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Coastal Fall Chinook Sliding Scale

Summary

e Daily and seasonal bag limits of natural-origin fall Chinook are the same for all populations

within a stratum (Table 1) unless there is a conservation closure.

e A conservation closure is implemented at the population scale when the mean of last year's
escapement and the pre-season forecast is less than the 5th percentile of abundance from 1986

to 2018 (Table 2).

e The sliding scale decision metric is a function of the previous year's escapements and pre-

season forecasts for populations within each stratum.

e Bag limit thresholds are benchmarked into abundances from 1986 to 2018.

e Bag limit thresholds are constructed so that each bag limit category (Table 1, colors) occurs
with a pre-defined probability. In the North Coast and Mid-South Coast, low, medium and
high occur with probabilities 0.1, 0.65, and 0.25, respectively. In the Mid Coast and Umpqua,
low and high occur with probabilities 0.1 and 0.9, respectively. These probabilities require

assumptions and thus should be treated as a heuristic.

e The sliding scale decision metric includes the previous year in order to reduce inter-annual

variation in bag limits (Figure 7). Including the previous year is not intended to increase

accuracy of the decision metric because most forecasting techniques will already incorporate

the previous year's abundance.

e Though it is possible to annually update all the critical
thresholds, there limited utility of doing so. For simplicity
and clarity, the decision thresholds will not change annually.
They remain benchmarked into the 1986 - 2018 time series.

Table 1. Critical thresholds for daily and seasonal bag limits on natural-origin

coastal fall Chinook. The decision metric (*) and critical thresholds are
calculated so that bag limits occur with desired probabilities.

Table 2. Conservation closures
occur when the mean of the
previous year's escapement and
the forecast fall below the 5th
percentile of historic.

Stratum Abundance Category Bag Limits
(Populations) (observedt-1+ forecastt) (Daily/Seasonal)
North Coast High ( *> 0.644) 2/20
(Necanicum, Nehalem, Medium (0.268 < *< 0.644) 2/10

Tillamook, Nestucca, Salmon)

High ( *>0.245) 2/20
High ( *>0.160) 2/20

High ( *>0.588) (a) 2/20, (b) 1/10

Medium (0.266 < *< 0.588) | (a) 2/10, (b) 1/10

Note: The Yachats River bag limit is permanently set at 1 per day/5 per year. The

Mid-Coast
(Siletz,Yaquina,Alsea,Siuslaw)

Umpqua
(Lower, Smith, Middle, South)

Mid-South Coast
a: (Coos, Coquille)
b: (Floras, Sixes, Elk)

different number of categories across strata was determined with stakeholder

input. See page 74 of the Coastal Multispecies Plan.

Conservation
Population |Threshold
(N5t)
Necanicum |No data
Nehalem 5369
Tillamook 2745
Nestucca 2066
Salmon 777
Siletz 3471
Yaquina 1564
Alsea 3846
Yachats No data
Siuslaw 3987
Umpqua 3197
Coos 2531
Coquille 2833
Floras/New |100
Sixes 712
Elk 690
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Background

The Coastal Multi-Species Conservation and Management Plan
(CMP) called for a "sliding scale" of harvest as a function of
abundances at the stratum level. The sliding scale is intended to
determine the allowable bag limits (both daily and seasonally) for
tisheries on wild fall coastal Chinook down to and including the Elk
River. A goal of the sliding scale is to protect individual strata from
harvest when abundances are significantly depressed, and to allow
greater harvest impacts when abundances are good, or significantly
better than average. Another goal of the sliding scale is to eliminate
unnecessary volatility in the regulations so that the angling

community can more easily predict and understand the regulations.

A proposal for the sliding scale was discussed in March 2018. At that
time, there was concern that the proposed sliding scale did not
provide sufficient ability to react to deteriorating conditions. This
proposal addresses that concern through three mechanism: (1) the
provision requiring bag limits to remain in a category for at least two
consecutive years has been eliminated, (2) the criterion for setting bag
limits is the average of a pre-season forecast and last year's
escapement, and (3) the criterion for conservation closure of harvest
on a particular population occurs when the pre-season forecast and
last year's escapement fall below the 5th percentile of historic. The
previous proposal averaged the pre-season forecast with the last two
years of escapement under mechanisms (2) and (3).

