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Abstract: Predicting copper price is essential for making decisions that can affect companies and
governments dependent on the copper mining industry. Copper prices follow a time series that
is non-linear, non-stationary, and which have periods that change as a result of potential growth,
cyclical fluctuation and errors. Sometimes the trend and cyclical components together are referred to
as a trend-cycle. In order to make predictions, it is necessary to consider the different characteristics of
trend-cycle. In this paper, we study a copper price prediction method using Support Vector Regression.
This work explores the potential of the Support Vector Regression with external recurrences to make
predictions at 5, 10, 15, 20 and 30 days into the future in the copper closing price at the London Metal
Exchanges. The best model for each forecast interval is performed using a grid search and balanced
cross-validation. In experiments on real data-sets, our results obtained indicate that the parameters (C,
g, v) of the model Support Vector Regression do not differ between the different prediction intervals.
Additionally, the amount of preceding values used to make the estimates does not vary according to
the predicted interval. Results show that the support vector regression model has a lower prediction
error and is more robust. Our results show that the presented model is able to predict copper price
volatilities near reality, being the RMSE equal or less than the 2.2% for prediction periods of 5 and 10
days.

Keywords: Copper price; prediction; support vector regression.

1. Introduction

Copper is one of the first metal products to be listed on the world’s main foreign exchange
markets: The London Metal Exchange (LME), Commodity Exchange Market of New York (COMEX)
and Shanghai Futures Exchange (SHFE). Copper price is determined by the supply and demand
dynamics on the metal exchanges, especially the London Metal Exchange. Although it may be
strongly influenced by the currency exchange rate and the investment flow, the factors that can cause
fluctuations in volatile prices are partially associated with changes in the activity of the economic
cycle [1].

There are many reasons for wanting to make predictions about the price of copper. On the one
hand, copper among other natural elements (e.g. silver) has a high electrical and thermal conductivity.
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On the other hand, it is cheaper than silver and more resistant to corrosion. Therefore, copper is
the preferred metal option for electrical and electronic applications, both domestically and for more
general industrial uses. Given the importance of the construction and telecommunications sectors in a
modern economy, the changes in copper price can be perceived as an early indicator of global economic
performance and have a significant impact factor on the performance of related companies [2].

With regard to the copper market, any variation in its demand translates entirely into price
fluctuations. Market participants see it as an early sign of changes in global production. Thus, it
affects mining companies in their investment plans, traders, investors, agents involved in the copper
mining business, and governments dependent on the copper mining industry. To illustrate this, we
can consider the particular case of Chile. As the world’s leading copper producer and exporter, Chile
produced an estimated 5.6 million metric tons of copper in 2019 [3]. The Chilean government made
copper the main point of reference for the country’s structural budget rule introduced in 2000, trying
to reduce the exposure of fluctuations in Chile’s GDP to the oscillation of the price of copper [4].

Several studies include copper and other metals as one of the products of interest in the evaluations
of the prediction to improve the forecasts of price. Such studies employ different methods and
mathematical models such as ARIMA models combined with wavelets [5], meta-heuristics models [6]
and neural networks models [2,7,8]. On the other hand, The Fourier Transform [9] is used to analyze
the variability of the prices of various metals. In addition, there are works in the literature that study
the relationship of commodity and asset price models, such as the case of oil prices and their effect on
copper and silver prices. [10-12].

This study applies a copper price prediction method using Support Vector Regression. This work
explores the potential of the Support Vector Regression with external recurrences to make predictions at
5,10, 15, 20 and 30 days into the future in the copper closing price at the London Metal Exchanges. The
best model for each forecast interval is performed using a grid search and balanced cross-validation.

