Supplementary Materials

Details of Bayesian hierarchical spatial and spatiotemporally varying coefficient process model

Spatial and temporal structures are common in geopanel datasets in which data is collected over geographical and temporal spaces. One of the prominent characteristics for geopanel data is the existence of autocorrelation among observations in neighboring geographical and temporal locations. The usual way of dealing with the spatial and temporal structures existed in geopanel data is the simultaneous autoregressive model such as the spatial panel regression model as detailed in Elhorst (2014). Alternatively, in the Bayesian statistical analytical framework, such structures can be proxied by certain distributions (Besag 1974, Besag and Green 1993), such as the Matérn kernel for points (Genton 2001), or the Gaussian Markov Random Field for areal units (Rue and Held 2005). 
In this study, we initiate the application of Bayesian hierarchical model to investigate the relationships between caseload and NPIs because the Bayesian model inherently considers spatial and temporal structures with reasonably informative priors during model construction. We applied three Bayesian models in the current study. The first model includes a spatial random effect as an independent and identically distributed (i.i.d) random error (with an i.i.d prior) and a temporally autoregressive prior. This serves as the benchmark model, which is a nonspatial model. The second model includes a spatial random effect as a Gaussian Markov Random Field, with the “besag” prior (Blangiardo et al. 2013, Rue, Martino and Chopin 2009, Besag and Green 1993, Besag 1974) coupled with a temporally autoregressive prior. Both models take the form:



where  is the INT transformed caseload variable at location i on time point t, it follows a normal distribution with mean  and variance .  is a function of  through the identity link , and expressed as a linear function of the predictors.  is the intercept. P is the number of NPIs.  is the pth covariate at location i on time point t (all transformed through INT).   is the coefficient of the pth covariate.  is the spatial random effects, and  is the regression residual at location i and time t. In the nonspatial setting,  follows an i.i.d prior, in the spatial setting,  is treated as a Gaussian Markov Random Field and uses a “besag” prior.
The third model adds spatial and temporal random adjustments to both the intercept and the slopes following a hierarchical structure (Gelfand et al. 2003). In addition, it also adds the spatial and temporal interaction effects to the model, assuming that the temporal dependency structure for each state is not independent from all the other states but depends on the temporal patterns of the neighboring states as well. The spatial adjustment and spatiotemporal interactive adjustment are modeled as Gaussian Markov Random Field, see Rue and Held (2005) for detailed discussion, and temporal adjustment as an autoregressive process. These additions allow the modeled coefficients to vary spatiotemporally. 
Because of the their versality and capability to reveal subtle details, varying coefficient models have been a hot topic in the past two decades following the successful implementation and application of the geographically weighted regression (GWR) (Fotheringham, Brunsdon and Charlton 2002), eigenfunction-based spatially varying coefficient model (Yu et al. 2020, Griffith 2008), and the Bayesian spatially/spatiotemporally varying coefficient model (Gelfand et al. 2003). Franco-Villoria, Ventrucci and Rue (2019) proposed a unified view under the Bayesian framework and discussed in detail the estimation procedures. Under the unified view, the varying coefficients are the result of “effect modifiers.” An effect modifier is an estimate-able variable that “modifies” the effect of the explanatory variable on the outcome variable. For spatially and spatiotemporally varying coefficient models, the effect modifiers are time and space (either continuous or discrete) effects and the interaction between the two. The general model that includes the three “effect modifiers” can be written as:



here,  is the average coefficient of the pth covariate.  is the space effect modifier for the pth covariate.  is the time effect modifier for the pth covariate.  is the spatial and temporal interaction effect modifier for the pth covariate. All other variables are as defined above.
As argued in many classic Bayesian statistic texts (Greenberg 2012, Koop 2003, Zellner 1985), Bayesian modeling framework takes advantage of the fact that we have informative priors for the effect modifiers in the model and can avoid overparameterize the model when no prior information is incorporated. For instance, the time effect modifier  can be reasonably recognized to be attributable to a first-order autoregressive (AR1) process with a lag-one correlation (Blangiardo and Cameletti 2015). Hence a first-order autoregressive prior can be specified for this effect modifier, which takes the form for all p covariates (without losing generality by removing the p subscript):

where  represents the lag-one correlation, , m is the number of temporal periods, and , τ is a precision parameter (Franco-Villoria et al. 2019).
For the spatial effect modifier (as well as the non-i.i.d spatial random effect), if the variation is considered discrete as in most social science studies that data are collected over areal units, the spatial effect modifier is considered as a Gaussian Markov Random Field (GMRF) (Rue and Held 2005) and follows an intrinsic conditionally autoregressive (ICAR) model. The ICAR model is then specified as the informative prior for the spatial effect modifier (Besag 1974, Franco-Villoria et al. 2019).
Using a GMRF to represent the spatial effect of observations collected over geographic spaces is an excellent way to embed geographic analysis into the Bayesian analytical framework. While the approach itself is not new, application of the approach in geographical studies has only started recently mainly because of the availability of easily implementable software packages. The recent development and growing popularity of the R-INLA package developed by Rue and colleagues (Bakka et al. 2018, Bivand, Gomez-Rubio and Rue 2015, Blangiardo and Cameletti 2015, Lindgren and Rue 2015, Rue et al. 2017), however, brought this inherently geographical approach to the field of geographical analysis. Details of the GMRF and how it defines the spatiotemporal structures can be found in Rue and Held (2005), section 2.2, page 32 – 42, and will not be repeated here.
Following the ICAR model, for all the p covariates, at location i, the prior of the varying coefficient can be expressed as:

where  is the coefficients on other locations than i;  is the number of neighbors of location i; and  denotes locations i and j are neighbors as identified in the graph G. is a precision parameter (Franco-Villoria et al. 2019).
In addition to the temporal and spatial effect modifiers, we also consider the interaction between these two modifiers. The interaction term  can be considered as an extended GMRF The precision matrix of the interaction term is given as , where  is an unknown scalar and  is the structure matrix identifying the spatiotemporal dependence between the elements of the interaction term.  can be factorized as the Kronecker multiplication of the precision matrices of both the temporal and spatial effects in the model. In so doing, the interaction assumes that the temporal dependency structure for each state depends on the temporal pattern of the neighboring States (Blangiardo et al. 2013). With the priors set, the model specification is complete.
To overcome potential model overfitting problem when we put too much confidence in our informative priors (too complex), Simpson et al. (2017) explored the penalized complexity priors for all the hyperparameters and found that models using the penalized complexity priors often produce more realistic posterior distributions than the ones that do not. Based on the discussions in Simpson et al. (2017), we assumed a relatively small standard deviation (0.3) as an upper bound for the spatial random effects to reflect our expectation that the social mitigation strategies tend to have a similar impact on the spread of COVID-19 over neighboring states. To test the sensibility of the models to this hyperparameter, we used an even smaller standard deviation (0.01) and a large standard deviation (0.5) to calibrate the model. The results remain stable, suggesting the model is robust against this hyperparameter. All three models are fitted via the Integrated Nested Laplace Approximations (INLA), a deterministic algorithm proposed by Rue et al. (2009) and implemented in the R platform for efficient and accurate Bayesian simulation.
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