Background ¢ 3

Coastal
Multispecies
Plan (CMP)

The CMP was
approved by the
ODFW Commission
on June 6, 2014. Page
61 of the Plan
describes "Sliding
Scale Management."
The intent is to
acknowledge cycling
abundances,
anticipate them with a
forecast, and allow
greater harvest when

expected returns are
high.
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Abundance Summaries

The Oregon Coastal Chinook Technical Team (OCCTT) is composed of ODFW staff working in West
Region's CCRMP, and Fish Division's OSCRP and CRP. The OCCTT completed methodological
standardizations that resulted in new time series of historical spawner abundances that are calibrated
to mark-recapture estimates. These new mark-recapture calibrated data are used here. Previous
"habitat expansion" based estimates are only to be used in conjunction with the Pacific Salmon
Commission until they can be replaced with the new mark-recapture calibrated estimates. The data

used here are "adults" aged 3 and higher. See the Appendix A for raw data.

Most populations of coastal fall Chinook exhibit mild autocorrelation (Figure 1). A premise of the
sliding scale is that natural "smoothness" in abundance time series can be used to ensure that bag limits

do not vary drastically year to year. Autocorrelation can be leveraged in forecasts.
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Figure 1. Most time series of adult spawners of coastal fall Chinook exhibit minimal autocorrelation. In the middle
panel, significant positive autocorrelation is observed at lag 1 (above blue line), and significant negative autocorrelations
occur at lags 5, 6, and 7 because of a mild cycling. The panel on the right shows residual autocorrelation after removing
the expected autocorrelation for shorter lags.

Abudances across populations are moderately synchronous (Figure 2). This means that lumping
populations together into strata with uniform regulations has some merit. A Mantel test indicates that
that correlation coefficients between pairs of populations (Figure 3) are higher when populations are

closer together (P=0.0002), where proximity was measured as rank order latitudinal position.
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Figure 3. Correlation coefficients of percentile-transformed spawner abundance time series, 1986-2018.
Yellow cells are statistically significant at P<0.05. Black triangles indicate pairs of populations in the same
stratum.
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Coastal Fal

Methods

1 Chinook Sliding Scale

1. Each population's time series (Figure 4a) of abundances are used to compute the mean and standard
deviation of a lognormal distribution (Figure 4b).

2. Each estimate of abundance within each
lognormal distribution (Figure 4c).

population can then be re-expressed as a percentile of the

3. The mean is taken over all percentiles of populations within a stratum on each year (Figure 5, blue).

4. A two-year running average is then taken (Figure 5, *). The two-year running average is the final
decision metric. In practice, a forecast for the focal year will be substituted for the empirical

abundance used here.
5. Each stratum has a distribution of decisi

on metrics (*). These metrics are bounded between zero and

one, and thus modeled with a beta distribution. Beta distributions are fitted to each stratum's series
of decision metrics (Figure 6). Using the parameterized beta distribution, it is possible to back
calculate threshold values of the decision metric that demarcate given probabilities of occurrence

(Figure 6, colors)
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Figure 4. A population's time series of abundance (a),
can be replotted into a histogram (b, grey). A
lognormal distribution can be fitted these data (b,
red), and all data points mapped into percentiles of
the lognormal distribution (c).
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use a pre-season forecast instead of the empirical estimates used
here.
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in the decision metrics prevents large inter-annual
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Coastal Fall Chinook Sliding Scale

Potential Improvements

e Replace this sliding scale when meaningful spawner-recruit (5/R) relationships are more fully
developed. Currently, benchmarking into historic abundance rather than a S/R relationship is
prudent because (1) there is tremendous uncertainty in S/R relationship that could lead to
underestimation of Smsy and (2) uncertainty in the effects of bag-limits on harvest make it
difficult to control and target a S/R-derived escapement goal, even if such a goal could be
computed confidently.

e Study relationships between bag limits, fish abundance, and harvest. This will inform the
precision with bag limits can be used to control escapement.

e Explore the use of real-time observations of spawning ground surveys as an "early warning"
that escapement will be less than the forecast. This could be used to determine emergency
conservation closures of the fishery.

e Improve work-flow efficiency with which raw field data are converted into abundance and age
estimates. This will enable sliding scale protocols to be executed early and disseminated well
before the fishing season.