2. Previously

In the general case of the financial time series, the methods of Support Vector Machine (SVM)
and Support Vector Regression (SVR) are widely used for making forecasts [13]. Basically, when the
support vector machine method extends to non-linear regression problems, it is called Support Vector
Regression [14-16]. The Support Vector Regression method belonging to the field of data statistics
was firstly proposed by Vapnik et al. [14] at the end of the twentieth century. A characteristic of this
method is that it solves the problems of “high dimensionality” and “overlearning” to a certain degree.
Furthermore, it achieves a significant effect in solving the problem of small samples. Consequently,
Support Vector Regression is used to solve the prediction problems of non-linear data in engineering
areas.

It is important to consider some works, such as the work done by Kim [17], which presents daily
forecasts (by using SVR) of the trend of change in the Korean Composite Stock Price Index (KOSPI), in
which it uses 2928 days of data, between January 1989 and December 1998. In another work, Kao et
al. [18] use SVR to predict the stock index of the Sdo Paulo State Stock Exchange (Bovespa), the China
Composite SSE Index (SSEC) and the Dow Jones, using data from April 2006 to April 2010. Similarly,
Kazem et al. [19] predict the market prices of Microsoft, Intel and the National Bank shares, using a
set of data from November 2007 to November 2011. In these Works, the prediction is always a day
before and depends on a certain amount of past data, I. If p;,1 is the price foretold in t + 1, it has that
Prer = f(Popr-v,-- s Piei)-

Finally, we must consider the work of Patel et al. [20] which proposes to make predictions 10,
15 and 30 days in advance by using a two-stage system based on SVR, neural networks and random
forests, which are trained with nine technical indexes. Among these indicators is the Stochastic Index
%K, that compares the closing price at a particular time with the price Range during a given period,
and %D, which is the first moving average. In addition, it uses the Relative Strength Index (RSI) that
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indicates the price change rate and the average data rate, among others. The author uses historical
data from January 2003 to December 2012 of the CNX Nifty stock index and S&P BSE Sensex.

3. Support Vector Regression Model

Given a data set of N elements { (X;, ;) }Zli 1- where X is the i-th element in a space of n dimensions,
Xi = [x14,..., %] € R", and y; (y; € R) is the actual value for X;, a non-linear function is defined as
¢ : R" — R":. To map the entry data, X; is an R"" space of high dimension called space of features,
that determines the non-linear transformation ¢. So, in a high-dimensional space, there exists a linear
function f that makes it possible to relate the entry data X; and output y;. That linear function, named

SVR function, is presented in the Eq.(1),

FX)=WT-¢(X) +b 6)

where f(X) represents the foretold values; W € R" and b € R. The SVR minimizes the empiric risk,
shown in the Eq. (2)

R(ﬁzcﬁ®(~ X))+ |wT 2
reg = e(yi — f( l)>+2H H ()

where O, (y; — f(X;)) is a cost function. In the case of the e-SVR, a loss function e-insensitive is used
[14,21], defined in the Eq. (3),

ly—f(X)|—e Ifly—f(X)|>e
0 In another case

Oc(y — f(X)) :{ ®)
O is used to determine the no-linear function ¢ in the R space to find a function that can fit
current training data with a deviation less than or equal to ¢ (see Fig. 1a). This function minimizes the
training error between the data-training and the function e-insensitive is provided by Eq. (4) [15,22].
min_ Roeg(W,%,8) = SWTW £ C Y& 1) @
W,b,@’*,g reg 7 7 2 = 1 1

subject to restrictions (for all, i =1,..., N):

Y, - Wip(X;) —b<e+¢
~Y; - WIp(X;) +b<e+§
&>0 ()
&=>0

The Eq. (4) punishes the training errors of f(X) and Y through the function e-insensitive (Fig. 1b).
The parameter C determines the compromise between the complexity of the model, expressed by the
vector W and the points that fulfil the condition |f(X) — y| > € in the Eq. (3). If C — oo, the model has
a small margin and is adjusted to the data. If C — 0, the model has a big margin, which is why it is
softened. Finally, {7 represents the training errors greater than e and ¢; the errors less than —e (see Fig.
1la).

