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1. Summary of Forecasting Results 
 
Table 1 :  Summary of forecasting results for the 2017 terminal run corresponding to the SPR_SUMM Chinook salmon 

stock. Results corresponding to the best forecasting model are highlighted in yellow colour. 

Item ARIMA Model Exponential Smoothing Model 

Return Year 2017 2017 

Model Description ARIMA(0,1,1) ETS(A,Ad,N) 

Point Forecast 184,583 201,462 

Interval Forecast 171,421 - 212,935 180,406 - 221,792 

MRE 1,598.59 -5,929.91 

MAE 41,406 42,487.74 

MPE -0.05 -0.08 

MAPE 0.24 0.24 

MASE 0.9 0.93 

RMSE 56,938.36 52,659.7 

Model-Specific Average Rank 1.25 1.75 

 
For the forecasting model(s) considered in this report, the interval forecast derivation was performed by applying loess 
bootstrapping to the historical time series of abundance. B = 500 bootstrap replicates were used per forecasting model. 
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Table 2 :  Estimated probabilities that the terminal run value yet to be observed in 2017 for the SPR_SUMM Chinook 
salmon stock is less than or equal to a specific threshold,  greater than a specific threshold  or falls between two 
specific thresholds  (i.e., the threshold located on the previous row and the one located on the current row of 
the table). Probabilities are derived from the distribution of bootstrapped point forecasts of 2017 terminal run, 
with the bootstrapped point forecasts being obtained from the arima model. Thresholds correspond to terminal 
run values. The threshold highlighted in orange represents the point forecast of 2017 terminal run produced by 
the arima model. 

Threshold Prob(Actual <= Threshold) Prob(Actual >= Threshold) Interval Probability 

135,000 0.00% 100.00% - 

140,000 0.20% 99.80% 0.20% 

145,000 0.40% 99.60% 0.20% 

150,000 1.00% 99.00% 0.60% 

155,000 2.60% 97.40% 1.60% 

160,000 4.40% 95.60% 1.80% 

165,000 5.80% 94.20% 1.40% 

170,000 8.40% 91.60% 2.60% 

175,000 15.20% 84.80% 6.80% 

180,000 22.80% 77.20% 7.60% 

184,583 34.20% 65.80% 
13.00% 

185,000 35.80% 64.20% 

190,000 48.40% 51.60% 12.60% 

195,000 61.40% 38.60% 13.00% 

200,000 72.60% 27.40% 11.20% 

205,000 81.20% 18.80% 8.60% 

210,000 87.80% 12.20% 6.60% 

215,000 92.00% 8.00% 4.20% 

220,000 93.20% 6.80% 1.20% 

225,000 96.20% 3.80% 3.00% 

230,000 98.20% 1.80% 2.00% 

235,000 99.40% 0.60% 1.20% 

240,000 99.40% 0.60% 0.00% 

245,000 99.60% 0.40% 0.20% 

250,000 100.00% 0.00% 0.40% 
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2. Introduction 
 
In this report, we forecast the 2017 terminal run for the SPR_SUMM Chinook salmon stock by using the best of the following 
models: 
 
• ARIMA Model 

• Exponential Smoothing Model 

 
Some general comments about each of these types of models are provided below. 

ARIMA Modeling 
 
ARIMA models are a general class of models for forecasting a univariate time series which can be stationarized by 
transformations such as differencing and logging. The acronym ARIMA stands for Auto-Regressive Integrated Moving Average. 
 
ARIMA models are represented using the notation ARIMA(p,d,q), where p is the number of autoregressive terms, d is the 
number of (nonseasonal) differences, and q is the number of lagged forecast errors in the forecasting equation. 
 
Forecasting a univariate time series on the basis of ARIMA modeling involves three steps: 
 
1. Identification: Differencing of order d is applied to make the time series stationary; 
2. Estimation: An ARMA(p,q) model is fitted to the differenced time series; 
3. Forecasting: The ARIMA(p,d,q) model is used to forecast future values of the time series. 
 
In this report, we rely on the auto.arima() function from the R package forecast to implement the steps described above. This 
function uses automation to identify the orders p,d and q of the ARIMA models fitted to historical terminal run data. 
Specifically, the auto.arima() function finds the order of differencing d first and then identifies the orders p and q via AIC 
maximization. The function then proceeds to estimate the unknown parameters describing the ARIMA(p,d,q) models and to 
produce point and interval forecasts. The function relies on time series bootstrapping to produce the interval forecasts. 