¢ Continue improving escapement estimates with additional mark-recapture studies. Collect and
process more age data.

e Make a web-application that describes the sliding scale graphically and automatically updates
as new data become available. The sliding scale analysis and forecasts are coded in MATLAB,
which makes it relatively easy to deploy to the web.

e The forecasts include a myriad of techniques, some of which are very sophisticated. Further
methodological refinements are nonetheless possible. It will be imperative to track the accuracy
of different methods so that different techniques can be appropriately weighted into a multi-
model ensemble forecast. Further work on the covariates used to make forecasts is warranted,
but data-dredging is always a concern.

Potential Improvements ¢ 8
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Appendix A - Raw data

Table A1. Mark-recapture calibrated abundances of coastal Fall Chinook, aged 3 or more. Note that Umpqua is expanded for the
entire basin by dividing South Umpqua estimate by 0.467. Coos is expanded to the entire basin by taking South Coos estimate
and dividing by 0.6. Nestucca River includes Little Nestucca. Tillamook is all five subpopulations. Nehalem includes North
Fork. Natural origin abundances in the Elk River not available before 1998.

Year

1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019

Nehalem

14109
13739
14821
12569
6438
6267
9998
5880
7962
5837
10203
12690
10024
9800
10822
13087
20895
22582
13201
10524
7319
6163
5597
6041
7528
11516
13365
16421
14147
15605
12956
8762
5949
8574

Tillamook

20151
18634
21646
16351
12918
11031
19551
7246
5898
6398
11863
6349
2935
2942
2518
5262
10240
9143
6849
10924
13724
6447
4411
3699
3347
10379
7544
9597
12408
14442
5089
5024
2403
2571

Nestucca

31923
25181
28354
20621
9491
18043
11852
5557
39854
24586
7683
5557
7932
10068
6654
9257
24586
5978
11852
11634
16060
4973
2578
397
3560
5228
5698
12266
10053
7397
6488
6426
3060
3335

Salmon

2086
2742
5202
1986
1448
1650
2208

956
2901
3280
5332
3719
3164
1851
2665
3128
2879
3078
4269
4462
2513

352
1380
1500
2871
3781
1440
6024
7464
5770

10349
6177

375
3628

Siletz

14671
8975
17213
10527
11596
12837
14587
7838
24881
12754
18700
8893
14754
9545
13419
25272
33800
23003
7838
14355
15891
2700
1218
2201
10985
4985
8738
13878
16895
11232
17327
14063
5757
3263

Yaquina
14200
10279
24603

6291
5523
7267
4121
6682
10286
17690
13793
6393
3926
1382
2065
3597
3036
13431
9720
4358
9409
1512
1450
1299
2452
9284
5477
6749
11625
17745
6342
5435
2917
3584

Alsea

6757
6784
8156
6236
6157
6935
7324
3176
4615
8872

11640
5019
7310
8741
6879

11417

11413

12094

10487
8888
9208
4449
2713
6331
8240
9588

11832
8297
9782

14609
6979
5517

3724
3540

Siuslaw

6609
6424
16818
15575
16532
18580
15956
3232
12114
12281
18349
9515
6481
14097
5385
9723
22506
28801
29119
13771
13380
3704
4328
5109
12155
12000
16234
15502
16395
18061
8606
7371
3047
1691

Umpqua

3460
6492
8978
15643
9015
17236
19134
7967
18226
26740
23524
18889
2635
3581
5547
10982
25132
23413
24370
3156
3809
5312
4705
6637
14397
12900
12692
19988
17889
52853
10698
11804
7903
2861

Coos

5109
7420
5947
3084
2477
2703
4839
7714
8554
9079
13154
5852
3972
5130
5287
8970
12455
23839
10013
5472
3778
3398
5625
7383
11277
15673
9173
8540
9709
18484
4404
2066
4800
6883

Coquille

5361
7071
7772
7795
9708
9503
18267
9093
6220
14845
8492
8219
9854
11161
7914
12512
13675
18876
11514
4973
7471
3505
5981
15526
32071
14124
8117
5358
12586
14669
9720
6470
498
275

Floras

193
314
439
376
165
127
712
241
996
831
130
233
374
482
1006
912
1254
1183
787
452
364
147
206
282
97
179
68
452
199
593
732
588
249
159

Sixes

1132
3000
6128
2059
732
729
2992
1880
3009
2737
4382
1810
6877
2312
1908
2883
2487
2216
11229
2484
1419
278
1188
3037
3375
2738
2458
1869
3829
16883
3002
3268
2224
873

