolio weight [0.9, 0.1, 0], we keep the positions and the final assets is US $65,922.25. In other 

words, our excess return on September 10, 2021, was $172,946.76. 

3.2. Free parameters analysis 

(1) Style parameters analysis 

The above experimental result is the optimal trading strategy obtained by artificially controlling 

the style and parameters search, which can not reflect the impact of various trading styles on the 

return on investment to a certain extent. We set different style parameters , ,{ , }I D I DB B G G  for 

abundant experiments to verify the effectiveness of the trading strategy. The final results are shown 

in Table 3. 

Table 3. The comparison of algorithms with different proportions of initial training data (bitcoin) 

Style parameters 
, ,{ , }I D I DB B G G  

Style 

description 

Final Asset 

($) 

Transactions 

(bitcoin + gold) 

Transaction cost 

($) 

[5, 10, 10, 15] Prefer gold 48,048.03 (20+539) 7.873,90 

[10, 15, 5, 10] Prefer bitcoin 33,677.56 (57+509) 4,611,43 

[5, 10, 10, 15] Risk sensitive 34,786.28 (58+549) 3,509,16 

[5, 10, 10, 15] Risk indifferent 20.437.21 (95+573) 1.790.94 

[11, 30, 25, 1] Parameters search 238,869.01 (58+381) 52,835.92 

Through the experiment of artificially setting style parameters (See Table 3 for details), we found 

that investors who like to invest in gold have obtained relatively stable return. The style is more 

radical, and investors who do not pay much attention to risk have a lower final return. By comparing 

the case of optimal parameters, the number of transactions obviously increases, but the transaction 

cost is lower than the optimal case. There is no obvious relationship between the number of 

transactions and the transaction cost with different sets of parameters, which shows that the 

transaction strategy model has certain control over each transaction. 
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(2) Initial portfolio weights analysis 

In order to explore the sensitivity of initial portfolio weights, we conducted an experiment with 

different initial portfolio weights. The experiment adopted the optimal style parameters 
, ,{ , }I D I DB B G G  with [11, 30, 25, 1] and the boundary parameters are [5, 5, 8, 8]. The specific results 

are shown in Table 4. 

Table 4. The relationships between (transactions, cost, final asset) and different initial portfolio 

weights 

Initial portfolio weights 
[ , , ]b g cW W W  

Final Asset 

($) 

Transactions 

(bitcoin + gold) 

Cumulative transaction cost ($) 

2016/9/11-2021/9/10 

[0.9, 0.1, 0] 238.869.01 (58+381) 52,835.92 

[0.6, 0.4, 0] 117,380.69 (58+549) 26,057.96 

[0.5, 0.5, 0] 234.296.08 (58+321) 51,791.85 

[0.3, 0.7, 0] 162,292.67 (58+549) 35,984.81 

[0.1, 0.9, 0] 62.816.59 (58+549) 7,548.58 

[0.1, 0.1, 0.9] 252,164.98 (58+379) 55,740.51 

[0, 0, 1] 122,031.02 (58+547) 26,585.12 

It is found that the initial portfolio weights had little effect on the trading frequency of bitcoin, but 

will affect the trading frequency of gold. An interesting phenomenon is that the lower the gold trading 

frequency, the higher the total transaction cost. Our guess is that bitcoin has a large position, and there 

will be more clearance transactions, resulting in an increase in the overall transaction cost. It is not 

difficult to find a rule that transaction costs are positively correlated with final assets. 

(3) Boundary parameters analysis 

In order to explore the sensitivity of boundary parameters, we conducted an experiment with 

different boundary parameters ([ , , , ])b g b gB B U U . [a, a, b, b] means that a gold or bitcoin transaction 

may occur within a ∼ b days after the goal programming of trading strategy model. Similarly, the 

experiment adopted the optimal style parameter , ,[ , ]I D I DB B G G  with [11, 30, 25, 1] and the initial 

portfolio weights are [0.9, 0.1, 0]. 