Exponential Smoothing Modeling 
 
Exponential smoothing (ETS) models are a general class of innovations state space models for forecasting a univariate time 
series. The acronym ETS can be thought of as ExponenTial Smoothing, but in effect denotes the error (E), trend (T) and 
seasonal components (S) which can be used to describe the time series to be forecasted. The trend component represents 
the growth or the decline of the time series over an extended period of time. For time series defined at time intervals which 
are fractions of a year (e.g., months), the seasonal component is a pattern of change that repeats itself from year to year. The 
error component captures irregular, short-term fluctuations present in the series, which cannot be attributed to the trend 
and seasonal components. 
 
Exponential smoothing models can be classified according to the nature of the error, trend and seasonal components of the 
underlying time series. The error (E) component can be either additive (A) or multiplicative (M). The trend (T) component can 
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be additive (A), multiplicative (M) or inexistent (N). The trend (T) component can also be dampened additively (Ad) or 
multiplicatively (Md). The seasonal (S) component can be either additive (A), multiplicative (M) or inexistent (N). 
 
Each particular combination of options for the error, trend and seasonal components of a time series gives rise to a specific 
exponential smoothing model. Since the possibilities for each component are Error = {A,M}, Trend = {N,A,Ad,M,Md} and 
Seasonal = {N,A,M}, in total there exist 2 x 5 x 3 = 30 such exponential smoothing models. Components designated by the 
letter N are not present in the time series of interest. Components designated by the letter A are present and are combined 
with the other components via addition. Components designated by the letter M are present and are combined with the 
other components via multiplication. 
 
For example, the exponential smoothing method ETS(AAN) has E(A), T(A) and S(N) structures, where E(A) stands for additive 
error, T(A) stands for additive trend and S(N) stands for inexistent seasonality. One can show that ETS(AAN) is Holt's linear 
method with additive errors. 
 
A complete list of the 30 exponential smoothing models is available at https://www.otexts.org/fpp/7/7 (Table 7.10). This list 
distinguishes between models with additive errors and models with multiplicative errors. Each model consists of a 
measurement equation which describes the observed time series data and some transition equations which describe how 
the unobserved states of the time series (i.e., level, trend, seasonal) change over time. 
 
The ets() function from the R package forecast is used in this report to implement exponential smoothing. Given an input 
time series, the ets() function uses Akaike’s Information Criterion (AIC), corrected for small sample bias, to select the optimal 
exponential smoothing model for that series. For ETS models, the AIC is defined as AIC = -2log(L) + 2k, where where L is the 
likelihood of the model and k is the total number of model parameters and initial states that have been estimated. The small 
sample bias corrected AIC, AICc, is defined as AICc = AIC + 2(k+1)(k+2)/(T-k), where T is the number of observations in the 
time series. 
 
The input time series for the ets() function considered in this report consists of the terminal run for the SPR_SUMM Chinook 
salmon stock.Based on this series, the ets() function will produce an optimal exponential smoothing model after performing 
automated model selection on the basis of the AICc criterion. The optimal model will be such that it will have the smallest 
AICc value among all candidate models entertained during the model selection process. The ets() function is used with all of 
the default options, except for the damped option, which is set to FALSE. 
 
The estimated level, trend or seasonal states of the optimal exponential smoothing model are accompanied by smoothing 
coefficients, which depend on the rate of change of these states and reflect how much weight recent time series observations 
receive over older ones. In the output produced by the ets() function, the smoothing coefficients are denoted by alpha, beta 
and gamma, where alpha is the level smoothing coefficient, beta is the trend smoothing coefficient and gamma is the seasonal 
smoothing coefficient. The closer a smoothing coefficient is to 1, the less smoothing is performed, allowing for rapid changes 
in the corresponding state and heavy reliance on recent time series observations. Conversely, the closer a smoothing 
coefficient is to 0, the more smoothing is performed, allowing for gradual changes in the corresponding state and less reliance 
on recent time series observations. 
 
The output produced by the ets() function also includes a parameter named sigma, which represents the standard deviation 
of the model errors. 
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3. Data Used for Forecasting 
 
The following table displays the historical values of terminal run for the SPR_SUMM Chinook salmon stock, together with the 
corresponding historical run (or return) years.  The historical values of terminal run will be used to forecast future terminal 
run values. 
Table 3 :  Data used for forecasting the 2017 terminal run associated with the SPR_SUMM Chinook salmon stock. 

