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Detailed Methods
The spatial scan statistic
As described in Kulldorff [1], the log likelihood for each circular window is calculated as (for the Poisson distribution used in this study):



Where:  
N = number of bystander CPR events in the whole area
n = number of bystander CPR events in the window
C = expected number of bystander CPR events in the window
Case I refers to the condition when the window has more events than expected

In order to ensure that we are not simply finding areas with a greater number of out of hospital cardiac arrests (OHCA), the expected number of events is calculated using the distribution of cardiac arrests from which the BCPR events are drawn.  Thus, more bystander CPR events are expected to occur in areas with more OHCAs.

For the adjusted analysis, C is the adjusted number of expected events given the spatial distribution of covariates.  We obtain this adjusted number from the HLM models described in the paper, and elaborated on below.  Once all LLRs are calculated for every overlapping window, they are ranked from highest to lowest and the cluster with the largest LLR is the “primary” cluster.  “Secondary” clusters that do not geographically overlap the primary cluster (or only overlap a small portion) can also be identified in the ranking system.

A p-value is derived using a Monte Carlo simulation technique.  Essentially, the scan statistic is run again (in this study 9999 times) but each time the N number of bystander CPR events are randomly assigned to block groups in the study area, with all possible (re)assignments equally likely.  For each permutation, the largest LLR is noted.  All simulated LLR are then ranked and the “true” LLR from our original dataset is compared to this distribution.  With 9999 simulations, we can reject the null hypothesis that bystander CPR events are spatially random at the 5% level, if the “true” LLR value is greater than 950 of the simulated values.

Adjusting the spatial scan statistic
[bookmark: _GoBack]In this study we used two methodologies to examine the clustering of bystander CPR in Austin and Houston. The scan statistic, described above, allows us to determine the location and extent (e.g., geographic area covered) of spatial clusters of bystander CPR when we lack a prior knowledge about the size of the area covered by the cluster.  If we use this method in conjunction with regression models, we can “adjust” the cluster for known confounders and covariates with impact the probability of bystander CPR occurring during an out of hospital cardiac arrest (OHCA).  But why would we want to adjust a cluster using covariates?  

When we use the scan statistic to locate a spatial cluster, it adjusts for the underlying distribution (or density) of OHCA so that we are not simply picking up areas with a greater number of OHCAs.  However, there are known covariates that are also related to the probability of receiving bystander CPR.  In the HLM models reported in the main paper, we find that older individuals are less likely to receive bystander CPR, as are Blacks and Latino/Hispanics.  Arrests that occur in a public place and that are witnessed are more likely to result in bystander CPR.  If the spatial distribution of these covariates is also uneven in the study area, the clusters we detect could be due to a larger number of elderly, Blacks/Hispanics/Latinos in the area.  Or, that more witnesses are around in a public location.  When we adjust for these confounders, we observe whether the cluster remains, changes location or disappears. 

The iterative process we use in this study – moving from an unadjusted, to an individually-adjusted, to a neighborhood-adjusted model – allows us to understand what is causing the clustering of bystander CPR events.  Is it simply that there are more White individuals or elderly in a specific area?  If so, the geographic cluster(s) should disappear when we control for individual-level covariates.  If there are still geographic clusters after adjusting for the individual-level covariates, then some other risk factor that we are not controlling for is likely causing the cluster.  This could lead us to understand other spatially related risk factors that we hadn’t previously known about.  If the geographic cluster(s) disappear when we control for neighborhood-level covariates, then we know that a low median household income, or high minority neighborhood is also an important risk factor for bystander CPR that explains why rates are higher/lower in that area.

Deriving adjusted expected counts bystander CPR using HLM models
The statistician who developed the spatial scan statistic fully intended for the cluster detection method to be used in conjunction with regression models (see, for example,[2]) and has done so in his own published work [3].  In this study we use logistic regression models to adjust for individual-level covariates and hierarchical logistic regression models (HLMs) to adjust for individual-level and neighborhood-level covariates.  The models themselves are discussed in the main paper.

Using bystander CPR as the outcome variable (0 vs. 1), we determined the best fit regression model using individual-level covariates only (age, sex, race, witnessed, public vs. private).  Next, we developed another set of models which incorporated neighborhood-level covariates (percent white, median household income) and used a hierarchical structure to account for individuals nested within block groups.  For each model, we calculated the predicted probability of bystander CPR for each individual by taking the inverse logit transform of the expected linear predictor.  We then aggregated (summed) these individual probabilities to the block group-level.  This provided the expected block group-specific counts of bystander CPR events.  The observed number of bystander CPR event were also aggregated to the block group-level.  We imported the expected and observed counts of BCPR into the SaTScan software.  

