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Forecasting Copper Prices
Time Series, Exponential Smoothing, Forecasting

Key Ideas

The case study deals with forecasting a univariate time series. Before the time series are modeled and
forecasted, it is necessary to observe the patterns and trends in the data. It is better to smooth out the
data before forecasting. Time-series data may exhibit a trend over the period or seasonality and
sometimes both period and seasonality. Depending on the pattern of the data, different smoothing
techniques are applied before forecasting. This case deals with different exponential smoothing
techniques available in JMP.

Background

Copper is a base metal with a vast number of industrial applications. The copper prices in India were
found to be highly volatile during 2017-18. The price was around X375 per kilogram at the beginning of
2017. During the two-year period, at one time the price touched a maximum of 490, plummeted to X350,
and closed at *415 by end of 2018. Arun, a researcher at the Commodity Research Centre of a leading
investment advisory firm in Mumbai, was trying to understand the behavior of copper prices. He wanted to
forecast the price using an appropriate technique.

Task

Arun performed the following tasks:

e Collected daily copper prices for two years

¢ Analyzed the pattern of price movements

e Applied various smoothing techniques

e Selected the most suitable model based on information criteria
Data Copper.jmp

Arun collected the daily spot price of copper from Bloomberg for two years, from Jan. 1, 2017, to Dec. 31,
2018. The data set is saved as Copper.jmp. There are 475 observations. The data set has two series:
date and daily copper prices.

Date: Day on which the copper price is collected
Copper: Copper price on a specific date/day

Copper price is a continuous time-series variable, whereas Date is time-variable.

Descriptive Statistics

Arun explored the data using Distribution and Graph Builder.



Exhibit 1 Summary Statistics of Copper Prices

4 = Distributions
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Analyze - Distribution 2 Y = GP - OK. Under the red triangle next to Distributions, select Stack. This will align the output
horizontally. Under the red triangle next to Summary Statistics, select Customize Summary Statistics, and select N, Skewness,
Kurtosis, Minimum and Maximum - OK.

Exhibit 2 Movement of Daily Copper Price (2017-2018)
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Graph = Graph Builder 2 Y = GP, X = Date, Select Line graph from the Chart options - Done.

The basic descriptive characteristics of the data are presented in Exhibit 1, and the graph showing the
movement of copper prices during the two years is given in Exhibit 2. The mean copper price was
%422.94, with a maximum of R491.25 and a minimum of ¥353.00. The prices were negatively skewed with
a negative kurtosis. It can be observed from Exhibit 2 that copper prices are highly volatile during the
period. There is an overall increase in price during the period, but in between downward as well as
upward movements are observed in the prices, which indicates the presence of some seasonality. The
graph also indicates the need for applying smoothing techniques to the data before forecasting.



Time-Series Modeling

Before applying smoothing techniques to the data, Arun developed basic time-series plots. Time-series
modeling is available under Analyze > Specialized Modeling. The default forecast period is 25, which can

be changed as per the requirements.

Exhibit 3 Time-Series Output of Copper Prices
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Analyze -2 Specialized Modeling 2 Y, Time Series = Copper, X, Time ID = Date, = OK.



Exhibit 3 shows the descriptive statistics, autocorrelation function (ACF), and partial autocorrelation
function (PACF) for copper prices. The ACF plot is not decaying and the PACF shows spikes up to the
first lag. This indicates that the price series is not stationary. Now Arun could start to smooth the price
curve.

Exponential Smoothing Techniques

One of the basic methods of smoothing a curve is applying a simple moving average, which attaches
equal weight to all the observations in the averaging process. But exponential smoothing techniques give
higher weights to more recent observations during averaging and are thus better.

