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Spa&otemporal	
  models	
  
“Conven&onal”	
  state-­‐space	
  models	
  
​𝑛↓𝑡+1 =𝑓(​𝑛↓𝑡 )+ ​𝜀↓𝑡 	
  
​𝜀↓𝑡 ~𝑁𝑜𝑟𝑚𝑎𝑙(0, ​𝜎↑2 )	
  

	
  
State-­‐space	
  models	
  using	
  random	
  fields	
  
​𝒩↓𝑡+1 =𝑓(​𝒩↓𝑡 )+ ​ℰ↓𝑡 	
  
​ℰ↓𝑡 ~𝐺𝑅𝐹(0, ​𝜎↑2 𝒞)	
  

	
  
Which	
  means	
  that…	
  

​𝒏↓𝑡+1 (𝐬)=𝑓(​𝒏↓𝑡 (𝐬))+ ​𝜺↓𝑡 	
  
​𝜺↓𝑡 (𝐬)~𝑀𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒.𝑁𝑜𝑟𝑚𝑎𝑙(0,𝚺(𝐬))	
  



Spa&al	
  popula&on	
  models	
  
Spa&al	
  delay-­‐difference	
  model	
  

– Simplest	
  approach	
  to	
  age-­‐structured	
  models	
  
– Accounts	
  for	
  spa&al	
  varia&on	
  in	
  density	
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Spa&al	
  popula&on	
  models	
  
Limita&ons	
  

1.  No	
  movement	
  
•  	
  	
  Wasn’t	
  included	
  in	
  spa&al	
  delay-­‐difference	
  model	
  
•  	
  	
  Could	
  cause	
  difficulty	
  with	
  separable	
  es&ma&on	
  

2.  LiUle-­‐used	
  model	
  
•  Delay-­‐difference	
  isn’t	
  widely	
  used	
  
•  Students	
  I’ve	
  worked	
  with	
  aren’t	
  taught	
  it	
  

	
  
Solu&on	
  

– Build	
  spa&al	
  surplus	
  produc&on	
  model	
  with	
  movement	
  



Spa&al	
  popula&on	
  models	
  
Predicted	
  biomass	
  


​𝐛↓𝑡+1 =𝑔(𝐌(​𝐛↓𝑡 ∗exp​(− ​𝑢↓𝑡 ​𝐞↓𝑡 )))∗exp​( ​𝛆↓𝑡 )	
  

–  bt	
  is	
  vector	
  of	
  biomass	
  at	
  different	
  loca&ons	
  
–  et	
  is	
  vector	
  of	
  fishing	
  effort	
  
– 𝐌	
  is	
  a	
  matrix	
  of	
  annual	
  movement	
  rates	
  
–  g()	
  is	
  a	
  func&on	
  for	
  density	
  dependence	
  and	
  popula&on	
  growth	
  
–  εt	
  is	
  process	
  error, ​𝛆↓𝑡 ~𝑀𝑉𝑁(𝟎, ​𝚺↓𝜀 )	
  

Density	
  dependence	
  
–  Gompertz-­‐form	
  

𝑔(​𝑥↓𝑟,𝑡 )= ​𝑥↓𝑟,𝑡 ​exp⁠(𝛼+ ​𝜔↓𝑟 −𝛽log(​​𝑥↓𝑟,𝑡 /​𝑤↓𝑟  )) 	
  

– 𝛼+ ​𝜔↓𝑟 	
  is	
  spa&al	
  varia&on	
  in	
  produc&vity	
  for	
  each	
  loca&on	
  r	
  
–  β	
  is	
  the	
  strength	
  of	
  density	
  dependence	
  
–  ​𝑤↓𝑟 	
  is	
  the	
  area	
  of	
  a	
  given	
  polygon	
  



Spa&al	
  popula&on	
  models	
  
𝐌	
  is	
  a	
  movement	
  matrix	
  

– Advec&ve	
  diffusive	
  movement	
  
​𝜕/𝑑𝑡 ​𝒅↓𝑡 =(𝒖𝛁+𝛁∙𝚺𝛁)​𝒅↓𝑡 	
  

– So	
  
𝐌=matexp(𝛥𝑡(𝒖𝛁+𝛁∙𝚺𝛁))	
  

– And	
  using	
  the	
  Euler	
  approxima&on	
  with	
  n	
  steps:	
  
𝐌≈​(𝑰+ ​𝒖𝛁+𝛁∙𝚺𝛁/𝑛 )↑𝑛 	
  



Spa&al	
  popula&on	
  models	
  
Highly	
  separable	
  computa&on	
  

– 200	
  triangles	
  +	
  20	
  years	
  =	
  5	
  min.	
  on	
  laptop	
  
– Seems	
  to	
  recovery	
  dynamics	
  and	
  density	
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Big	
  skate	
  in	
  the	
  California	
  Current	
  