Run Year Terminal Run 

1975 74,961 

1976 33,901 

1977 59,136 

1978 62,574 

1979 111,178 

1980 75,217 

1981 68,175 

1982 74,074 

1983 73,881 

1984 98,204 

1985 121,026 

1986 152,988 

1987 133,323 

1988 137,326 

1989 114,251 

1990 138,529 

1991 116,353 

1992 125,100 

1993 116,888 

1994 159,492 

1995 148,060 
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Run Year Terminal Run 

1996 199,299 

1997 206,580 

1998 182,888 

1999 155,113 

2000 154,402 

2001 207,031 

2002 256,111 

2003 253,139 

2004 215,389 

2005 183,893 

2006 274,887 

2007 138,742 

2008 192,912 

2009 175,489 

2010 256,391 

2011 215,814 

2012 113,284 

2013 176,307 

2014 211,053 

2015 281,935 

2016 139,164 
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Figure 1 :  Plot of historical terminal run versus run year for the SPR_SUMM Chinook salmon stock. 

4. Modeling Results 

Fitted Values 
 
The next plots show the fitted values produced by all considered forecasting models versus the historical return years. To 
facilitate comparison, the plots also show the historical terminal run values versus the historical return years. For each model, 
we can compare the fitted values produced by that model against the historical values of terminal run to see how well the 
model fits the historical data. 
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Figure 2 :  Plot of fitted values produced by the ARIMA model used to forecast the 2017 terminal run for the SPR_SUMM 
Chinook salmon stock. For comparison, actual values of terminal run are also shown. 

 

Figure 3 :  Plot of fitted values produced by the exponential smoothing model used to forecast the 2017 terminal run for 
the SPR_SUMM Chinook salmon stock. For comparison, actual values of terminal run are also shown. 
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Model Summary Tables 
 
The next two tables represent model summary tables for the ARIMA and exponential smoothing models used to forecast the 
2017 terminal run for the SPR_SUMM Chinook salmon stock. 
Table 4 :  ARIMA modeling results. 

ARIMA(0,1,1) 

Coefficient Estimate Standard Error Z-statistic P-value 

ma1 -0.6004 0.1185 -5.0657 0 

sigma estimated as 3.7968 

log-likelihood = -112.5941 

AIC = 229.1882 

AICc = 229.504 

BIC = 232.6154 
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Table 5 :  Exponential smoothing modeling results. 

model_fit_expsmooth_no_age 

 

  Box-Cox transformation: lambda= 0.2188  

 

  Smoothing parameters: 

    alpha = 0.098  

    beta  = 1e-04  

    phi   = 0.9264  

 

  Initial states: 

    l = 42.8686  

    b = 1.5849  

 

  sigma:  3.2763 

 

     AIC     AICc      BIC  

266.6658 268.3325 275.3542  

5. Forecasting Results 
 
This section reports the forecasting results for the Chinook salmon SPR_SUMM stock corresponding to the forecasting year 
2017. 
 
Forecasting results are reported numerically and visually for two types of forecasts: 1) point forecasts and 2) interval forecasts. 
 
A point forecast is simply a number which represents our best guess of the 2017 value of terminal run for the SPR_SUMM 
Chinook salmon stock based on the available historical terminal run data. 
 
An interval forecast is a range in which we expect the 2017 terminal run value to fall with some (prespecified) probability, 
such as 80% or 90%. The interval forecasts of terminal run included in this report are all 80% interval forecasts. 
 
A couple of remarks are in order in connection with an interval forecast: 
 
• The width of the interval forecast conveys information regarding forecast uncertainty (the wider the interval forecast, 

the more uncertain the forecast); 

• The interval forecast conveys more information than the associated point forecast. 
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For the forecasting model(s) considered in this report, the interval forecast derivation was performed by applying loess 
bootstrapping to the historical time series of abundance. B = 500 bootstrap replicates were used per forecasting model. 
 
The loess bootstrapping is a time series bootstrapping method introduced by Bergmeir, Hyndman and Benitez in 2014 in their 
working paper on bagging exponential smoothing methods using the STL decomposition and the Box-Cox transformation. In 
this method, the time series of annual abundance values which needs to be bootstrapped is first transformed via a Box-Cox 
transformation. The transformed time series is then decomposed into its trend and remainder components using the loess 
method (i.e., a smoothing method based on local linear regression). Finally, the remainder component is bootstrapped using 
the moving block bootstrap (MBB), the trend and seasonal components are added back, and the Box-Cox transformation is 
inverted. In this way, a random pool of similar bootstrapped time series is generated from the original time series. 
 

Point Forecasts 
 
Table 6 :  Point forecasts of terminal run corresponding to the SPR_SUMM Chinook salmon stock and the 2017 forecasting 

year. 

