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OBJECTIVE 
This paper describes an approach to improving the 
detection timeliness of real-time health surveillance 
systems by modeling and correcting for delays in 
data availability. 

BACKGROUND 
The performance of even the most advanced syn-
dromic surveillance systems can be undermined if the 
monitored data is delayed before it arrives into the 
system.  In such cases, an outbreak may be detected 
only after it is too late for appropriate public health 
response. 

Surveillance systems can experience delays in data 
availability for a number of reasons: The process of 
transmitting data from data sources to the surveil-
lance system can involve delays, especially in large 
systems where data is first aggregated across a na-
tional network of data sources before being transmit-
ted to the surveillance system. Delays can also arise 
in the course of care, where, for example, a diagnosis 
is not available for a few days after the healthcare 
encounter.  

It is important to minimize delays in data availability 
in order to maintain timeliness of detection [1].  
When this is not possible, it is desirable to compen-
sate for these data delays to minimize their effects.  

METHODS 
We propose a method of increasing detection timeli-
ness of surveillance systems by modeling historical 
data availability patterns and then using these models 
to extrapolate final data counts based on early in-
complete data reports. 

We model the historical data availability patterns 
from various DOD healthcare facilities to the CDC 
Biosense surveillance system beginning in January, 
2005. These models predict the percentage of total 
visits from a given date that will be available to the 
system on each of the seven days following that date. 
The model incorporates day-of-week effects and out-
puts both expected value and variance.  

The stability of data availability patterns over time 
varies greatly across healthcare facilities. We evalu-
ate an approach for accounting for this variability by 
adjusting the extrapolated counts by the variance of 
the data availability model. 

Using a Poisson regression model with a 7-day expo-
nential filter [2] and semi-synthetic outbreaks with a 
lognormal temporal distribution [3], we compare the 
outbreak detection performance of three approaches: 
1. Monitoring the raw data; 2. Monitoring the ex-
trapolated counts; 3. Monitoring the extrapolated 
counts adjusted by the variance of the availability 
models. For all three approaches, we set a benchmark 
specificity of 95%. 

RESULTS 
We find that using the raw counts (Approach 1) 
yields good detection sensitivity but poor timeliness, 
due to the delays in data availability. Using the ex-
trapolated counts (Approach 2) improves the timeli-
ness dramatically, but the detection sensitivity is re-
duced due to the variance of the extrapolation mod-
els. Using the adjusted extrapolated counts (Ap-
proach 3) yields a significant though slightly smaller 
improvement in timeliness than Approach 2, but is 
accompanied by a far smaller drop in sensitivity. 

CONCLUSIONS 
Of the models tested, the best tradeoff between time-
liness and sensitivity was achieved by Approach 3 – 
monitoring the extrapolated counts adjusted by the 
variance of the data availability. These results sug-
gest that surveillance systems experiencing delays in 
data availability may benefit from this approach to 
improving their detection timeliness. 

Since monitoring the raw counts (Approach 1) will 
likely yield greater detection sensitivity, we recom-
mend a hybrid system that combines Approaches 1 
and 3, as follows: Approach 3 is used to detect out-
breaks early, and Approach 1 is used as a backup to 
identify any outbreaks missed by Approach 1. By 
integrating the outputs of these two approaches in 
this fashion, a system can reap the benefits of both 
without the issue of duplicate alarms. 
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