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S1 Spatial Lagged Endogenous Regression

The spatial lagged endogenous regression model is a widely used spatial model to account

for spatial autocorrelation in the literature (Griffith 2000). More specifically, this model

assumes that the number of locations providing flu vaccine in one NTA is influenced by

places providing flu vaccine in the surrounding NTAs. The mathematical expression of the

spatial lagged model is given in Eq. 1. We implemented the spatial lagged endogenous model

using a Python package called PySAL (Rey and Anselin 2010).

yi = α + λ
∑
j

wijyi + βiXi + ϵi (1)

where:

• yi is the response variable of NTA i, either indicating the number of locations providing

flu vaccine in one NTA or the number of locations offering flu vaccine for children.

• wij is the spatial weight between NTA i and NTA j. This study defines the weight

using the Queens Contiguity (Lloyd 2010).

• λ is the estimated spatial coefficient.

• Xi denotes a vector of values of independent variables of NTA i. β is also a vector of

coefficients of independent variables.

• ϵ is the error term of regression.

S2 Geographically Weighted Regression (GWR)

The GWR model relaxes the assumption that the Ordinary Least Square (OLS) model holds,

which assumes the relationship between dependent and independent variables remains the
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same across the study area. The GWR calibrates the regression to each NTA. The GWR

model in this study can be expressed as in Eq. 2. We implemented the GWR module using

a Python package called mgwr (Oshan et al. 2019).

yi = β0(ui, vi) +

p∑
k=1

βk(ui, vi)xik + ϵia (2)

where:

• yi is the response variable of NTA i, either indicating the number of locations providing

flu vaccine in one NTA or the number of locations offering flu vaccine for children.

• β0(ui, vi) is the intercept for NTA i. (ui, vi) represents the centroid of NTA i.

• βk(ui, vi) is the regression coefficient for the kth exploratory variable at NTA i.

• xik is the kth exploratory variable of NTA i.

• ϵi is the error term linked to NTA i.

The bandwidth (the number of neighboring NTA units for local estimation) can signifi-

cantly influence the performance of the GWR model. We used Akaike Information Criterion

(AIC) to choose the optimal value of bandwidth (Akaike 1998), ranging from 10 to the total

number of NTAs.

S3 Multiscale Geographically Weighted

Regression (MGWR)

The GWR model limits its capability by assigning the same bandwidth for each independent

variable. MGWR is a GWR extension that relaxes this bandwidth assumption (Fothering-

ham, Yang, and Kang 2017). The MGWR model has mathematical expressions similar to
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GWR but has a different strategy to compute the bandwidth for different independent vari-

ables. The MGWR can be defined as in Eq. 3. We implemented the MGWR model using

the Python package mgwr (Oshan et al. 2019). We also used the AIC to choose the optimal

value of bandwidth (Akaike 1998), ranging from 10 to the total number of NTAs.

yi = β0(ui, vi) +

p∑
k=1

βbwk(ui, vi)xik + ϵi (3)

where bw in βbwk indicates the bandwidth used in MGWR for the kthe explanatory variable.
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