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Abstract

Modern Bayesian hierarchical methodologies allow us to leverage spatio-temporal depen-
dencies between observations, enhancing both health effect estimation and map visual-
ization in efficient and flexible ways. However, the necessary levels of statistical software
are often unavailable or difficult to access. We have recently examined Bayesian spatio-
temporal models to estimate the association between COVID-19 death counts and various
social and environmental risk factors, including ambient air pollution exposure . Typically,
it is very common that in an infection disease mapping problem with count data, we have
excessive zeros, and it is usually for over-dispersed count outcome variables. Furthermore,
the theory suggests that the excess zeros are generated by a separate process from the
count values and that the excess zeros need to be modeled independently. Our proposed
models are specially designed to handle the zero-inflation and over-dispersion in count
data through Zero-Inflated Negative Binomial regression with random effects that vary
across time and space within a Markov Chain Monte Carlo framework. Drawing on our
knowledge and experience, we aim to provide a simple, unified, and publicly available
software that can be applied in various disease mapping studies under the contemporary
Bayesian framework.

Keywords: epidemiology; spatio-temporal; incidence-count data; zero-inflation; Markov
Chain Monte Carlo; R package; Bayesian inference

1. Introduction

This paper introduces a new R package, BSTZINB (available through CRAN
https:/ /cran.r-project.org/web/packages/BSTZINB/index.html, accessed on 13 July 2026),
for statistical modeling and inference with various Bayesian spatio-temporal models spe-
cially designed for zero-inflated count data [1]. We are strongly motivated by recent
catastrophic world events like the COVID-19 pandemic. In any infectious disease, the num-
ber of infected cases and related deaths vary spatially and temporally as the disease spreads
over time and adjacent regions. In addition, the spread of the disease and the related
degree of severity of the health outcomes can be heavily affected by several biological,
socioeconomic, and environmental factors [2—4]. For example, in a recently published study
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on modeling the COVID-19 pandemic, we found evidence that long-term exposure to air
pollution might have increased the severity of COVID-19 weekly death counts in the early
period of the pandemic in the United States [1].

The problem of zero-inflation arises when the large numbers of zeros in count data
cannot be accommodated properly by a standard discrete distribution like the Poisson or
Negative Binomial distribution [5-7]. When count data contain an unusually large propor-
tion of zero observations, often referred to as “excess zeros,” standard Poisson and even
conventional Negative Binomial models may inadequately capture the observed frequency
of zeros, resulting in poor model fit and biased inference [5,8]. In addition, the non-zero
observations frequently exhibit over-dispersion relative to the Poisson distribution, which
can lead to biased parameter estimates, underestimated standard errors, and inflated Type
I error rates when ignored [9,10]. In count-data applications, over-dispersion occurs when
the conditional variance exceeds the conditional mean, thereby violating the equidispersion
assumption of the Poisson model [9,10].

Bayesian modeling has emerged as a very popular tool for analyzing spatio-temporal
data due to its flexibility in incorporating prior information, modeling complex dependency
structures, and handling zero-inflation and over-dispersion cases, which are common in
epidemiological studies [11-14]. There is an enormous need, especially among epidemiolo-
gists, for simple, unified, and publicly available software for such modern epidemiological
research [11,14,15]. In that respect, [16] provides a related Bayesian zero-inflated Negative
Binomial framework for spatio-temporal count data, which is methodologically relevant
to the present manuscript. However, their [16] software is not distributed as a standard R
package through CRAN and therefore does not provide the same level of direct accessibility,
installation, documentation, and integration into routine R workflows.

Bayesian hierarchical models have become increasingly popular in epidemiological re-
search because they can simultaneously accommodate over-dispersion, excess zeros, spatial
correlation, temporal dependence, and uncertainty quantification within a unified inferen-
tial framework [1,17]. Such models have been successfully used to study disease incidence,
mortality, and environmental health outcomes observed across geographic regions and
over time. Our BSTZINB package translates these methodological advances into an accessi-
ble software tool, enabling researchers to fit a broad class of Bayesian count-data models
without requiring extensive expertise in Bayesian computation. Specifically, the package
implements Bayesian Negative Binomial (BNB), Bayesian Zero-Inflated Negative Binomial
(BZINB), Bayesian Spatio-Temporal Negative Binomial (BSTNB), and Bayesian Spatio-
Temporal Zero-Inflated Negative Binomial (BSTZINB) models using efficient Markov
Chain Monte Carlo (MCMC) algorithms, while also providing tools for model assessment,
visualization, disease mapping, and statistical reporting.

