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Definition of Ambulance Diversion 

“The decision to redirect incoming ambulance traffic 
when an Emergency Department has reached 
saturation, is anticipated to remain saturated, and 
there is capacity at surrounding facilities.”  



Objectives of Research 

¨  Understand Ambulance Diversion as it exists in the 
United States 

¨  Develop a mathematical tool for hospitals/EMS 
systems to be able to predict when diversion can 
occur  



Background 

  
     ED visits rose from 90m in 92 to 107.5 m in 01, 20%  

Number of EDs decreased about 15%. 
  

 

Source: GAO report 

  
          GAO Survey of Hospitals 2002 

      2/3 of all hospitals on Diversion 
      1/10 more than 20% of time 

  
 

  
      

 Henry Waxman Report  
 Diversion lasts hours or days! 
 



Summary of a Growing Crisis 

¨  ED – Most Critical Access Point to Healthcare 
¨  62% of all EDs and 75% Urban EDs over capacity 
¨  ED Volume rising – capacity likely to worsen 



Threats to Patient Care 

¨  Patients transported to other than closest ED 
¨  Inconvenience/breaks in the continuity of care 
¨  EMS Patients refusing transport 
¨  Ambulances held up 
¨  Delays in obtaining definitive care 



Current Strategies 

¨  Increases in day surgery 
¨  Transfer protocols with other hospitals  
¨  Early discharge planning, to lounge etc  
¨  Adding physician, nursing, support staff to ED 
¨  Enhancing testing services 
¨  Admitting directly to inpatient units 



Literature Survey 

¨  Literature studied over the last 30 years 
¨  ACEP, JEMS, EMS Insider etc 
¨  Literature does not address the issue of the 

importance of developing a predictor for diversion 



Advantages of a Predictor 

¨  Hospitals will be better prepared  
¨  Hospitals can obtain more personnel that period 
¨  Hospitals can free up more beds in ED  
¨  Region can be better equipped to plan transports 
¨  Transportation time can be reduced 



Objective of Research 

¨  Determine the probability of a hospital/hospitals 
going on diversion by developing a mathematical 
model 

¨  Developing and evaluating various causal models, 
using methods such as Logistic Regression, Markov 
property etc  

Methodology 



Kansas City Profile 

¨  36 hospitals in the region, 26 in Missouri  
¨  MAST - Ambulance service authority for Kansas 

City, MO  
¨  MAST  

¤ operates a fleet of 64 ambulances  
¤ Services a population of over 586,000  
¤ Among the top ten ambulance services in the US.  



911 Call Data  

¨  166,000 911 calls during 1 1/2 year period  (303/day) 
¨   87,000 (52%) ended in a transport (159 per day) 
¨  1350(0.6) scheduled non-emergencies (2.5 per day) 



Diversion data 

¨  “EMSystem” website 
¨  25 out of 29 hospitals on diversion at some point  
¨  Total of 32,000 diversion hours 



Data Analysis 

¨  Unique form of data 
¨  Developed a program using “R” 

¤  Breakdown of 911 calls into any interval of time 
¤  Breakdown of diversion into any time interval  
¤  Initially looked at duration of diversion at yt based on 

calls  

¨  Variety of preliminary stat analysis 
¤  Indicated Logistic Regression Analysis would be appropriate 



Case for Logistic Regression 

¨  More likelihood of 911 calls being related to 
occurrence rather than duration of diversion 

¨  An appropriate model–Logistic Regression 
¤ whether a hospital goes on diversion or not.  



Evidence for Logistic Regression 

Plot of proportion of time  
hospital went on diversion 
in period t based on calls in  
period t-1 

¨  Clear Increasing pattern that Logistic regression can effectively model 
¨  Some hospitals did not have this pattern 
¨  Those were hospitals with very few instances of diversion 



Further Modeling 

¨  Logistic Regression proved to be an effective tool to 
model probability for diversion based on 911 calls 

¨  Specially suited for hospitals with more diversion (for 
whom we NEED a model) 

¨  Further modified model to consider correlation 
between 911 calls and locations of hospitals 

  (state of one hospital effects state of another) 
          
¨        Therefore multinomial model!! 



¨  The model we just looked at works only for one 
hospital. We need to know the joint probability for 
a collection of hospitals. How does one affect 
another? 

¨  gl,t = indicator for an occurrence of diversion at 
hospital l, in period t 

¨  Response Vector coded by:  



¨  Example: If two hospitals are on diversion, then 
 
There are four combinations 
Hospital           A   B 
bt = 0       0   0 
bt = 1   1   0 
bt = 2   0   1 
bt = 3   1   1 



Modeling the joint probability to a 
Multinomial model…. 

¨  xts = vector of all explanatory variables e.g duration 
¨   b’s are a way of coding g’s 
¨  xt = number of calls 
¨  K = index for the code that says what combination of 

hospitals we are looking at. 



¨  Implicitly requires implementation of the Markov 
property 
  

Considered: 
¨  Variations to g’s 
¨  Variations to x’s 
¨  Seasonal Effects daily, weekly, yearly 
¨  Other confounding factors (locations) 
¨  Best lag d for x’s in terms of model fit  



Summary of Results 
(Top five hospitals) 

                      

¨  Calls up to 3 hours were significant 
¨  Most other factors like flu, day of week, quarter of 

day and bt were significant 



Significance of 911 Calls 



Significance of Other Factors 



Marginal 
Classification 
Tables 
911 Calls 30-60 min 



Conditional Tables 

¨  Based on the Statistic 

¨  where p0 and p1 are the sample proportions and n0 and n1  
are the sample sizes for each current state which is 
asymptotically standard normal  
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Conditional Probabilities 



Conditional Connections 

¨  Conditional Connections between diversion at one hospital at time 
t and diversion at other hospitals at time t + 1  

 



Major Contributions 

¨  Established a relationship between 911 calls (and 
other factors) and diversion 

¨  Developed a methodology for predicting 
diversions in hospitals using causal factors 

¨  First attempt to apply statistical analysis via 
logistic regression to predict and therefore avert 
diversion decision   



What could Hospitals/EMS do? 
  

¨  Benefits for EMS with this model 
¨  Benefits for hospitals with the model 
¨  Financial Benefits to both 

¨  The model helps EMS/hospitals to better manage 
the health of the community! 



¨ Current Focus 



Publishing and Research 
Presentations 
¨  Papers for International Journal of Information 

Sytems in the Service Sector 
¨  Conference Presentations – INFORMS, SHS, 

Canadian Operations Research Society 
¨  Presentation at Univ of Calabria, Italy 
¨  Poster presentations 



Collaboration and Additional Streams 

¨  University of Calabria, Italy 
¤ Prof Guiseppe Paletta – Dynamic Scheduling of 

Ambulances 

¨  University of Louisville, KY 
¤ Prof Ryan Gill, Prof Suraj Alexander 

¨  University of Wisconsin Parkside 
¤ Graduate Students 911 calls to predict the Flu – 

Acceptance and Presentation at CORS 



Future Research 

¨  Test the model at other locations - Seattle 
¨  Scale the model for larger areas 
¨  Look at origin and types of 911 calls to analyze 

causes and origin areas 
¨   Optimization of EMS Resources 
¨  Department of Homeland Security 
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Questions! 

¨  Recorded and sent from India 
¨  Please ask Todd, OR 
¨  Email me at abeykuruvilla@gmail.com 

Thank You! 