In SaTScan, we ran the spatial cluster analysis 4 times – once using the raw/unadjusted data, once using the observed/expected counts obtained from the model incorporating individual covariates and twice using the observed/expected counts obtained from the two HLM models incorporating neighborhood variables.  The set of overlapping circles used to scan for clusters remains the same across each run of the spatial cluster analysis.  This means that if a primary cluster identified during the unadjusted analysis “disappears” during the adjusted analysis, it no longer has the highest log likelihood ratio after adjusting for covariates.  It has been replaced by a “new” primary cluster with a higher likelihood ratio.


Additional Results

Table S1 and S2 show descriptive characteristics for the individuals and areas contained within each cluster vs. outside of each cluster.  The individual covariates were obtained by calculating the mean or percentage for population whose arrest occurred inside of the area covered by the cluster compared to the population whose arrest occurred outside the area covered by the cluster.  The neighborhood covariates were obtained by calculating the mean/percentage for the census block groups contained in the cluster vs. outside of the cluster.

Figure S1 shows the distribution of select neighborhood characteristics by census block group: (A) Houston percent white population, (B) Houston median household income, (C) Austin-Travis County percent white population, and (D) Austin-Travis County median household income.  Red lines indicate major roads/highways, blue lines indicate major rivers, black lines indicate city and/or county boundaries, grey areas are parks and building icons represent major universities.  Maps like this can provide context to statistical analyses and assist in the interpretation of results.
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Table S1: Descriptive characteristic of clusters identified during the analysis, Houston, Texas
	
	Individual Covariates
	Neighborhood Covariates

	
	Average Age
	% Male
	% White
	% Black
	% Hispanic
	Median HH Income
	% White

	
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out

	Map A: Unadjusted Analysis

	Primary Cluster
	61.3
	60.5
	59.5
	62.3
	17.2
	40.3
	59.7
	39.9
	22.1
	15.2
	27874
	42430
	35.7
	47.2

	Secondary Cluster
	63.5
	60.5
	60.0
	61.2
	24.0
	32.7
	56.5
	45.7
	18.5
	17.6
	28088
	37638
	37.3
	41.6

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map B: Adjusted Analysis*

	Primary Cluster
	63.9
	60.4
	57.7
	61.4
	16.1
	33.5
	63.5
	45.0
	19.7
	17.5
	22806
	37970
	30.6
	41.8

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map C: Adjusted Analysis**

	Primary Cluster
	63.6
	60.4
	61.9
	61.2
	21.6
	33.2
	56.0
	45.4
	21.6
	17.4
	23176
	37928
	35.5
	41.5

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map D: Adjusted Analysis***

	Primary Cluster
	63.9
	60.4
	57.7
	61.4
	16.1
	33.5
	63.5
	45.0
	19.7
	17.5
	22806
	37970
	30.6
	41.8


Notes: The “in” column provides summary statistics for all census block groups that were identified within the cluster; the “out” column provides summary statistics for all census block groups not identified within the cluster.  


Table S2: Descriptive characteristic of clusters identified during the analysis, Austin-Travis County, Texas.
	
	Individual Covariates
	Neighborhood Covariates

	
	Average Age
	% Male
	% White
	% Black
	% Hispanic
	Median HH Income
	% White

	
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out
	In
	Out

	Map A: Unadjusted Analysis

	Primary Cluster
	60.9
	61.8
	70.0
	65.7
	31.6
	21.0
	2.5
	7.3
	5.8
	16.3
	85520
	47438
	90.4
	62.9

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map B: Adjusted Analysis*

	Primary Cluster
	60.9
	61.8
	70.0
	65.7
	31.6
	21.0
	2.5
	7.3
	5.8
	16.3
	85520
	47438
	90.4
	62.9

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map C: Adjusted Analysis**

	Primary Cluster
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Map D: Adjusted Analysis***

	Primary Cluster
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-
	-


Notes: The “in” column provides summary statistics for all census block groups that were identified within the cluster; the “out” column provides summary statistics for all census block groups not identified within the cluster.  For Map C and D, there were not enough data points in the cluster (only one census block) to calculate characteristics.


Figure S1: Distribution of select neighborhood characteristics by census block group.
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