Model Point Forecast 

ARIMA Model 184,583 

Exponential Smoothing Model 201,462 
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Figure 4 :  Historical terminal run values and 2017 point forecast corresponding to the terminal run for the SPR_SUMM 
Chinook salmon stock. The 2017 point forecast was derived via ARIMA forecasting. 
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Figure 5 :  Historical terminal run values and 2017 point forecast corresponding to the terminal run for the SPR_SUMM 
Chinook salmon stock. The 2017 point forecast was derived via exponential smoothing forecasting. 
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Interval Forecasts 
 
Table 7 :  Point and interval forecasts of terminal run corresponding to the SPR_SUMM Chinook salmon stock and the 

2017 forecasting year. The interval forecasts were derived via loess bootstrapping. 

Model Point Forecast Interval Forecast 

ARIMA Model 184,583 171,421 - 212,935 

Exponential Smoothing Model 201,462 180,406 - 221,792 
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Figure 6 :  Historical terminal run values along with the 2017 point forecast and 80% interval forecast of the terminal run 
corresponding to the SPR_SUMM Chinook salmon stock.  The point forecast was obtained via ARIMA forecasting. 
The interval forecast was derived via loess bootstrapping. 
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Figure 7 :  Historical terminal run values along with the 2017 point forecast and 80% interval forecast of the terminal run 
corresponding to the SPR_SUMM Chinook salmon stock.  The point and interval forecasts were obtained via 
exponential smoothing forecasting. The interval forecast was derived via loess bootstrapping. 
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Figure 8 :  Histograms of the B = 500 bootstrapped point forecasts for the 2017 terminal run corresponding to the 
SPR_SUMM Chinook salmon. For each histogram, the dashed red line indicates the position on the horizontal 
axis of the point forecast of terminal run, while the blue segment indicates the 80% forecast interval of terminal 
run. 
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6. Retrospective Forecast Performance 
 
This section reports the results associated with the retrospective analysis conducted to evaluate the performance of the 
models used to forecast the terminal run corresponding to the Chinook salmon SPR_SUMM stock. 
 
For the retrospective analysis, we initialized each forecasting model with data from the first K historical run years for the 
SPR_SUMM stock and used these data to produce a retrospective point forecast of terminal run for the year K+1. We repeated 
this process for values of K ranging from 15 to N-1 in increments of 1, with N being the number of run years for which historical 
terminal run values were recorded. Comparing the values of the retrospective point forecasts of terminal run against the 
historical values of terminal run obtained in this fashion enabled us to compute a series of N-15 retrospective forecast errors. 
 
For each model, retrospective forecast errors were defined as the actual terminal run values minus the retrospectively 
forecasted terminal run values.  In view of this definition,  positive values for the retrospective forecast errors represent 
forecasts that were smaller than the historical terminal run values (i.e., underforecasts), whereas negative values represent 
forecasts that were larger than the historical terminal run values (i.e., overforecasts). 
 
The following performance measures were used to characterize different aspects of the distribution of the retrospective 
forecasting errors: 
 
• Mean Raw Error (MRE); 

• Mean Absolute Error (MAE); 

• Mean Percent Error (MPE); 

• Mean Absolute Percent Error (MAPE); 

• Mean Scaled Error (MASE); 

• Root Mean Square Error (RMSE). 

 
Details about each performance measure  are provided below. 
 
Mean Relative Error (MRE) 
 
The mean relative error (MRE) is computed by summing the retrospective forecast errors and then dividing the result by the 
number N-15 of retrospective forecast errors included in the sum. 
 
MRE reflects directional bias in the raw forecast errors, and a value of zero is most desirable.  Negative values indicate a 
tendency to overforecast and positive values reflecting a tendency to underforecast. 
 
Mean Absolute Error (MAE) 
 
The mean absolute error (MAE) is a quantity used to measure how close forecasts are to the eventual outcomes. Calculation 
of MAE is simple. It involves summing the magnitudes (absolute values) of the retrospective forecast errors to obtain the 
‘total error’ and then dividing the total error by the number N-15 of retrospective forecast errors included in the sum. 
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MAE is measured in the same units as the data, and is usually similar in magnitude to, but slightly smaller than, the root mean 
squared error (RMSE). MAE is less sensitive to the occasional very large forecast error because it does not square the errors 
in the calculation of the 'total error'. 
 
Mean Percentage Error (MPE) 
 
MPE reflects directional bias in the relative forecast errors, with negative values indicating a tendency to overforecast and 
positive values reflecting a tendency to underforecast. 
 
In this report, MPE values are expressed as proportions rather than percentages. 
 
Mean Absolute Percentage Error (MPE) 
 
The mean absolute percentage error (MAPE) is the average of all of the percentage errors, with the average being taken 
without regard to sign so as to avoid the problem of positive and negative values cancelling one another. 
 
