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Mass Casualty Event

An unusual event in which the number of casualties exceeds
the capacity for taking care of them.
The main challenges of MCEs are organizational and logistic

problems, rather than trauma care problems [1].

Classification:

1. Scale

2. Cause: Human-Made events\ Natural disasters.

3. Type: Conventional \ Unconventional.

4. Arrival rate of casualties: sudden or sustained impact [2].
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Objectives:

1. Develop a mathematical (fluid) model for a hospital's
Emergency Department (ED) during MCEs.

2. Determine the optimal policy for resource allocations.




Activity Chart of Hospital’s ED

in conventional MCE
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Choosing a Model - Fluid Model

Stochastic

Discrete
Arrivals

In large
overloaded
systems

Deterministic

Continuous
\Yi[eYe [=)

Where customers are modeled by Fluid Continuous Flow

1



Choosing a Fluid Model
First Fluid Model

Q,(t) — Total number of casualties in stationiat time t, i=1,2,3.
N.(t) — Number of Surgeons in station i at time t, i=1,2.
W, — Treatment Rate in stationi, 1=1,2,3. (2)

Operation
Rooms

(1)

Shock Rooms

(3)

First station: 1-P1, -Py3 CT Scanners
Q(0) =20 ~1,[Q, () A N, (0]
Entrance Exit

[A A B] =min(A, B) 12



Choosing a Fluid Model
First Fluid Model (2)

Operation
Rooms

A(t) (1)

Shock Rooms

(3)

CT Scanners

Three stations:

Q. (1) = (1) — 1, [Q, (£) A N, (D]

Q. (8) = Poobty[Q (1) A Ny (O] + Poobta[ Q4 (6) A N (D]~ 1,[Q, (1) A N, (1)]
Qs (1) = Poat[Q, (1) A N, (0]~ 1 [ Q4 (8) A N, (1]

Queue Length: L (t) =[Q,(t) - N, (1)]'
[A]" =max(A,0)
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Choosing a Fluid Model

First Scenario — Quadratic Arrival Rate
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Choosing a Fluid Model

Total Number of Casualties
First Fluid Model vs. Simulation (quadratic arrival rate)
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Choosing a Fluid Model
Second Fluid Model (long service time, Hall, 1991 [25])

Ai(t) — Cumulative arrivals to station i until time t, i=1,2,3.

Ds.(t) — Cumulative Departures from Station i until time t, i=1,2,3.

Dq,(t) — Cumulative Departures from Queue i until time t, i=1,2,3

Curnulative Mumber

Cumvulative Arrivels and Departures - Second Fluid Model
150 r r
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Choosing a Fluid Model

Second Fluid Model- Three stations:
(2)

Operation
Rooms

1
Ds, (t+—) =Dq,(t)
#1 Hy

Da (t) = min(A(t), Ds, (t) + N,)

&)

CT Scanners

Ds, (t + =) = Da, (t)

#2 H,
Dq, (t) = min(p,,Ds, (t) + p,;Ds,(t), Ds,(t) +N,)

A1)

1
DS3 (t + _) — Dq3(t)
#3 Hs
Da, (t) = min(p,;Ds, (1), Ds,(t) + N,)
\ J

v
As(t)
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Choosing a Fluid Model

Cumulative Arrival & Departures
Second Fluid Model vs. Simulation (quadratic arrival rate)
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Second Fluid Model vs. Simulation (quadratic arrival rate)

Choosing a Fluid Model

Total Number of Casualties
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Choosing a Fluid Model

Second Scenario

Arrival rate (per minute)
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Choosing a Fluid Model

Total Number of Casualties - First Fluid Model vs. Simulation
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Choosing a Fluid Model

Total Number of Casualties — Second Fluid Model vs. Simulation
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Choosing a Fluid Model

Cumulative Arrivals & Departures - Second Fluid Model
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Choosing a Fluid Model

Cumulative Arrivals & Departures - Second Fluid Model
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Choosing a Fluid Model

Cumulative Arrivals & Departures - Second Fluid Model
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Choosing a Fluid Model

Cumulative Arrivals & Departures - Second Fluid Model
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Choosing a Fluid Model

Second Fluid Model - Cumulative Arrivals & Departures
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Optimization Problem

The main goal of the hospital's emergency response

in MCEs is to reduce mortality of casualties [3]

We model mortalities as abandons, which can occur while

waiting or while receiving treatment.