Elk

2542
4364
2002
1168
1107
973
2645
1067
1624
597
1152
989
2780
2138
1503
781
1628
3472
2151
1880
1260
3729
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Appendix B - Forecasting

Forecasting is a critical element of the sliding scale. Note that most forecasting techniques will leverage
the explanatory power of the previous year's escapement (Figure 1). Thus including the previous
year's escapement in the decision metric (mean of forecast and last year's escapement) is not intended
to improve the 'accuracy’ of the decision metric. The best guess at the current year's escapement is just
the forecast.

Techniques. Forecasts for 2020 were generated with ForecastR. We are considering evaluating these

forecasts against the following MATLAB based techniques.

Autoregressive Integrated Moving Average with Covariates (ARIMAX) Uses inherent
autocorrelation in the data series and external covariates. Pros: Classic technique for forecasting
autocorrelated processes. Cons: Requires user to define lags, trends, and window sizes.

https://www.mathworks.com/help/econ/arimax-model-specifications.html

Nonlinear Autoregressive Artificial Neural Network with Covariates A machine learning
technique inspired by the human brain. Pros: Designed to capture extremely complex
relationships within and between the abundance time series and predictors. Cons: Requires a
lot of observations. User must pre-specify network architecture and rules for preventing

overfitting. https://www.mathworks.com/help/deeplearning/ug/design-time-series-narx-

feedback-neural-networks.html

Vector Autoregressive Models with Covariates Forecast all populations simultaneously,
leveraging information contained in cross-correlations and external covariates. Pros: Figures 2

& 3 suggest that ensemble forecasting is prudent to prevent waste of information and
overfitting. Cons: Currently not used. Numerical/computational problems should be resolved
for next year's forecast. https://www.mathworks.com/help/econ/introduction-to-vector-

autoregressive-var-models.html

Generalized linear models Flexible extensions of classical regression. Pros: Easy to use and
understand; leverage power of likelihood and information theory to prevent overfitting. Cons:

Don't capture autocorrelation or cross-correlation unless awkwardly packaged as a covariate.
https://www.mathworks.com/help/stats/fitglm.html

Sibling Regression Uses regression relationships to predict abundance-at-age (Nt) based on the
previous year's abundance of backshifted ages (Nt1..-1), which are earlier returning siblings.
Pros: Classic technique for salmon, capture cohort effects. Cons: more work needed to predict
first age class.

Covariates. Using multiple covariates can lead to problems similar to the overfitting problems
mentioned below. There is a related risk of dredging-up spurious correlations when multiple

relationships are explored. So far, PDO, CUTI, Logerwell's Upwelling index, and minimum summer

Appendix B - Forecasting ¢ 10
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flows are used in the forecast. Maximum winter flow and BEUTI showed poor correlation with

spawner abundances and were never incorporated into forecasts.

PDO is the leading "principle component" (multivariate to univariate reduction) of sea surface
temperatures in the entire Pacific Ocean poleward of 20N. Thus the spatial scale of PDO is
extremely coarse. The temporal component of PDO used in forecasts is the average of May-
September, backshifted 3 years to reflect conditions of the dominant class of returning fish
when they first entered the ocean. A temporal composite of PDOs for each age class has also
been explored, but without much promise. Interestingly, PDO during the year of escapement

yields good predictions, but is not available in time for the forecasts under this sliding-scale.

Upwelling index (Lowergwell) is measured at 48N, 125W, averaged from May-August and
backshifted 3 years to reflect condition of the dominant class of returning fish when they first
entered the ocean. A temporal composite of Upwelling indices for each age class has also been

explored, but without much promise.

CUTI is a new upwelling index: http://mjacox.com/upwelling-indices/

Summer minimum flow is derived from USGS stream flow gages. Some missing data are

imputed and basins without a gage are assigned values from neighboring gages.