To solve this regression problem, we can replace the internal product of the Eq. (1) by functions
of Kernel K(). This makes it possible to perform such an operation in a superior dimension, using
low-dimensional space data input without knowing the transformation ¢[23], as it is shown in Eq. (6).
This is called the kernel trick.
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Figure 1. Schematic diagram; (a) SVR, and (b) SVR using an e-insensitive function.

N
f(X) =) (" —B) - K(Xi, X) +b (6)
=1

The parameters f* and  are Lagrange multipliers associated with the problem of quadratic
optimization. Several types of functions can be used as Kernel [24], but in this work, we will be using
the Gaussian function of a radial base (RBF)[25]:

K(X;, X) = exp(—7||X; — X||?) @)

The parameters <y of the kernel function, the regularization constant C and & of the loss function
are considered the parameters of design of the SVR to use. Furthermore, they are obtained from a data
set that is different from the training data.

4. Data

There are three major stock exchanges where the copper is traded: LME, COMEX and SHFE. In
this work, we use the closing price of copper given by LME, which is widely considered as a reference
index for world prices of this metal[26]. The time series has 2971 data from January 2, 2006 until
January 2, 2018, as shown in Fig.2.

One of the parameters of the SVR to be used is ¢, which has a relation with the tolerance margin of
the punishment of the errors in the training. To choose an adequate range for the subsequent adjustment
of parameters, it is necessary to know the level of noise R that the time series has. It has an average
R =3.66-107*, a standard deviation SDr = 0.068, a medium quadratic error MSER = 0.004624 and
a range between [—0.246,0.205]. This last characteristic allows us to define a conservative Rank for
e =[0,0.3].
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Figure 2. Evolution of time series of the closing copper price in LME, from January 2006 to January
2018.
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5. Methodology

In the case of the prediction of time series with SVR, it is assumed that the actual value y; is a
function of its previous L values ¥; = [y;_1, ..., ;-] and the hyper-parameter of the SVR @ = [C, ¢, y].
Hence, the model has four parameters (see Table 1); where L is the number of prior values to predict
the actual value and three hyper-parameter of the SVR.

Table 1. Ranges for the grid of the parameters L, C, € and v for the radial and linear kernel.

Parameter Range

1,2,...,10
28 2-7 . 212
0.01,0.02, ...,0.30
28 27 . 212

QLm0

The Rank of each one is shown in Table 1. The set of parameters Q; = {L;, C;, ¢;,v; } defines the
SVR of training i-th (T;) of the Fig. 3. To adjust the parameters and the respective training, the data is
normalized in the rank [0, 1] and it is made into a grid search, according to the recommendation of
Hsu et al. [27].

The process of training/testing is made using the balanced cross-validation method proposed by
McCarthy [28] and shown in Fig. 3.

Time series
| S So |
! p
| J i
| predict v
I =
SVR | L SVRT; | price |
(training) ' > (testing) o
T T [rrorrrnnnnes
i
—» x i sve v
rmsei‘
Por e J
G & v '
I
Training stage | Teststage

Figure 3. Training method and adjust the parameters based on balanced cross-validation method.

The series of Fig. 2 is divided into two series, S, and S;, each one with 50% of the data. First, the
SVR Ti; is trained with one of these two series, with a set of parameters Q;. Then, it proceeds to try the
capacity to predict with the other half, determining its performance to predict p; days to future with
pj € {5, 10, ..., 30}. The performance will be measured based on the Medium quadratic Error (MSE)
between the predicted and the original data.

To make the prediction at p; days, the SVR T; takes a vector of L; past values, taking into account
the previous predicted values if they correspond with 7t p, as the value to predict in p; days and Xy p,
being the vector that contains the previous L; values that are used in the prediction. Then, you have
Geap; = Ti(xt4p /.) and X+, is given by the expression of the Eq. (8).
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A A

Xt+p; :[ytJr(pjfl)ryt«F(p]-—z)r- U1

pi>1 8
Yt Y1, Iyt—(Li_pj)]

Lizp;

For the implementation of the training and adjustment system of Fig. 3, R, version 3.4.4 was used
with the library 1071 [29] for the basic training functions and the library doParallel [30] for parallelizing
the search of parameters.

