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Agenda

Responding	  to	  an	  Inhala>onal	  Anthrax	  AIack
• The	  United	  States’	  emergency	  response	  plans
• A	  mul#-‐echelon	  inventory	  alloca#on	  model
• Public	  health	  policy	  implica#ons
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Inhala#onal	  Anthrax:	  A	  Significant	  Bioterrorist	  
Threat	  

• Anthrax	  spores	  are	  very	  small	  and	  difficult	  to	  detect	  in	  the	  
atmosphere.

• Inhala#onal	  anthrax	  is	  the	  disease	  contracted	  if	  a	  sufficient	  
number	  of	  spores	  is	  inhaled.

• When	  symptoms	  begin	  to	  appear,	  it	  is	  oYen	  too	  late	  to	  save	  
pa#ents.

• Symptoms	  may	  appear	  within	  48	  hours	  of	  inhala#on.

• If	  pa#ents	  begin	  a	  course	  of	  an#bio#cs	  before	  becoming	  
symptoma#c,	  survival	  is	  highly	  likely.
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The	  United	  States	  Strategic	  Na#onal	  Stockpile	  is	  
Part	  of	  a	  Mul#-‐Echelon	  Supply	  Chain

Receiving,	  Storing,	  and	  Staging	  
Warehouses	  (RSSs)

Points	  Of	  Dispensing	  (PODs)

Strategic	  Na<onal	  
Stockpile	  Warehouses
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Other	  Clinics
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Other	  Clinics
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The	  Distribu#on	  Network	  has	  a	  Tree	  Structure
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Imbalance	  Constraint
Inventory	  cannot	  be	  returned	  
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Inventory	  On	  Hand
Inventory	  cannot	  be	  shipped	  to	  
lower	  echelons	  unless	  it	  is	  
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The	  number	  of	  pa>ents	  served	  
at	  each	  POD	  n	  is	  snt.	  
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Convex,	  increasing	  
“backorder”	  costs	  are	  
charged	  at	  the	  PODs.

Linear	  holding	  costs	  are	  
charged	  at	  all	  loca>ons	  in	  
the	  network.

Holding	  and	  Backorder	  Costs	  are	  Incurred
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Dynamic	  Programming	  Formula#on
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• Let	  Ut	  be	  the	  feasible	  decision	  set	  in	  period	  t	  and	  Ct(yt,	  qt)	  be	  
the	  expected	  cost	  incurred	  for	  decisions	  made	  during	  period	  t.

Dynamic	  Programming	  Formula#on
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• This	  problem	  is	  intractable	  due	  to	  its	  large	  state	  space.	  
Instead,	  we	  construct	  two	  approximate	  solu#ons.

Dynamic	  Programming	  Formula#on
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Solu#on	  Method	  1:	  Truncated	  Cumula#ve	  
Approxima#on	  (TCA)

• Characteris#cs	  of	  inventory	  alloca#on	  in	  this	  seeng:
– Limited	  service	  capaci>es	  →	  Inventory	  shipments	  will	  be	  small;
– Decisions	  made	  in	  each	  period	  may	  not	  have	  long-‐term	  effects.

• Idea:	  In	  each	  #me	  period,	  solve	  a	  myopic	  version	  of	  the	  
problem	  to	  obtain	  a	  feasible	  solu#on.
– Es>mate	  the	  number	  of	  pa>ents	  served	  using	  a	  cumula>ve	  

approxima>on,	  and
– Truncate	  the	  >me	  horizon	  to	  “several”	  periods.

9
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Solu#on	  Method	  2:	  Lagrangian	  Relaxa#on	  and	  
Decomposi#on	  (LR)

Idea:	  Use	  Lagrangian	  relaxa#on	  to	  simplify	  the	  structure	  of	  the	  
problem,	  and	  then	  decompose	  by	  loca#on.

	   Step	  1:	  Relax	  the	  inventory	  imbalance	  and	  transporta#on	  constraints,	  and	  
add	  Lagrange	  mul#pliers.