Performance. Overfitting occurs when a statistical model fits the available data too well. This is a
problem because the model will not generalize beyond the available data, thereby providing good
diagnostics but poor forecasts. Statistical modeling techniques that leverage likelihoods have built-in
methods to prevent overfitting. However, some forecast techniques used here do not have likelihoods
and must use other methods to prevent overfitting. This can make model comparisons difficult or
impossible. I used leave-one-out cross-validation to test the predictive performance of all forecasting
techniques. For every technique, I withheld the most recent empirical observation from the model
titting process. The fitted model was then used to "forecast" the withheld observation, and the absolute

x—X

percent error, , was recorded. This was repeated by withholding the most recent two observations

then "forecasting" the second-to-last. Then the most recent three observations were withheld and the
third-to-last observation was predicted. The mean of these percent errors was recorded for every
technique, providing an apples-to-apples comparison among techniques. As a benchmark, I also used
the historical mean to predict each withheld observation. This is used to demonstrate the improvement
from sophisticated statistical techniques over a naive approach. See tables below for forecast

performance diagnostics.

Model averaging. The forecast for each population is a weighted average among several techniques,
where weights are inversely proportional to the median percent error. See Tables B1 and B2 below.

Appendix B - Forecasting * 11
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Table B1. Models used in the ensemble forecast

o

MODEL

ARIMAX(1,0,0), PDO

ARIMAX(1,0,0), MinFlow

ARIMAX(1,0,0), CUTI

Sibling Regression

GLM Poisson, y ~ pop + ylag + PDO + ESU

GLM Poisson, y ~ pop + ylag + ESU + MinFlow

GLM Poisson, y ~ pop + ylag + ESU + PDO+MinFlow+CUTI

Artificial Neural Network, 8Neurons, Bayesian regularization, Autoregressive, covs= Age, ESU, Zscore

00 NO UL A WN R

Table B2. 2019 Forecasts for individual models (1-8, see Table B2), associated weights, and weighted ensemble
prediction.

Forecast Model ID Weighted
1 2 3 4 5 6 7 8 Ensemble

Nehalem 6440 5277 5939 6050 8181 8398 7740 6776 7269
Tillamook 4100 2346 4486 4043 6406 6154 5224 3381 4219
Nestucca 5677 7328 6956 3324 7846 7662 6764 11085 7037
Salmon 1229 735 1706 1078 2894 2819 2616 2423 1805
Siletz 9670 9730 9501 5301 10502 10272 9564 12929 9519
Yaquina 4637 2050 4225 3436 5570 5649 4869 3074 3929
Alsea 5796 5525 5395 4836 5964 6010 5660 5995 5431
Siuslaw 6789 9309 5406 3707 8809 8351 7913 5551 6638
Umpqua 9203 8950 9765 10227 10244 9916 9483 7722 8923
Coos 5072 5125 6492 7101 5355 5335 5296 10434 6161
Coquille 6933 7442 6889 2470 7433 7209 6877 10447 6926
Floras 277 182 280 314 385 372 353 339 294
Sixes 2225 1527 3212 2638 2695 2607 2408 1422 2193
Elk 3280 2924 3396 1805 3843 3730 3379 5280 3420
Median % error 0.36 043 0.39 0.64 0.43 0.47 0.33 0.57

% times better

than naive model 0.71 0.70 0.66 0.51 0.77 0.73 0.76 0.50

Weight1l 0.164 0.137 0.151 0.091 0.138 0.139 0.178 0.102

Weight2 0.133 0.130 0.123 0.096 0.143 0.141 0.141 0.093
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Forecast performance metrics of each forecast technique used in the ensemble forecast follow in the
tables below. These values are computed from a leave-one-out cross-validation trials, and thus
accurately reflect real-world forecast performance from 2014 through 2018.

Model 1: ARIMAX(1,0,0), PDO Model 2: ARIMAX(1,0,0), Minimum Summer Flow
Forecast Percent Error Forecast Percent Error

2014 2015 2016 2017 2018 2014 2015 2016 2017 2018
Neh 0.18 0.02 0.16 0.26 0.29 Neh 0.03| 018 007 037] 0.56
Til 0.19 0.15 1.60 0.25 141 Til 0.26 0.25 138 0.29 163
Nes 0.60 0.99 074 0.29 137 Nes 0.200 050 054 047 2.04
sal 0.47 0.01 0.55 018 1021 sal 0521 014 053 029 1134
sil 0.18 0.39 0.27 0.02 1.25 sil 0.22/ 0.30| 0.30] 0.05 1.34
Yaq 0.36 0.44 1.03 017 0.87 Yaq 041 052 078 024 119
Als 0.12 0.35 0.66 0.32 0.69 Als 017 0233 065 038 088
siu 0.07 0.01 1.01 0.40 1.84 Siu 012 017 086 053 247
Ump 011 0.64 257 0.08 011 Ump 0.07 070 2.82 010 0.69
Coo 0.09 0.39 2.06 181 0.20 Coo 015 052 215 216 0.1
Cog 0.19 0.14 0.30 056  16.54 Cog 027/ 0.22) 0.25 0.63 18.23
Flo 1.89 0.35 0.18 0.01 0.88 Flo 133 051 026 0.08 116
Six 0.07 0.79 0.63 0.25 0.19 Six 0.23| 0.3 033 001 045
Elk 0.43 0.21 1.12 1.50 1.70 Elk 0.23 027 057 166 2.04