0. — Mortality rate from stationi, i=1,2.

(2) . )
Operation

Rooms

28



Optimization Problem
Continuous time

NI>[{Ililn(t) I[G1Q1 () +6,Q, ()] dt

S.t.
Q. (1) = (1) — 1,(Q, (1) A N, (1)) - 0,Q, (t)
Q, (1) = Pooit (Q, (1) A N, (1) — 11, (Q, (1) A N, (1)) — 6,Q, (1)

N, () + N, (t) <N
N,(t) >0, N,(t)>0
Q. (1) =0, Q,(t)=0
Q,(0)=Q,(0)=0
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Optimization Problem
Discrete time

Min  S[0,Q,(t+1)+6,Q,(t +1)]

Np(t), Np(t) t=0
S.t.

Q1(t +l) — Q1(t) + K(t) o “1(Q1(t) A Nl(t)) o 91 'Ql(t)
Q,(t+1) =Q, (1) +Py,1, (Q, (1) ANy (1)) — 1, (Q,(t) AN, (1)) -6, -Q,(1)

N, (t)+ N, () <N
N,(t)>0, N,(t)>0 Replacing N. (t) A Q, (t) with N;(t) and

Q,(1) =0, Q,(t)=0 adding the constraints N, (t) < Q. (t)
Q:(0)=0, Q,(0)=0 will not affect the objective function
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Optimization Problem
Discrete time

Min  S6,Q,(t+1)+6,Q,(t+1)]

Ny (t), No(t)  t=0

S.L.
Ql(t +1) — Ql(t) + }‘*(t) o MlNl(t) o e1 ) Ql(t)
Qz (t +1) — Qz(t) + p12M1N1(t) - U, Nz(t) _92 'Qz(t)

N, (t) + N, (t) <N
N, (t) <Q,(t)

N, (t) < Q,(t)
N,(t)>0, N,(t)>0
Q:(1) 20, Q,(t) 20
Q,(0)=0, Q,(0)=0

31



Optimization Problem

Linear Programming Problem
N|>t{|liln(t) tz__l{Nl(t)Hl[(l_el)T_t —1- plz[(l_ez)T_t _1]] + Nz(t)uz (]-_ez)T_t -1 }
S.i.
N, (1) = 0
no N, (@) + N, (2) < A(Q)
(1_91)M1N1(1) + “1N1(2) + N1(3) < (1_61)7\‘(1) + 7‘(2)

(1_91)T_3H1N1(1) + (1_61)T_4“1N1(2)+"' +N1(T_1) < (1_61)T_37\'(1) + (1_91)T_47\'(2) Feoet }\'(T_l)
N, () =0
H,N, (@) -pyop, Ny (1)+ N, (2) <0

(1_92)H2N2(1) '(1_92)p12H1N1(1)+ H2N2(2) - p12H1N1(2)+ N2(3) <0

(1_92)T_3H2N2(1) + (1_92)T_3p12H1N1(1)+(1_92)T_4M2N2(2) - (1_92)T_4p12M1N1(2)+"'
"'+H2N2(T_2) - p12H1N1(T_2) +N2(T'1) <0

N, (t)+ N, () <N
N (8), N,(t) >0 .



Optimization Problem

First Example — priority is given to Station 1

20

Mumber of Casualties / Surgeons

surgeons Allocation - Optimal solution

B0

0.5

Arrival Rate

w,=1/30, u,=1/100, 6,=1/180, 6,=1/300, p12 = 0.25, N=10
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Optimization Problem
Second Example — priority is given to Station 2

ourgeons Allocation - Optimal solution

o0 e

4[]

20

Murnber of Casualties / Surgeons

1 1 [ 1 1
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-..

