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Example Problem - Situation
Medium sized 24-hour Emergency Department 
with 95 visits per day, on average.  
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Example Problem - Situation
Medium sized 24-hour Emergency Department 
with 95 visits per day, on average.  
Physicians can treat 2.5 patients per hour, on 
average.  So, 38 (computed as 95/2.5) physician-
hours required per day.
Therefore, staffing 2 physicians on duty 24-hours 
per day should provide sufficient capacity cushion 
(estimated utilization of 79%, computed as 38/48).
Furthermore, approximately 40 minute wait 
according to M/M2 estimate.





Example Problem - Situation
Average Arrivals per Hour
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Example Problem
Makes sense, but how will it really perform?  

Simulate for one year with assumed Poisson 
arrivals and Exponentially distributed service 
times.



Example Problem – Performance 

(average waiting time 
by hour of arrival)

Average patient wait is 74 minutes
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Example Problem - Challenges
The average patient waiting is very bad and we 
know it can be improved by “better aligning”
capacity with the demand.  

Two challenges:
What should the profile of capacity be? 
What should be the shift schedule that supports it?



Example Problem - Resolution
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Example Problem – Performance 

(average waiting time 
by hour of arrival)

Average patient wait is 43 minutes



Typical Queue Behavior 

Waiting
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The Problem 
Minimize  Σ λi [ wi( λ, µ, p) ]
Subject to,
A x = p
c x < H
xj > 0, integer for j=1,…J 
pi > 0, integer for i=1,…,24

Where λ and µ are vectors of arrival and service rates by hour 
and aij = 1 if candidate shift j covers hour i, and 0 otherwise. 

J is the cardinality of the set of candidate shifts and H is the
maximum number of server hours. 

wi( λ, µ, p) = the average waiting time for arrivals during period i.

i



Problem - Challenges
The average patient waiting is very bad and we 
know it can be improved by “better aligning”
capacity with the demand.  

Two challenges:
What should the profile of capacity be? 
What should be the shift schedule that supports it?

Goal is to reduce average patient waiting with no 
additional provider hours…



Problem - Challenges
The average patient waiting is very bad and we 
know it can be improved by “better aligning”
capacity with the demand.  

Two challenges:
What should the profile of capacity be? 
What should be the shift schedule that supports it?

Goal is to reduce average patient waiting with no 
additional provider hours… with ease.
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The Approach

Simulation to help 
determine staffing 
profile for 24-hours

Minimize  Σ λi [ wi( λ, µ, p’) ]
Subject to,

A x = p
c x < H
xj > 0, integer for j=1,…J 
pi > 0, integer for i=1,…,24

Σ p’i < H
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Descriptive Model - Advantages

Relative to utilization-based methods, it accounts 
for non-linear behavior related to pooling.
Relative to steady-state estimates (classic SIPP 
and Lag SIPP), it allows periods where average 
demand can exceed capacity.
Relative to time-varying arrivals approximations, it 
can easily accommodate general service 
functions and multiple types of servers.
It is descriptive and allows a user to explore 
alternative staffing profiles.
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Minimize  Σ λi [ wi( λ, µ, p) ]   Σ pi

Subject to,
A x = p
c x < H
xj > 0, integer for j=1,…J 
pi > 0, integer for i=1,…,24
p > p’

Optimization to 
determine set 

of shifts



Prescriptive Model - Advantages

Linear integer program with a good structure.

Extremely large problems can use column 
generation approaches.  

It’s a discrete optimization problem that most 
people can relate to.



The Approach

Simulation to help 
determine staffing 
profile for 24-hours
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Implementation

Simulation to help 
determine staffing 
profile for 24-hours

Can also accommodate 
scheduled arrivals, other 
distributions, and two 
types of servers.



Implementation

Simulation to help 
determine staffing 
profile for 24-hours

Excel utilizes the (free) 
Extend Simulation object.
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Simulation to help 
determine staffing 
profile for 24-hours
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Simulation to help 
determine staffing 
profile for 24-hours
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Optimization to 
determine set 

of shifts

Uses Excel’s Solver (or 
Premium Solver).  Can 
easily incorporate 
additional constraints.
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Simulation to help 
determine staffing 
profile for 24-hours
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Simulation to help 
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Results & Observations
Example model uses

Los Angeles ER with 70 provider hours per day.  
Able to identify change of 1 shift to decrease 
estimated waiting time for provider by 26%. 

Children’s hospital ER in Montreal with 74 provider 
hours per day.  Change several shifts able to 
decrease estimated waiting time for provider by 27% 

Virginia ER with 118 provider hours per day. 
Strategically adds 6 hours and revises shift schedule 
to reduce estimated waiting time for provider by 30%.



Results & Observations

The simulation helps bust the myth that 
patient waiting is a zero-sum game.
Users seem to enjoy using the models. 
The models can help a decision-maker 
understand the tradeoffs between server 
schedules and patient waiting.
Gains have been larger than originally 
expected. 