median= 0.36 mean= 0.95 median=  0.43 mean=  1.05
Closer than naive model? 1=yes, 0=no. Closer than naive model? 1=yes, 0=no.
2015 2016 2017 2018 2014 2015 2016 2017 2018

Neh Neh
Til il
Nes Mes
sal sal
sil sil
Yaq Yaq
Als Als
Siu Siu
Ump Ump
Coo Coo
Coq Cog
Flo Flo
Six Six
Elk Elk

mean= 0.71
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Coastal Fall Chinook Sliding Scale

[ 3 N ]
Model 3: ARIMAX(1,0,0), CUTI Model 4: Sibling Regression
Forecast Percent Error Forecast Percent Error
2014 2015 2016 2017 2018 2014 2015 2016 2017 2018
Neh 0.03 0.14 0.05 0.35 0.36 Neh 0.57 0.31 1.10 0.83 0.59
Til 0.32 0.31 1.05 0.30 1.44 Til 0.36 0.16 3.79 0.75 1.66
Nes 0.07 0.48 0.40 0.39 1.59 Mes 1.18 0.77 0.74 0.34 1.68
Sal 0.01 0.03 0.35 0.48 13.04 Sal 0.14 0.21 0.35 0.71 13.57
Sil 0.21 0.33 0.30 0.04 1.27 sil 0.42 1.01 0.38 0.84 1.04
Yaq 0.46 0.51 0.89 0.14 0.85 Yaq 0.35 0.05 4.23 0.31 0.63
Als 0.17 0.38 0.58 0.36 0.70 Als 0.07 0.19 2.40 0.46 0.60
Siu 0.12 0.14 0.77 0.37 1.72 Siu 0.11 0.03 2.49 0.25 1.41
Ump 0.06 0.68 2.47 0.07 0.39 Ump 0.50 0.65 5.02 0.21 0.75
Coo 0.13 0.51 2.07 2.40 0.16 Coo 0.01 0.08 4.39 1.19 0.20
Coq 0.24 0.20 0.23 0.65 17.73 Coq 0.30 0.15 1.24 0.27 13.34
Flo 1.37 0.45 0.29 0.06 1.01 Flo 1.95 0.47 0.03 0.21 1.36
Sin 0.24 0.83 0.45 0.04 0.48 Six 0.25 0.73 4.25 0.24 0.85
Elk 0.29 0.29 1.02 1.56 1.92 Elk 1.21 0.26 0.94 1.25 0.92
median= 0.39 mean= 1.01 median= 0.64 mean= 1.30
Closer than naive model? 1=yes, 0=no. Closer than naive model? 1=yes, 0=no.
2014 2015 2016 2017 2018 2014 2015 2016 2017 2018

Neh Neh
Til Til
Nes Nes
Sal Sal
Sil Sil
Yaq Yaq
Als Als
Siu Siu
Ump Ump
Coo Coo
Coq Coq
Flo Flo
Six Six
Elk Elk
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Coastal Fall Chinook Sliding Scale

Model 5: GLM Poisson, y~ pop + ylag + PDO + ESU Model 6: GLM Poisson, y ~ pop + ylag + ESU +
MinSumFlo