	   Step	  2:	  Reduce	  the	  size	  of	  the	  state	  space	  by	  wri#ng	  the	  problems	  in	  terms	  
of	  inventory	  posi#on.

	   Step	  3:	  Relax	  one	  of	  the	  service	  constraints,	  and	  add	  Lagrange	  mul#pliers.

	   Step	  4:	  Decompose	  the	  problem	  by	  loca#on	  into	  M	  +	  N	  +	  1	  single	  variable	  
dynamic	  programs.
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• The	  relaxed	  problem	  is	  a	  lower	  bound	  on	  the	  original	  value	  
func#on:

Solu#on	  Method	  2:	  Lagrangian	  Relaxa#on	  and	  
Decomposi#on	  (LR)
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V	  t+1(·∙)	  has	  been	  replaced	  by	  Ṽt+1(·∙)
11
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Evalua#ng	  the	  Inventory	  Alloca#on	  Strategies

Compare	  inventory	  alloca#on	  methods	  currently	  in	  use	  by	  public	  
health	  authori#es:

	   Fair	  Share	  Alloca<on:	  Inventory	  is	  “pushed”	  out	  from	  the	  SNS	  
and	  RSSs	  in	  propor#on	  to	  the	  total	  demand	  expected	  at	  each	  
loca#on.

	   Independent	  Ordering	  Method	  (Order):	  Solve	  the	  myopic	  
inventory	  problem	  for	  each	  loca#on,	  and	  place	  “orders”	  
accordingly.
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Summary	  of	  Numerical	  Results

13

• Ran	  23	  simula#on	  experiments

• Reported	  cost,	  average	  delay	  per	  pa#ent,	  and	  average	  
inventory	  use	  per	  pa#ent

• Observed	  that:

– TCA	  and	  LR	  methods	  perform	  best

– Fair	  Share	  method	  is	  much	  worse	  (≥	  40%	  more	  inventory	  
used	  and	  ≥	  25%	  longer	  pa#ent	  delays)

– Independent	  Ordering	  performs	  well	  under	  specific	  
condi#ons

Tuesday, July 31, 12
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• Centralized	  command	  and	  control	  is	  essen#al

• More	  PODs	  →	  Longer	  pa#ent	  delays	  and	  more	  waste

• Dynamic	  staffing	  plans	  yield	  improved	  performance

• Independent	  Ordering	  is	  not	  robust

• Informa#on	  must	  be	  collected	  and	  shared	  to	  enable	  
responsive	  and	  effec#ve	  decision-‐making
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Step	  3:	  Relax	  one	  of	  the	  service	  constraints,	  and	  add	  Lagrange	  
mul#pliers.
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Lagrangian	  Relaxa#on	  and	  Decomposi#on	  (LR)

Step	  4:	  Decompose	  the	  problem	  by	  loca#on	  into	  M	  +	  N	  +	  1	  single	  
variable	  dynamic	  programs.
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Step	  4:	  Decompose	  the	  problem	  by	  loca#on	  into	  M	  +	  N	  +	  1	  single	  
variable	  dynamic	  programs.
• For	  the	  PODs:

• For	  the	  RSSs:

Tuesday, July 31, 12



20

Lagrangian	  Relaxa#on	  and	  Decomposi#on	  (LR)

Step	  4:	  Decompose	  the	  problem	  by	  loca#on	  into	  M	  +	  N	  +	  1	  single	  
variable	  dynamic	  programs.
• For	  the	  PODs:

• For	  the	  RSSs:

• For	  the	  SNS:
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Simula#on	  Models

27

Goals:	  Help	  public	  health	  planners	  to

1. Explore	  how	  capaci#es	  interact	  with	  and	  affect	  one	  
another;

2. Understand	  the	  impact	  of	  uncertainty	  on	  their	  emergency	  
response	  plans.

Models:

1. Dynamic	  POD	  Simulator	  (D-‐PODS)

2. Emergency	  Supply	  Chain	  Opera#ons	  Evaluator	  (ESCOE)
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ESCOE:	  The	  Emergency	  Supply	  Chain	  Opera#ons	  
Evaluator
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