1 1 1 1

| 'L i
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0
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Arrival Rate

w,=1/30, u,=1/100, 6,=1/180, 6,=1/180, p12 = 0.9, N=10
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P -y

\

Optimization Problem
Second Example — priority is given to Station 2

' N1(t) = (Hz +92) ' Nz(t)

’ Y

Entrance Rate

Exit Rate from

to Station 2 Station 2

When the system is overloaded:

RlNl(t)‘l'RzNz(t):N — Nl(t):

Nl(t) —

60

Surgeons Allocation - Optimal solution
T T T T T

=
=

Mumber of Casualties / Surgeons
[}
=

0 | 1 l [ L | 0
a] 100 200 300 400 500 GO0 00 800 S00 1000

t [min]

0B

N-R,N, (1)

R

1

N(u, +6,)

Rl(Hz +92) +R, P,y

Nz(t) —

N-Py, -1y

Rl(uz + e2) + Rz P Yy
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Optimization Problem

Third Example — priority is switching

surgeons Allocation - Optimal salution

0.5

50 : — : : | |

4[]

0.4

a0

20

Murnber of Casualties f Surgeons

10 H

|:| -
0 100 200 300 400 500 BOO 700
t [min]

=
L

—
b

0.1

Arrival Rate

n,=1/30, p,=1/100, 6,=1/180, 6,=1/300, p12 = 0.8, N=10
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Greedy Optimization Problem

Objective: Determine surgeons allocation every minute,

in order to minimize the mortality in the next minute.

For every te[0, T-1] :

Min 6,Q,(t+1)+6,Q,(t+1)

Ny (1), N2 (1)

S.t.

Q. (t+1) =Q,(t) + A(t) — . (Q,(t) ANy (1)) =0, - Q,(t)

Q,(t+1) =Q, (1) + Py, - 1y (Qu (1) AN (1)) — 1, (Q, (1) AN, (1) -6, -Q,(1)

N, () + N, (t) <N
N, (), N,(t), Q,(t+1), Q,(t+1) >0
Q,(0)=0, Q,(0)=0

37



Greedy Optimization Problem
Max [0, —0,p,, Ju, N, (1) + 0,1, N,(t)

Ny (t), N2 (1)

S.L.
N,(t)+ N, (t) <N A two variables
Nl(t)SQl(t)’ Nz(t)SQz(t) LP problem

N, (1), N,(t)=0

According to the continuous Knapsack Problem:
If [6,—-6,p,In,> O,u, —> Priority is given to station 1
N (t) = min(Qy(t), N)
N, (t) = min(Qy(t), N-N,(t))
if [6,—=0.0,lu,< 6,1, > Priority is given to station 2
N, (t) = min(Qy (t), N-N,(t))
N,(t) = min(Q,(t), N)
if 0= 0Ppl = 01, 5 Ng Difference .



Greedy Optimization Problem

Max [0, —0,p,Ju, N, (t) + 6,1, N,(t)

Ny (t), N2 (1)
S.t.

RN, (t)+R,N,(t) <N

N, (1) < Q. (1), N, (1) <Q,(t)

N, (1), N,(t)=0

Generalization for

any R, and R,

According to the continuous Knapsack Problem:

If [0, —6,p,, I, S

0,1, - Priority is given to station 1

R

1

If [91 _ezplz]ul <

R

1

RZ

N, (t) = min(Qy(t), N)

Nz(t) = min(Qz(t); (N'R1N1(t))/R2)
e;“Z - Priority is given to station 2

2

Nl(t) = min(Ql(t), (N- R, Nz(t))/Rl)
N, (t) = min(Q,(t), N)

39



Greedy Optimization Problem

First Example — priority is given to Station 1

[91 _ezplz]l“l 17 e2“2

surgeons Allocation - Optimal solution

0.5

20 | — | | | ! |
' L ' ' ' ' ' —_— 1
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BOO 700 800
t [min]

800

I
1000

Arrival Rate

w,=1/30, u,=1/100, 0,=1/180, 6,=1/300, p12 = 0.25, N=10
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Greedy Optimization Problem

Second Example - priority is given to Station 2

[0, —6,P,]n,<0,u,

Surgeons Allacation - Optimal salution

t [min]

o I L e
o
=
o
ak]