MAPE measures the magnitude of the forecasting errors compared to the magnitude of the actual data values, as a 
percentage. So, a MAPE of 20% is better than a MAPE of 60%. Also, perfect forecasts would have no error and would return 
a MAPE value of 0%. MAPE can only be computed with respect to data that are guaranteed to be strictly positive. 
 
Note that there is no effective upper bound on the MAPE metric. 
 
Lewis (1982) suggested interpreting typical MAPE values in the context of analyzing industrial and business data along the 
lines illustrated in the table shown below. 
 

 < 10% Highly accurate forecasting 

10% - 20% Good forecasting 

20% - 50% Reasonable forecasting 

>50% Inaccurate forecasting 

 
In this report, MAPE values are expressed as proportions rather than percentages. 
 
Mean Absolute Scaled Error (MASE) 
 
MASE measures the magnitude of the error compared to the magnitude of the error of a naive one-step ahead forecast as a 
ratio. A naive forecast assumes that whatever the stock abundance value was last year it will be the same value this current 
year. Ideally, the value of MASE will be significantly less than 1. For example, a MASE of 0.5 means that this year's forecast is 
likely to have half as much error as a naive forecast. Since MASE is a normalized statistic that is defined for all data values and 
weighs errors evenly, it is an excellent metric for comparing the quality of different forecasting methods. 
 
The advantage of MASE over the more common MAPE metric is that MASE is defined for time series that contain zero, 
whereas MAPE is not. Also, MASE weights errors equally, whereas MAPE weights positive and/or extreme errors more heavily. 
(MAPE stands for Mean Absolute Percentage Error.) 
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Root Mean Squared Error (RMSE) 
 
RMSE provides a measure of the variability of the retrospective forecast errors. 
 
Calculation of the RMSE involves a sequence of 3 simple steps. ‘Total square error’ is obtained first as the sum of the individual 
squared errors;  that is, each error influences the total in proportion to its square, rather than its magnitude.  Large errors, as 
a result, have a relatively greater influence on the total square error than do the smaller errors.  This means that the total 
square error will grow as the total error is concentrated within a decreasing number of  increasingly large individual errors. 
Total square error then is divided by n, which yields the mean-square error (MSE).  The third and final step is to take RMSE as 
the square root of the MSE. 
 
 
The section concludes by reporting the retrospective forecast errors in table form along with two types of plots constructed 
from these errors: 
 
i) Histograms of the retrospective forecast errors for all forecasting models; 
ii) Barplots of the retrospective forecast errors for all forecasting models, enhanced with the corresponding forecast interval. 

Measures of Retrospective Point Forecast Performance 
Table 8 :  Measures of retrospective point forecast performance. 

Model MRE MAE MPE MAPE MASE RMSE 

ARIMA Model 1,598.59 41,406.00 -0.05 0.24 0.90 56,938.36 

Exponential Smoothing Model -5,929.91 42,487.74 -0.08 0.24 0.93 52,659.70 
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Figure 9 :  Scatter plots of retrospectively forecasted versus actual terminal run values for the SPR_SUMM Chinook salmon 
stock. Observations are labeled according to the associated historical return years. 
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Figure 10 :  Time series plots of retrospectively forecasted versus actual terminal run values for the SPR_SUMM Chinook 
salmon stock. 
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Retrospective Point Forecasts and Forecast Errors 
 
 
Table 9 :  Retrospective point forecasts and associated forecast errors for the 2017 terminal run corresponding to the 

SPR_SUMM Chinook salmon stock. Accompanying return years and actual terminal run values are also reported. 
The retrospective point forecasts were obtained via ARIMA forecasting. A positive forecast error indicates an 
under-forecast while a negative forecast error indicates an over-forecast. 

Return Year Actual Forecasted Error 

1990 138,529 114,251 24,278 

1991 116,353 138,529 -22,176 

1992 125,100 116,353 8,747 

1993 116,888 125,100 -8,212 

1994 159,492 116,888 42,604 

1995 148,060 159,492 -11,432 

1996 199,299 152,387 46,912 

1997 206,580 172,831 33,749 

1998 182,888 206,580 -23,692 

1999 155,113 182,888 -27,775 

2000 154,402 155,113 -711 

2001 207,031 154,402 52,629 

2002 256,111 207,031 49,080 

2003 253,139 256,111 -2,972 

2004 215,389 253,139 -37,750 

2005 183,893 215,389 -31,496 

2006 274,887 183,893 90,994 

2007 138,742 274,887 -136,145 

2008 192,912 193,538 -626 

2009 175,489 167,423 8,066 

2010 256,391 183,418 72,973 

2011 215,814 216,812 -998 

2012 113,284 259,065 -145,781 

2013 176,307 163,134 13,173 

2014 211,053 168,251 42,802 
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Return Year Actual Forecasted Error 

2015 281,935 187,380 94,555 

2016 139,164 226,798 -87,634 

 
Table 10 :  Retrospective point forecasts and associated forecast errors for the 2017 terminal run corresponding to the 

SPR_SUMM Chinook salmon stock. Accompanying return years and actual terminal run values are also reported. 
The retrospective point forecasts were obtained via exponential smoothing forecasting. A positive forecast error 
indicates an under-forecast while a negative forecast error indicates an over-forecast. 