Smoothing models are defined as follows:

Ye= M+ Pet + s(t) + a

Kt = time-varying mean term

Bt = time-varying slope term

S(t) = one of the s time-varying seasonal terms
a;= random shocks

Models without a trend have B: = 0 and nonseasonal models have S(t) = 0. The estimators for these time-
varying terms are defined as follows:

L: is a smoothed level that estimates
Tt is a smoothed trend that estimates Bt
St-jforj=0,1,..., s - 1 are estimates of the s(t)

Each smoothing model defines a set of recursive smoothing equations that describe the evolution of
these estimators. The smoothing equations are written in terms of model parameters called smoothing
weights:

a is the level smoothing weight

Y is the trend smoothing weight

@ is the trend damping weight

0 is the seasonal smoothing weight

While these parameters enter each model in different ways, they have the common property that larger
weights are assigned to more recent data. Apart from simple moving average and state-space smoothing,
JMP offers six exponential smoothing models. The table below lists these models along with model

specifications.
# Name Model
1 Simple Exponential Smoothing Yi= Mt + at
2 Double Exponential Smoothing Ye= Mt + ﬁlt + at
3 Linear (Holt) Exponential Smoothing Ye= Mt + Pet + a
4 Damped Trend Linear Exponential Smoothing Ye= Mt + Pet + a
5 Seasonal Exponential Smoothing Ye= e+ s(t) + at
6 Winter's Model (Additive) Ye= e+ Bet + s(t) + a




(For details on exponential smoothing, please refer the JIMP documentation guide under Help menu or
visit https://www.jmp.com/en_us/support/imp-documentation.htmli)

Arun started with Simple Exponential Smoothing. Exhibit 4 shows the result of simple exponential
smoothing and includes a model summary, parameter estimates, and the forecast graph.

Exhibit 4 Simple Exponential Smoothing

4 = Model: Simple Exponential Smoothing( Zero to One ) 4Parameter Estimates

Term Estimate Std Error tRatio Prob=|t|

4 Model Summary Level Smoothing Weight 091747523 0.0453475  20.23
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Under the red triangle option, choose Smoothing Model 2 Simple Exponential Smoothing.

Arun followed the same procedure for the remaining exponential smoothing techniques. Prediction
Intervals and Constraints are two inputs required for exponential smoothing techniques. Arun maintained
the default settings for these two parameters. Every time a new model is estimated, JMP provides a
Model Comparison listing. Model comparison for all the models estimated by Arun is shown in Exhibit 5.

Exhibit 5 Model Comparison

|Model Comparison

Report Graph Model DF  Variance AIC ~ SBC RSquare -2loglH Weights .2 4.6 .8 MAPE MAE
- O Seasonal Exponential Smoothing( 12, Zero to One) 460 27.572602 28895880 2897.8600 0969 28355889 09378700 || 0989641 4.170917
(| Winters Method (Additive) 459 27.839216 2895.0176 29074243 0969 2889.0176 0062130 || 0995273  4.194736
(| —— Simple Exponential Smoothing( Zero to One ) 473 27.802154 29222633 29264245 0972 29202633 0.000000 0.930809 3935718
(| Linear (Holt) Exponential Smoothing 471 27913236 29252994 2933.6176 0471 26212994  0.000000 0942849  3.983408
[} Damped-Trend Linear Exponential Smoothing 471 2792021 2926.2633 2938.7469 0972 29202633  0.000000 0930809 3935718
- [V (| Double (Brown) Exponential Smoothing 472 32681429 29939151 2998.0742 0.967 29919151  0.000000 1.036056 4371689

Arun found that the model that best fits the data was Seasonal Exponential Smoothing. This can be
identified by comparing the Akaike’s information criterion (AIC) or Schwarz’s Bayesian criterion (SBC)
values. The model that minimizes the information criteria value is the most suitable one. The Seasonal
Exponential Smoothing technique has both the lowest AIC and SBC values.

Forecasting Copper Prices

After this, Arun moved to forecasting the copper prices using Seasonal Exponential Smoothing. The
parameter estimates and forecast graph are given in Exhibit 6.


https://www.jmp.com/en_us/support/jmp-documentation.htmli

Exhibit 6 Forecast with Seasonal Exponential Smoothing

4 =~ Model: Seasonal Exponential Smoothing( 12, Zero to One) 4Parameter Estimates

Term Estimate Std Error tRatio Prob>|t]
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Once the model was estimated, Arun generated a new data table containing the actual observations,
predicted values, and standard errors. The last 25 observations in the data table represent the forecast of
copper prices for the first 25 days of 2019. This data is shown in Exhibit 7.