6. Results and Analysis

In the experiments, the best models were explored in a grid choosing the best (MSE minor) for
each p prediction interval. Table 2 shows the parameters for the best SVR, according to the MSE index,
for each of training and test and prediction interval of p. Additionally, it is shown the correlation index
p between the real data and the predicted data and the Root Mean Square Error (RMSE). In Table 2,

R %5 T means that to train the SVR, the setR € (S,, Sp) is used and it is tested in the set T € (S,, Sp),
with R # T, where p is the prediction interval, with p € (5,10, 15,20, 25, 30).

Table 2. Values of the parameters for the best models for each prediction interval according to the
training set and test.

Sabs, Sp B S,

b L c € 01 Y MSE RMSE L c € 01 0 MSE RMSE

5 |3 32 011 277 09582 0.0003130 0.01769181 | 4 64 011 277 09471 0.0011858 0.03443545
10 | 3 32 011 277 09297 0.0004816 0.02194539 | 4 64 011 277 09130 0.0019877 0.04458363
15 |3 32 012 277 08898 0.0006191 0.02488172 | 4 64 011 277 0.8974 0.0028632 0.05350888
20 |3 32 012 277 08670 0.0009036 0.03005994 | 4 64 011 277 0.8194 0.0037151 0.06095162
2513 32 011 277 08577 0.0012025 0.03467708 | 4 64 0.1 277 0.8115 0.0041516 0.06443291
30 | 3 32 012 277 0.8458 0.0010909 0.03302878 | 4 64 0.1 277 0.8110 0.0056090 0.07489326

The best prediction capacity is obtained during the training with the series S;, which is temporarily
the oldest. The training could have been enhanced due to the level of noise of this series, MSEg, =
0.007225, which is higher than the one of the series S;,, MSEg, = 0.001024.

It is interesting to note that the amount of previous data (L) is independent of the prediction
interval that is made, as well as the parameters of the SVR that remain practically intact. The adjustment
capacity for the 5-day prediction of the S, — S, time series for the 2017 period is shown in Fig. 4.

In Fig. 5a, we show the distribution of the MSE obtained in the prediction simulations of SVR
in the different prediction periods and time series S, and S;, which will allow us to evaluate the
capabilities of prediction statistically. In addition, the confidence intervals are shown in Fig. 5b, with a
5% significance for the mean estimation of the MSE of the sample obtained from the simulation. That
is, intervals built at 95% confidence.

Table 3 presents the p-Value in the lower triangle, and the symbols of confidence indicators in
the upper triangle. With concern to the combination of pairs in the test of the hypothesis of mean
differences for MSE, it is obtained in the simulation for the different prediction time intervals and the
2-time series S, and Sp. Furthermore, the average difference of the MSE can be visually appreciated
according to the 95% confidence interval according to Fig.5b.
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Figure 4. Example of a five-day prediction in 2017. The solid line is the original series. The dotted line
is the prediction.
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Figure 5. MSE.

Table 3. p-value; ., ¥, **, *** indicate statistical significance at the 90%, 95%, 99% and 99.9% levels

respectively.
S35, S8s, s, 85, s.8s s.Bs .85, ]s3s 585 585 s52%s, 5,35 5,35,

Sa i} Sl] . * *%k EE) EE) EE) *Rk
Sa E} Sb 0.999905 AR AR AR EEd *Rk
Se3's, 0989177  0.999996 * ik ok -
Se X', 0558148  0.943909 0.998648
Se 25, 0085021 0412852 0.800756 0.999168 *
Se XS, 0301065 0723441 0950625 0999984  0.999999 *
Sp > S, 0014257 0430887 0936813 0.999999 0.999582  0.999998 .
S, s, 812¢08 0000129 0.008314 0345577 0977224 0.939273 | 0.098575
S, 25, 453e13  213e10 16207 0.000211 0.029091 0.023743 | 1.06e-06 0.213923
Sy XS, 437e13  434e13  678e-12  4.79e-08 4.55¢-05 4.85e-05 | 1.70e-11  0.000316 0.744952 w
Sp 2 S, 437e13  421e13  994e-13  343e-09 3.69e-06 41606 | 2.25e-12  234e-05 0271314  0.999789