240 H0.4
£
¢
E
=
2
o

2 0.2
=
=
=

0 | L = 0

o 00 200 300 400 S00  wOO YOO 800 300 1000

Arrival Rate

w,=1/30, u,=1/100, 6,=1/180, 6,=1/180, p12 = 0.9, N=10
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Greedy Optimization Problem
Third Example - priority is given to Station 1 (not switching)

[0, —0,p,, Ju > O,u,

surgeans Allocation - Optimal solution
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Optimal vs. Greedy Solution

. When 0,=0, Greedy solution is optimal. Proof

. Greedy solution can be predicted by the problem
parameters.

. If station 1 gets priority when 0,=0, then when 0,> 0,
station 1 will still get priority.

. If station 2 gets priority when 0,=0, then when 0,< 0,

station 2 will still get priority



Minimal Time Window for Resource Allocation

* Allocation can be changed every S minutes.
* N,(t), N,(t) remain constant for S minutes:
for example, if S= 30:
* N;(0) = N;(1)= Ny(2)=...= N,(29)
* N(0) = Ny(1)= N,(2)=...= N,(29)

* The constraint N, (t) <Q;(t) cannot be added.
* Auxiliary variables Z(t) replace the statement N, (t) AQ,(t)

and the following constraints are added for i=1,2:

Z,(H)<Q,(t)
Z,(t) <N, ()
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Min  S[6,Q,(t+1)+6,Q,(t+1)]

Ny (1), Np(t) =0
S.t.
Q(t+1) = Q, (1) + A(t) -, Z,(t) -6, - Qy (1)
Q,(t+1) =Q, (1) +py,1, Z,(t) — 1, Z,(t) =6, -Q,(1)

N, (8)+ N, (t) <N

Z,(t) < Q). Z( < N,

Z,(t) < Q0. Z,() < N,(t)

N, (i) =N, (i +1) =...=N, (i +S-1) i:1,S+1,28+1...EJS+1

N,(I)=N,(1+)=..=N,(i+S-1) 1=1S+12S +1...{%JS +1

N,()20, N,(1)20, Q,(1)20, Q,(t)>0
Q,(0)=0, Q,(0)=0

Minimal Time Window for Resource Allocation
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Minimal Time Window for Resource Allocation
First Example: Priority is given to Station 1

18

16

14

12

Murnber of Casualties / Surgeons

surgeons Allocation - Optimal =aolution

a00 S00 0 1000

w,=1/30, u,=1/100, 6,=1/180, 6,=1/300, p12 = 0.25, N=10, S=60
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Minimal Time Window for Resource Allocation
Second Example: Priority is given to Station 2

surgeons Allocation - Optimal solution

45

A0

35

30

25

20

15

Murnher of Casualties / Surgeons

10 f---

N V74 T N N N =
0 00 200 300 400 500 BO0 jo0 800 9S00 1000
t [min]

w,=1/30, u,=1/100, 6,=1/180, 6,=1/180, p12 = 0.9, N=10, S=60 58



Minimal Time Window for Resource Allocation

Third Example: Priority is switching

surgeans Allocation - Optimal solution
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1 1 1 1 1 1 1 1
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20

Murmber of Casualties / Surgeons

O
I 100 200 J00 400 500 BOO 700 800

u,=1/30, p,=1/100, 6,=1/180, 0,=1/300, p12 = 0.8, N=10, S=60
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Summary & Conclusions

» The suggested model predicts the number of casualties in

a hospital’s ED during an MCE.

» Our solution approach finds the dynamic allocation of

surgeons that minimizes mortality during an MCE.

» We formulated a greedy counterpart for the original
problem and found the conditions under which its solution

solves also the original problem.



Summary & Conclusions
» We defined a general approach to predict the structure of

the optimal solution of the original problem.

» The model is simple enough yet able to describe a broad
range of different MCE scenarios. As such, it can be used to

help in preparing for, and managing an MCE.

» The model can be expanded also to non-conventional
MCEs (biological, chemical, nuclear and radiation), each

requires different emergency plan and different resources.
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