Return Year Actual Forecasted Error 

1990 138,529 118,478.1 20,050.9190 

1991 116,353 133,869.1 -17,516.0604 

1992 125,100 121,416.1 3,683.9381 

1993 116,888 124,041.4 -7,153.4408 

1994 159,492 119,048.5 40,443.5124 

1995 148,060 147,819.0 240.9811 

1996 199,299 147,568.8 51,730.2186 

1997 206,580 171,198.5 35,381.5129 

1998 182,888 204,482.4 -21,594.4161 

1999 155,113 182,170.1 -27,057.1005 

2000 154,402 160,719.0 -6,316.9717 

2001 207,031 156,231.0 50,799.9891 

2002 256,111 190,473.5 65,637.4827 

2003 253,139 206,415.8 46,723.2274 

2004 215,389 253,026.8 -37,637.8345 

2005 183,893 224,213.3 -40,320.2873 

2006 274,887 184,785.0 90,101.9905 

2007 138,742 248,161.2 -109,419.1912 

2008 192,912 230,410.6 -37,498.6374 

2009 175,489 248,195.6 -72,706.6239 

2010 256,391 222,115.9 34,275.0635 

2011 215,814 232,340.4 -16,526.3787 

2012 113,284 233,783.2 -120,499.2407 
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Return Year Actual Forecasted Error 

2013 176,307 225,246.6 -48,939.6465 

2014 211,053 217,684.9 -6,631.8828 

2015 281,935 227,473.2 54,461.8456 

2016 139,164 222,984.6 -83,820.6280 

 

Figure 11 :  Density plots of forecast errors produced by the models considered for forecasting the terminal run for the 
SPR_SUMM Chinook salmon stock. 
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Figure 12 :  Superimposed density plots of forecast errors produced by the models considered for forecasting the terminal 
run for the SPR_SUMM Chinook salmon stock. 
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Figure 13 :  Actual values (grey dots) and retrospectively forecasted values (red dots) of terminal run for the SPR_SUMM 
Chinook salmon stock, with the forecasted values computed on the basis of ARIMA forecasting. Historical values 
of terminal run (grey lines) and fitted values produced by the ARIMA modeling are also shown. Each panel 
corresponds to a particular retrospective forecasting year. 
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Figure 14 :  Actual values (grey dots) and retrospectively forecasted values (red dots) of terminal run for the SPR_SUMM 
Chinook salmon stock, with the forecasted values computed on the basis of exponential smoothing forecasting. 
Historical values of terminal run (grey lines) and fitted values produced by the exponential smoothing modeling 
are also shown. Each panel corresponds to a particular retrospective forecasting year. 
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Figure 15 :  Bias coefficient plots obtained from the retrospective forecast errors produced by the models considered for 
forecasting the terminal run for the SPR_SUMM Chinook salmon stock. 
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Table 11 :  Bias coefficients obtained from the retrospective forecast errors produced by the models considered for 

forecasting the terminal run for the SPR_SUMM Chinook salmon stock. 

Model Bias Coefficient 

ARIMA Model  0.09866253 

Exponential Smoothing Model -0.15202297 
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Figure 16 :  Retrospective forecast errors and 80% interval forecast produced by the ARIMA model used for forecasting the 
value of terminal run for the SPR_SUMM Chinook salmon stock. A positive forecast error indicates an 
underforecast while a negative forecast error indicates an overforecast. 
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Figure 17 :  Retrospective forecast errors and 80% interval forecast produced by the exponential smoothing model used for 
forecasting the value of terminal run for the SPR_SUMM Chinook salmon stock. A positive forecast error 
indicates an underforecast while a negative forecast error indicates an overforecast. 
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7. Model Diagnostics for All Models 
 
After fitting each of the forecasting models to the historical time series of terminal runs, we need to run diagnostics to validate 
the models. 
 
If the models provide a good fit to the historical time series of terminal runs, then their residuals should exhibit no systematic 
patterns and no temporal dependence. 
 