The specific results are shown in Table 5. We find that the transaction frequency of bitcoin will 

slowly decrease with the increase of the boundary parameters. At the same time, the transaction of 

bitcoin has a great impact on the cost [10]. Similarly, with the same observation as the previous 

experiment, the greater return, the higher cumulative transaction cost. 

Table 5. The relationships between (transactions, cost, final asset) and different boundary 

parameters 

Boundary parameters 
[ , , , ]b g b gB B U U  

Final Asset 

($) 

Transactions 

(bitcoin + gold) 

Cumulative transaction cost ($) 

2016/9/11-2021/9/10 

[1, 1, 1, 1] 9.64 (1815+1227) 1,566.77 

[1, 1, 2, 2] 1,408.03 (297+616) 4,450.33 

[1, 1, 3, 3] 3,438.49 (162+609) 3,535.96 

[2, 2, 4, 4] 1,949.9 (102+583) 1,543.56 

[3, 3, 5, 5] 12,894.23 (76+568) 4,379.22 

[4, 4, 6, 6] 234,296.08 (58+321) 51,791.85 

[5, 5, 7, 7] 97,639.23 (48+285) 15,053.79 

[6, 6, 8, 8] 8,347.63 (41+451) 603.94 

[7, 7, 9, 9] 8,639.58 (38+439) 601.1 

[8, 8, 10, 10] 7,470.02 (34+437) 592.18 

In general, through the results of three experiments about free parameters, we summarize the 

following conclusions. The trading strategy model shows that trader who don’t care much about risk 

often get lower return, which is in line with the real trading situation to a certain extent; Bitcoin 

accounts for a large transaction cost and has a great impact on the final return; The initial portfolio 



Highlights in Business, Economics and Management PEER 2023 

Volume 13 (2023)  

 

19 

weights have little effect on the transaction frequency of bitcoin; High frequency trading does not 

help return. On the contrary, the situation of obtaining high return is that the trading frequency is low. 

3.3. Transaction cost sensitivity analysis 

Determine how sensitive the strategy is to transaction costs. We experimented with different pairs 

of transaction costs. By fixing the transaction cost of gold or bitcoin, the other gradually increased 

from 0%. See Table 6 for detail. 

Table 6. The different settings for transaction costs 

 bitcoin  gold  Step length 

[0, 4%] 1% 0.2% 

2% [0, 2%] 0.2% 

The specific experimental results are shown in Fig.5. With the increase of bitcoin transaction cost 

setting, the cumulative return obviously decreases slowly. However, with the increase of the 

transaction cost setting of gold, the cumulative return has not changed too dramatically, indicating 

that our trading strategy model is more sensitive to the transaction cost of bitcoin. The value of gold 

is relatively stable and plays a good role in preserving the value of assets. Even if the transaction cost 

increases, many people will be willing to invest in gold. 

 

Figure 5. The results of transaction cost sensitivity analysis 

At the same time, we find that the cost setting of bitcoin is positively correlated with the cumulative 

cost of the transaction strategy model, which means that the transaction costs generated by our model 

are mainly concentrated in bitcoin transactions. There is no obvious relationship between transaction 

frequency and cost setting, which shows that our transaction strategy model is stable to a certain 

extent and can automatically adjust and maximize benefits. 

We found an interesting phenomenon. When bitcoin transaction has no cost, our strategy model 

achieves nearly 400 times of investment return. If this happens in the real trading market, it is 

reasonable. Because bitcoin has no transaction cost, traders may be more crazier about it. 

4. Conclusion 

This paper uses a very effective smoothing denoising algorithm (S-G smoothing), which can 

reduce the invisible interference in the data, so as to establish a good price prediction model and 

trading strategy model. The established price prediction model can automatically search for the best 

parameters, without much manual intervention. The trading strategy model established in this paper 

simulates real trading well, and obtains the optimal operation expectation through objective planning. 

This paper considers the real situation, that is, the trading style of investors will affect the trading. 

Therefore, this paper establishes a feedback model based on style parameters to help us make better 

trading strategy decisions, and proves that the feedback model is effective. 
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