Exhibit 7 Forecast Values of Copper Prices

Actual Copper | Date Predicted Copper Std Err Pred Copper  Residual Copper Upper CL (0.95) Copper Lower CL (0.95) Copper

* 03/01/19 41411771878 5.2509620029 . 42440941519 403.82602237
= 06/01/19 412.99464186 7.116255648 . 426.94224663 399.04703708
« 09/01/19 413.31387263 8.5854287569 . 430.14100378 39648674147
* 12/01/19 411.50361622 9.8375850406 . 430.78492859 39222230384
* 15/01/19 41150489827 10.947445909 . 432.96149797 390.04829856
* 18/01/19 41068111142 11.95470888 . 42411191027 387.25031257
= 21/01/19 411.71986142 12.883460595 . 436.97098018 386.46874266
. 24/01/19 412.85961142 13.749619973 . 439.80837137 38591085147
. 27/01/19 413.87986142 14.564358616 . 44242547976 385.33424308
s 30/01/19 413.15361142 15.335874099 . 443.21137233 383.09585051
« 02/02/19 413.18736142 16.070392866 . 44468475266 381.68997019
* 05/02/19 41473361142 16.772776138 . 447.60764857 381.85957427
* 08/02/19 415.00530439 17446905500 . 449.20061083 380.80999795
= 11/02/19 413.88222747 18.095938891 . 44934961596 37841483897
s 14/02/19 414.20145824 18.722486396 . 450.89685727 3775060592
* 17/02/19 41239120183 19.328734809 . 450.27482592 374.50757773
* 20/02/19 412.39248388 19.916537897 . 45142818085 3733567869
s 23/02/19 411.56869703 20487483357 . 451.72342654 37141396752
= 26/02/19 412.60744703 21.042943397 . 453.85085822 371.36403584
= 01/03/19 413.74719703 21584113586 . 456.0512823 37144311176
= 04/03/19 414.76744703 22.112043139 . 458.10625521 371.42863885
* 07/03/19 414.04119703 22627658833 . 458.3905934 369.69180066
« 10/03/19 414.07494703 23.131784124 . 459.41241081 368.73748325
* 13/03/19 41562119703 23625154587 . 461.92564915 360.31674491
* 16/03/19 415.89289 24108430512 . 463.14454553 368.64123447

Under the red triangle of Model: Seasonal Exponential Smoothing (12, Zero to One), choose Save Columns. This will create a new
data table containing the actual and predicted values together with standard errors, residuals, and 95% prediction intervals.

Arun also generated a graph showing the actual observations and predicted values using Graph Builder,
which is shown in Exhibit 8.



Exhibit 8 Graph of Actual and Predicted Values
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Summary
Statistical Insights

To summarize, in this case, the scheme of analysis using JMP involved the following:

Generating summary statistics of the data series

Visual representation of the data using Graph Builder

Time-series representation of the data

Estimation of various smoothing models

Selection of the best smoothing models using model comparison and information criteria
Forecasting using the most suitable smoothing model

Generating forecast values and visualizing actual and predicted values

Implications
Arun drew the following conclusions from the analysis:

e The copper prices in India exhibited seasonality during 2017-18.

= Actual Copper
— Predicted Copper

e Seasonal Exponential Smoothing is the most suitable model for understanding the pattern and

forecasting copper prices during 2017-18.

JMP® Features and Hints

This case used the Time Series capability of the Analyze platform for forecasting. It also used various
exponential smoothing features of the time-series analysis. Graph Builder was explored to visualize the
time-series data.



Exercise

The price of lead for 2017-18 is available in Zinc.jmp. Perform the scheme of analysis explained in this
case. Identify the most suitable exponential smoothing technique and forecast lead prices for the first 25

days of 2019.
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