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n=158 COVID-19 Dashboards by July 2020,
Ivanković et al. (2021)
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Space-time 
Cluster Detection 

Methods in 
COVID-19 studies

Space-time scan statistic

• US (Desjardins et al. 2020), Brazil (Gomes et 
al., 2020), Hong Kong (Kan et al., 2021), 
Bangladesh (Masrur et al., 2020), Spain 
(Rosillo et al., 2021), and so on. 

Local Indicators of Spatial Association 
(LISA)  & Getis-Ord Gi* statistic 
• Finland(Siljander et al. 2022) 
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Space-time cluster 
detection:
web-based solutions

Hohl et al. (2020)

Rosillo et al. (2021)

Kolak et al. (2021)
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Gaps

Limited use of space-time 
detection methods

Limited visualization Limited time 
representation
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Our solution:
an automatically, 

daily updated 
COVID-19 

surveillance system 
(US COVID-19 YuTu)

use the prospective space-time scan statistics 
and LISA

at the county level in the continental US

objectives of this system

• to implement automatic space-time clustering detection
• to generate novel visual features of space-time clustering
• a tight coupling system that incorporates daily data 

updated and components for the objective one and two 
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Data

• JHU CSSE COVID-19 Data
• January 22nd, 2020 ~ current
• at the county level
• 7-day moving average of daily new 

cases 
• 2019 Community Survey 5-year 

estimates 
• the 2020 TIGER/Line shapefiles for 

boundaries 
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Framework
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H0: the probability of being a 
case within a cylinder Z (a) is 

same to the probability of 
being a case outside this 

cylinder(b). 

Ha: the alternative hypothesis 
is that the probability of 

being a case within a cylinder 
Z is larger than the probability 

of being a case outside this 
cylinder (a > b).

Analysis module- Space-time scan statistics

Hypothesis
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Space-time scan statistics cont.

Formulas
• The expected number of cases (μ)

with 𝑝𝑝 the population in the cylinder, N the total number of 
cases within the cylinder 𝑍𝑍, and 𝑃𝑃 the total population 
within the study area. 

• The maximum likelihood ration to identify space-time 
clusters is defined as:

where 𝐿𝐿(𝑍𝑍) is the likelihood function for the cylinder 𝑍𝑍, and 
𝐿𝐿0 is the likelihood for the null hypothesis H0, 𝑛𝑛𝑍𝑍 is the 
number of cases in the cylinder 𝑍𝑍, 𝜇𝜇(𝑍𝑍) is the number of 
expected cases in cylinder 𝑍𝑍, and 𝜇𝜇(𝑇𝑇) is the total number 
of expected cases within all time periods in the study area.

The bivariate map
October 10th, 2022
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Analysis module- LISA

Local indicators of spatial association-
LISA
• For region i, the local indicators of spatial 

association 𝐼𝐼𝑖𝑖 defined as:

• where 𝑥𝑥𝑖𝑖 is the attribute of the variable of 
interest (here, the disease rate) in region i, �̅�𝑥
is the mean of 𝑥𝑥𝑖𝑖 (i=1…, n), 𝑤𝑤𝑖𝑖𝑖𝑖 is the spatial 
weight between regions i and j.  

The bivariate map
October 10th, 2022
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Analysis module- Analysis procedure

Space-time scan statistics 
• prospective space-time Poisson 

discrete scan statistics 
• the maximum spatial cluster size 

as 50% of the population at risk
• the maximum temporal cluster 

size as 50 days
• SaTScan
• true space-time clusters

LISA 
• cases per day
• incidence rate (7-day average 

cases divided by population) 
• Queen contiguity weights
• repeat every day
• pygeoda
• not-true space-time clusters
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Visualization 
module

The bivariate map

Combine with LISA

The spiral map

14at the state level



Visualization module cont.
The time chart

The 3D space-time cube
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Visualization module cont. 
-different scales
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Data processing module

• PostGIS
• Python
• Shell
• D3
• Observable
• Docker
• DigitalOcean
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US COVID-19 YuTu: A 
Daily Surveillance System

http://159.223.164.41/app/
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Case study- compare peaks
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Peak 1
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Peak 2
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Peak 3
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Peak 4
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Case study-
compare 
counties
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Case study-
look at one wave 
(the third wave)
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Discussion 
and 
conclusion

space-time cluster detection analysis and 
visualization

near real-time monitoring

multiple scales

novel visual features 

portable to other methods and regions
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Future works

need to be evaluated (working on)

setting parameters of analysis 
methods requires further 
collaboration with epidemiologists

use other information, like 
hospitalization rate
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Thank you!
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