Analyze	
  data	
  from	
  2003-­‐2013	
  

–  Survey	
  catch	
  rates	
  
–  Total	
  fishery	
  catch	
  
–  Informa&on	
  regarding	
  spa&al	
  distribu&on	
  of	
  fishing	
  effort	
  

Assump&ons	
  
1.  Catchability	
  coefficient	
  equals	
  1	
  

•  i.e.,	
  that	
  survey	
  covers	
  popula&on	
  and	
  all	
  of	
  popula&on	
  is	
  available	
  
•  Oeen	
  used	
  in	
  data-­‐poor	
  methods	
  

2.  Known	
  management	
  target	
  for	
  exploita&on	
  frac&on	
  	
  
•  Derived	
  from	
  natural	
  mortality	
  and	
  life	
  history	
  informa&on	
  

3.  No	
  movement	
  
•  Wasn’t	
  es&mable	
  without	
  tagging	
  data	
  
•  Results	
  were	
  insensi&ve	
  to	
  different	
  diffusion	
  rates	
  



Big	
  skate	
  in	
  the	
  California	
  Current	
  



Big	
  skate	
  in	
  the	
  California	
  Current	
  
•  Abundance	
  is	
  stable	
  but	
  
fluctuates	
  over	
  &me	
  
–  Increase	
  from	
  2008	
  

•  Harvest	
  has	
  declined	
  a	
  
bit	
  
–  (My	
  understanding	
  is	
  
that	
  there’s	
  concerns	
  
that	
  recent	
  harvest	
  has	
  
been	
  higher)	
  

•  899.6	
  metric	
  tonnes	
  OFL	
  
in	
  2013	
  

	
  

•  Es&mated	
  OFL	
  (black	
  line,	
  with	
  +/-­‐	
  1	
  SE	
  
as	
  grey	
  area)	
  

•  Observed	
  harvest	
  (dashed	
  line)	
  
•  Units:	
  metric	
  tonnes	
  



Simula&on	
  tes&ng	
  
•  Unbiased	
  es&mate	
  of	
  
OFL	
  	
  

–  (Given	
  that	
  Fmsy/M	
  
and	
  M	
  are	
  correctly	
  
specified)	
  

•  Fairly	
  precise	
  
– 80%	
  of	
  simula&on	
  
replicates	
  within	
  15%	
  
of	
  true	
  value	
   •  Rela&ve	
  error	
  (black	
  line,	
  with	
  80%	
  

simula&on	
  interval	
  as	
  grey	
  area)	
  


​𝑅𝐸↓𝑡 =( ​​𝑂𝐹𝐿 ↓𝑡 − ​𝑂𝐹𝐿↓𝑡 )/ ​𝑂𝐹𝐿↓𝑡 	
  



Conclusions	
  
1.  Possible	
  to	
  include	
  movement	
  in	
  spa&otemporal	
  

models	
  
– Euler	
  approxima&on	
  to	
  advec&ve-­‐diffusive	
  movement	
  
– Can	
  be	
  used	
  to	
  test	
  sensi&vity	
  to	
  likely	
  movement	
  rates	
  

2.  Useful	
  as	
  “opera&ng	
  model”	
  for	
  tes&ng	
  models	
  
–  Spa&ally	
  explicit	
  simula&on	
  models	
  are	
  computa&onally	
  

efficient	
  
–  Could	
  be	
  used	
  during	
  Management	
  Strategy	
  Evalua&on	
  

•  E.g.,	
  Pacific	
  hake	
  in	
  the	
  California	
  Current	
  

	
  



Conclusions	
  
3.  Likely	
  not	
  possible	
  to	
  es&mate	
  movement	
  from	
  

real-­‐world	
  survey	
  data	
  
–  Easier	
  using	
  tag-­‐resigh&ng	
  data	
  

•  Generally	
  not	
  available	
  for	
  data-­‐moderate	
  species	
  in	
  the	
  U.S.	
  

–  S&ll	
  theore&cally	
  possible	
  but	
  probably	
  requires	
  
•  Survey	
  with	
  low	
  “residual”	
  (nonspa&al)	
  varia&on	
  
•  Fast	
  species	
  dynamics	
  
•  Long	
  &me	
  series	
  



Conclusions	
  
4.  Difficult	
  to	
  define	
  “complex”	
  or	
  “simple”	
  models!	
  

–  Different	
  meanings	
  of	
  complexity…	
  
•  Conceptual	
  
•  For	
  communica&on	
  
•  Ecological	
  
•  Computa&onal	
  
•  Sta&s&cal	
  

–  Data	
  poor	
  ≠	
  simple	
  model	
  
•  Data-­‐poor	
  methods	
  make	
  many	
  assump&ons	
  
•  If	
  you’re	
  using	
  many	
  assump&ons,	
  you	
  should	
  be	
  smart	
  about	
  

it!	
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