Useful diagnostic plots for verifying that the residuals exhibit no systematic patterns and no temporal dependence include: 
 
• Time series plot of the model residuals; 

• Autocorrelation plot of the model residuals; 

• Partial autocorrelation plot of the model residuals; 

• Plot of p-values associated with the Ljung-Box test applied to the model residuals. 

 
The Ljung-Box test is a diagnostic tool used to test the lack of fit of an ARIMA model. The test is applied to the model residuals 
and examines the first m autocorrelations of the residuals. If all of these autocorrelations are very small, we conclude that 
the model does not exhibit significant lack of fit. The Ljung-Box test tests the following hypotheses: Ho: The model does not 
exhibit lack of fit versus Ha: The model exhibits lack of fit. Small p-values for the Ljung-Box test lead to the rejection of the 
alternative hypothesis, suggesting that the model exhibits significant lack of fit. Conversely, large p-values suggest that the 
model does not exhibit significant lack of fit. Since the choice of m is important but somewhat arbitrary, in practice we 
perform the Ljung-Box test for several consecutive values of m to see if the p-values it produces are large for all of these 
values. If they are, then we conclude that the model does not exhibit lack of fit. 
 
If a model provides a good fit to a univariate time series, then: 
• The time series plot of the model residuals should exhibit no systematic patterns; 

• The autocorrelation plot of the model residuals should show no significant autocorrelations between the residuals; 

• The partial autocorrelation plot of the model residuals should show no significant partial autocorrelations between the 
residuals; 

• The p-values associated with the Ljung-Box test should be large for all values of m considered. 
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Figure 18 :  Index plot of the residuals associated with the models considered for forecasting terminal run for the 
SPR_SUMM Chinook salmon stock. 
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Figure 19 :  Time series plot of the residuals associated with the models considered for forecasting terminal run for the 
SPR_SUMM Chinook salmon stock. 
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Figure 20 :  ACF plot of the residuals associated with the models considered for forecasting terminal run for the SPR_SUMM 
Chinook salmon stock. 
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Figure 21 :  PACF plot of the residuals associated with the models considered for forecasting terminal run for the 
SPR_SUMM Chinook salmon stock. 
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Figure 22 :  P-values of the Ljung-Box test applied to the residuals associated with the models considered for forecasting 
terminal run for the SPR_SUMM Chinook salmon stock. 
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8. Choosing the Best of All Forecasting Models 
 
Several different models were considered in this report for forecasting the 2017 terminal run for the SPR_SUMM Chinook 
salmon stock: 
 
• ARIMA model; 

• Exponential smoothing model. 

The model with the best forecast performance is determined as follows: 
 
• The values of the chosen retrospective point forecast performance measures (i.e., MRE, MAE, MPE, MAPE, MASE and 

RMSE) are computed for each model; 

• For every performance measure, the values of that measure are ordered from smallest to largest in absolute value across 
all models and the models are then ranked based on the magnitude of these absolute values (i.e., the model with the 
smallest absolute value for that performance measure receives the smallest rank); 

• For each model, the ranks computed in the previous step are averaged across all retrospective point forecast 
performance measures to obtain a model-specific average rank; 

• The model with the smallest average rank among all models is deemed to be the best-performing model. 

• If two or more models produce the same smallest average rank, they are further ranked with respect to the length of the 
interval forecasts they produce (i.e., the model which produces the shortest interval forecast is deemed to be best). 

 
The first of the next two tables displays the individual and average ranks corresponding to the models considered for 
forecasting terminal run along with the values of the retrospective point forecast performance measures. 
 
The second of the next two tables displays the average ranks as well as the point forecasts, the interval forecasts and the 
lengths of the interval forecasts. The row of the table corresponding to the best model is highlighted in yellow colour. 
 
  



  
 

 

Table 12 :  Ranking of models used for forecasting the 2017 terminal run associated with the SPR_SUMM Chinook salmon stock. Models are first ranked with respect 
to each of the reported retrospective point forecast performance measures, such that the model which achieves the lowest absolute value for that measure 
receives the smallest rank. Model-specific ranks are then averaged across all performance measures to obtain a model-specific average rank. 

Model 
Measure  

MRE MAE MPE MAPE MASE RMSE  

ARIMA Model 1,598.59 41,406.00 -0.05 0.24 0.90 56,938.36  

Exponential Smoothing Model -5,929.91 42,487.74 -0.08 0.24 0.93 52,659.70  

Model 
Rank Average Rank 

MRE MAE MPE MAPE MASE RMSE MRE, MAE, MPE, MAPE, MASE, RMSE 

ARIMA Model 1 1 1 1.5 1 2 1.25 

Exponential Smoothing Model 2 2 2 1.5 2 1 1.75 

Note: Ranking across models is based on the absolute values of the considered performance measures. 



