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OBJECTIVE 
We introduce a new measure for evaluating alerting 
algorithms, which is a generalization of the standard 
AMOC curve [1]. For a given rate of false positive 
alerts, the new measure estimates the time between 
when an alert is raised and when clinicians are ex-
pected to detect the outbreak on their own. We call 
this measure the Expected Warning Time (EWT). 
BACKGROUND 
The Activity Monitoring Operating Characteristic 
(AMOC) curve is a useful and popular method for 
assessing the performance of algorithms that detect 
outbreaks of disease [1]. As it is typically applied in 
biosurveillance, the AMOC curve plots the expected 
time to detection (since the outbreak began) as a 
function of the false alert rate. An ideal algorithm has 
zero false alerts and a detection time of zero. An al-
ternative, conceptually equivalent version of the 
AMOC curve plots (T – detection_time) as a function 
of the false alert rate, where T is a maximum mean-
ingful detection time. We focus on this version. 
METHODS 
We now introduce a simple model of clinician out-
break detection. Although simple, we believe this 
model can serve as a useful first-order approximation 
for estimating the expected time that clinicians (or 
more generally, diagnosticians of any kind) will take 
to detect a particular type of outbreak of some disease 
D (e.g., an outbreak due to outdoor, airborne release 
of anthrax spores). 
The model assumes that people with D are diagnosed 
independently of each other. Let p denote the prob-
ability that a person with D is diagnosed as having D 
upon presentation with that disease. Let time(i) be a 
function that maps patient case i to the time at which 
that patient presented with D to clinicians. Assume 
that patient cases with D are consecutively numbered 
from 1 to M, where case 1 denotes the first patient 
and M denotes the last patient to present to clinicians 
with D during the current outbreak. For a given alert-
ing threshold u, there will be a false alerting rate and 
a time t at which the alerting score first exceeds u 
during an outbreak (e.g., using a test set of simulated 
cases). Many such thresholds are considered. 
Under the above assumptions, the following equation 
expresses the expected warning time (EWT): 
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The first term is the warning time if clinicians never 
detect the outbreak on their own, multiplied by the 
probability of that occurring. The second term (the 
sum) considers that clinicians first diagnose the out-
break on the ith case; each possible value of i is con-
sidered. 
For various values of p, we derived the EWT for the 
PANDA detection algorithm when it was applied to 
simulated cases of inhalational anthrax [2]. 
RESULTS 
When p = 0 (not shown) the EWT curve is an AMOC 
curve. The figure below shows the results of applying 
PANDA to the simulated dataset when p > 0. As cli-
nician detection proficiency (p) increases, EWT de-
creases, as expected. If p > 0.05 and the false alert 
rate < 1 per month, then EWT is less than 34 min-
utes. Thus, according to this analysis, PANDA would 
be most helpful when clinicians have less than a 5% 
chance of diagnosing a case of inhalational anthrax 
on their own. 
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CONCLUSIONS 
We introduced a generalization of the standard 
AMOC curve that models the possibility that clini-
cians will detect outbreaks on their own. These EWT 
curves provide a promising new approach for analyz-
ing outbreak detection algorithms.  
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