Forecast Percent Error
Forecast Percent Error
2014 2015 2016 2017 2018

Neh 0.02 0.11 0.13 0.19 0.44 2014 2015 2016 2017 2018
Til 0.18 0.19 1.50 0.48 1.81 Neh 0.10 0.18 0.12 0.31 0.67
Nes 0.23 0.69 0.74 0.42 1.63 Til 0.26 0.28 1.41 0.62 2.22
sal 0.52 0.30 0.62 0.41 7.19 Nes 0.14 0.50 0.64 0.52 2.05
sil 0.14 0.49 0.21 0.07 0.92 sal 0.57 0.37 0.63 0.35 8.50
Yaq 0.33 0.46 0.94 0.21 1.01 sil 0.23 0.33 0.23 0.02 1.22
Als 0.09 0.33 0.68 0.23 0.68 Yaq 0.39 0.53 0.82 0.33 1.29
Siu 0.04 0.07 1.08 0.43 2.05 Als 0.19 0.40 0.65 0.42 0.93
Ump 0.01 0.67 4.75 0.03 0.36 Siu 0.15 0.14 1.08 0.57 2.51
Coo 0.09 0.48 2.03 2.13 0.16 Ump 0.07 0.70 4.76 0.06 0.56
Coq 0.22 0.11 0.44 0.46  14.81 Coo 0.17 0.54 1.92 2.52 0.33
Flo 1.68 0.10 0.25 0.26 0.62 Coq 0.29 0.20 0.39 0.61 17.11
Six 0.18 0.79 1.09 0.07 0.26 Fo 1.45 0.19 0.28 0.18 0.86
Elk 0.41 0.13 1.23 1.63 2.03 Six 0.26 0.81 1.04 0.02 0.45

median= 0.43 mean= 0.94 Elk 0.28 0.22 1.12 1.89 2.46

median= 0.47 mean= 1.07

Closer than naive model? 1=yes, 0=no.
Closer than naive model? 1=yes, O=no.

2014 2015 2016 2017 2018

Neh 2014 2015 2016 2017 2018
il Neh
Nes il
Sal Mes
sil Sal
Yaq Sil
Als Yag
Siu Als
Ump Siu
Coo Ump
Coq Coo
Flo Coq
Six Flo
Elk Six
Elk

mean= 0.73
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Coastal Fall Chinook Sliding Scale

Model 7: GLM Poisson, y ~ pop + ylag + PDO + ESU +

MinSumFlo + CUTI

Forecast Percent Error

2014 2015 2016
Neh 0.03 0.08 0.13
il 0.19 0.25 1.23
Nes 0.35 0.72 0.73
Sal 0.48 0.27 0.62
Sil 0.05 0.55 0.18
Yaq 0.28 0.49 0.72
Als 0.02 0.29 0.69
Siu 0.03 0.04 1.08
Ump 0.15 0.65 3.93
Coo 0.10 0.43 2.04
Coqg 0.07 0.05 0.46
Flo 2.25 0.01 0.21
Six 0.06 0.78 1.02
Elk 0.58 0.10 1.18

median= 0.33 mean=

Closer than naive model? 1=yes, 0=no.

2014 2015

Neh

Nes
Sal

Yaq
Als

£3555¢

2016

2017
0.04
0.22
0.23
0.48
0.18
0.05
0.15
0.30
0.07
2.16
0.38
0.29
0.14
1.40
0.86

2017

2018
0.31
1.33
L.35
6.46
0.75
0.73
0.57
1.82
0.29
0.15

14.13
0.53
0.16
L76

2018

Model 8: Artificial Neural Network, Autoregressive,
8Neurons, Bayesian Regularization, Age, ESU, Zscore

Forecast Percent Error

2014 2015 2016 2017 2018

Neh 0.48 0.07 0.64 0.59 0.54
Til 0.49 0.60 1.22 0.29 1.02
MNes 0.45 0.84 0.75 1.29 2.63
Sal 0.78 0.27 0.41 0.23 5.47
Sil 0.31 0.45 0.65 0.70 2.22
Yaq 0.21 0.35 2.42 1.11 0.41
Als 0.05 0.42 0.83 0.64 0.58
Siu 0.05 0.19 2.65 0.47 1.75
Ump 0.12 0.66 1.48 0.24 0.57
Coo 0.15 0.29 4.596 1.69 0.15
Coq 0.55 0.38 0.85 0.56 15.71
Flo 1.00 0.62 0.35 0.26 1.03
Six 0.16 0.80 0.92 0.32 0.46
Elk 0.62 0.29 0.35 2.39 2.96
median= 0.57 mean= 1.10

Closer than naive model? 1=yes, O=no.

2014 2015 2016 2017 2018

Neh

Appendix B - Forecasting * 16