  
 

 

Table 13 :  Identifying the best model for forecasting the 2017 terminal run associated with the SPR_SUMM Chinook 
salmon stock. The best model (highlighted in yellow) is the one which achieves the smallest average rank across 
all considered retrospective point forecast performance measures  and produces the shortest forecast interval 
among models with the same smallest average rank. 

Model Point Forecast Interval Forecast Length of Interval Forecast Average Rank 

ARIMA Model 184,583 171,421 - 212,935 41,514 1.25 

Exponential Smoothing Model 201,462 180,406 - 221,792 41,386 1.75 



  
 

 

 

Figure 23 :  Visual display of point forecasts and 80% forecast intervals of terminal run corresponding to the SPR_SUMM Chinook salmon stock and the 2017 forecasting 
year. The numbers listed in red at the top of the display represent the model-specific average ranks. Models were ordered based on their average rank, from 
the model with the lowest average rank ("best model") to the one with the highest average rank ("worst model"). 



  
 

 

9. Forecasting Results Produced by the Best Model 
 
The best model for forecasting the 2017 terminal run is the ARIMA model. 
 

Point Forecast Results 
 
Table 14 :  Point forecast of the 2017 terminal run corresponding to the SPR_SUMM Chinook salmon stock, obtained on 

the basis of the ARIMA model. 

Best Model Forecasting Year Point Forecast 

ARIMA Model 2017 184,583 
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Figure 24 :  Historical terminal run values and 2017 point forecast corresponding to the terminal run for the SPR_SUMM 
Chinook salmon stock. The 2017 point forecast was derived via ARIMA forecasting. 
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Interval Forecast Results 
 
Table 15 :  Point and interval forecasts for the 2017 terminal run corresponding to the SPR_SUMM Chinook salmon stock, 

obtained on the basis of the ARIMA model. 

Best Model Forecasting Year Point Forecast Interval Forecast 

ARIMA Model 2017 184,583 171,421 - 212,935 

 

 

Figure 25 :  Historical terminal run values along with the 2017 point forecast and 80% interval forecast of the terminal run 
corresponding to the SPR_SUMM Chinook salmon stock.  The point and interval forecasts were obtained via 
ARIMA forecasting. 
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Figure 26 :  Histogram of the B = 500 bootstrapped point forecasts for the 2017 terminal run corresponding to the 
SPR_SUMM Chinook salmon stock. The bootstrapped point forecasts were produced by the arima model. The 
dashed red line indicates the position on the horizontal axis of the point forecast of terminal run. The blue 
segment indicates the 80% forecast interval of terminal run. 
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Table 16 :  Estimated probabilities that the terminal run value yet to be observed in 2017 for the SPR_SUMM Chinook 
salmon stock is less than or equal to a specific threshold,  greater than a specific threshold  or falls between two 
specific thresholds  (i.e., the threshold located on the previous row and the one located on the current row of 
the table). Probabilities are derived from the distribution of bootstrapped point forecasts of 2017 terminal run, 
with the bootstrapped point forecasts being obtained from the arima model. Thresholds correspond to terminal 
run values. The threshold highlighted in orange represents the point forecast of 2017 terminal run produced by 
the arima model. 

Threshold Prob(Actual <= Threshold) Prob(Actual >= Threshold) Interval Probability 

135,000 0.00% 100.00% - 

140,000 0.20% 99.80% 0.20% 

145,000 0.40% 99.60% 0.20% 

150,000 1.00% 99.00% 0.60% 

155,000 2.60% 97.40% 1.60% 

160,000 4.40% 95.60% 1.80% 

165,000 5.80% 94.20% 1.40% 

170,000 8.40% 91.60% 2.60% 

175,000 15.20% 84.80% 6.80% 

180,000 22.80% 77.20% 7.60% 

184,583 34.20% 65.80% 
13.00% 

185,000 35.80% 64.20% 

190,000 48.40% 51.60% 12.60% 

195,000 61.40% 38.60% 13.00% 

200,000 72.60% 27.40% 11.20% 

205,000 81.20% 18.80% 8.60% 

210,000 87.80% 12.20% 6.60% 

215,000 92.00% 8.00% 4.20% 

220,000 93.20% 6.80% 1.20% 

225,000 96.20% 3.80% 3.00% 

230,000 98.20% 1.80% 2.00% 

235,000 99.40% 0.60% 1.20% 

240,000 99.40% 0.60% 0.00% 

245,000 99.60% 0.40% 0.20% 

250,000 100.00% 0.00% 0.40% 
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