Sy 35, 321e13 321e13 39413 43613  440e13  45%-13 | 3.64e-13 432e13 122e07 0.002119  0.053964
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7. Discussion

The MSE presented in Table 2 corresponds to the total error of the prediction in comparison with
the real data. The dispersion of the error is obtained from the forecast in each one of these intervals. It
is made each p; of days. This situation is presented in Fig. 5a.

Another characteristic important to mention with respect to the errors is, when trained with the
oldest series of time, the dispersion of the errors is less compared to the training based with the most
recent part of the series. Table 2 shows that the RMSE error for the 30-day prediction is 3.30% when
training with the S, series.

Our results show that the presented model is able to predict copper price volatilities near reality.
Similar results are obtained in other works, such as the work presented in [31]. In this work, a bat
algorithm was used[32] to determine the coefficients of time series functions to predict the behaviour
of the same time series of this work, but exclusively during the year 2016. To do this, training with data
from 2009 until 2015 was performed. Under those conditions, the prediction error is RMSE = 1.36%.
With the method proposed in this paper, an error of RMSE = 1.42% is achieved.

Finally, we can observe in Fig. 5a that there are significant differences of the MSE at 95% confidence,
between S; — Sy and S, — S, in each of the prediction intervals 5, 10, 15, 20, 25 and 30 days. In
contrast, for the prediction S, — S; there are no significant differences in the MSE between the
prediction intervals 5, 10, 15, 20, 25 and 30 days. This allows us to show the robustness of the prediction
in the short and medium-term since the prediction at the 5-day interval has not lost performance
over the 30-day prediction interval considering it in this case as a medium-term. This is useful for
the decision-making process for mining companies and traders. On the other hand, to affect the
decision-making process for investors and the government, it is necessary to have reliable long-term
forecasts.

8. Conclusions

In this work, the construction of a model was presented based on SVR that allows making a
prediction of the closing value of copper in the Metal London Stock Exchange, being the RMSE equal
or less than the 2.2% for prediction periods of 5 and 10 days. The method consists of finding the
best model through a search in a grid, wherein each model is trained and tested through use of the
balancing methods in cross-validation. For the training process, only the data of closing price of the
series is used. The results indicate that the model of the SVR regardless of the number of days of the
prediction, and this can be done having three actual values. Additionally, we observed that more
current data negatively impact on the MSE. This phenomenon must be studied in the future, but there
is a signal that this can be explained through the level of noise and the amount of data of the training
time series.

The importance of price prediction will depend on the interest of the agents and their objectives,
in short, medium and long-term prediction periods. Our work aims for short-term predictions of 5
days, 10, ..., up to 30 days. These predictions will interest brokers and investors who seek to take
advantage of the periodic variations with active portfolio management. For medium-term predictions,
such as monthly and annual, governments may be more interested in their national budget, as is the
case in Chile, which is an economy whose income and tax revenues come from copper mining. In
the long-term, more than one year. Investors and mining companies will be more interested in their
long-term investment plans, such as, the process of improvement, expansion, a search of new deposits
that give value to their investments, or institutional or private investors, with long-term investment
horizons with buy and hold investment strategies.

As future work, it is necessary to apply the method to other time series of the stock index. For
example, S&P 500, Dow Jones, Nasdaq and Bovespa. Furthermore, we can apply the method to others
commodities like gold, silver, brent crude oil and corn, to determine if it is possible to make forecasts
with an error margin similar to the one found in this work.
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