The BSTZINB package provides a suite of tools for data description, Bayesian modeling,
and result summaries for spatio-temporal health outcomes. It is developed with the under-
standing that the end-user may not be an expert in Bayesian statistics or spatio-temporal
modeling. Therefore, special care is provided for the package to communicate the model-
based “knowledge discovery” to the end-user. In summary, this package offers a broad
range of models, including (a) BNB—a Bayesian Negative Binomial model; (b) BZINB—a
Bayesian Zero-Inflated Negative Binomial model; (c) BSTNB—a Bayesian Spatiotemporal
Negative Binomial model; and (d) BSTZINB—a Bayesian Spatiotemporal Zero-Inflated
Negative Binomial model. To our knowledge, no other package offers similar user-friendly
Bayesian modeling for zero-inflated spatio-temporal epidemiology data like our BSTZINB
package, complete with both inferential and visualization tools. In our BSTZINB package,
we have carefully optimized the MCMC procedure to enhance speed and ensure efficient,
tractable inference for all models within a reasonable computation time. This optimization
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supports practical implementation in real data analysis settings, especially for general
practitioners who may not be experts in Bayesian MCMC-based model fitting methods.

The rest of the paper is organized as follows: in Section 2, we provide a brief back-
ground knowledge on different types of count data, zero-inflated, and over-dispersed
models. In Section 3, we describe the general application of our software and how an
end-user can effortlessly use our package. Section 4 provides a walk-through example,
including each step from data input to inference. It covers the entire process: starting with
data input, then setting up (prior distribution and MCMC parameter choices), and running
the model fitting. It continues with post-processing of the model outputs, diagnostics,
and inference of the model or its parameters. Section 5 concludes the paper with a gen-
eral helpful discussion of our findings and suggestions for possible future extensions.
In the Supplementary Materials document we have provided additional simulation stud-
ies, benchmarking with other competing methods/packages, and MCMC convergence
diagnostics and studies.

2. Methods

Depending on a spatio-temporal dependency and a zero-inflated nature of data, we
can construct a Bayesian spatio-temporal model that assumes either standard or spatio-
temporal (ST), with or without a Zero-Inflated (ZI) model component. We now provide a
generic model structure that covers nested sub-models in the following illustration.

Suppose that we observe k = 1, ..., n samples, and each of them is assigned to the ith
region (e.g., county) at time j. Let us consider the following data model equation [17]:

Yig ~ (1= i) Loy, —ong,—0) + 9iNB(Pijs 7)1 (4, 1)/ (1)

where y represents a disease count, and q represents the probability at risk of exposure
that follows a Negative Binomial risk distribution, denoted as NB. The probability of
contracting the disease among the individuals in the exposed population is given by p and
the mean-variance dispersion parameter is given by r. A random variable w is a binary
label with the disease at-risk probability g, and A is a symbol of logical conjunction. 1) is a
zero-one indicator made from the condition in the subscript condition. Now, we introduce
the following model structures according to the way of modeling p and 4. Note that in
Equation (1), k indexes the observation-level record, while (i, j) indexes the corresponding
spatial unit and time point.

2.1. Bayesian Zero-Inflated Negative Binomial Model (BZINB)

If an outcome is independent of both space and time, then we do not need to specify
the space-time structure of the equation, so that the generic model (1) can be simplified into
Yk ~ (1= k) Lw,=0ny,=0) + qkNB(pk, 7)L(y, —1)- Consequently, we model g and py as,

Dy

logit(qx) = B1o+ Y, PraXear 2)
=1
D,

logit(pk) = Bao + Y_ PoaXkas 3)
=1

where B, represents the coefficient of the fixed effect covariates (811, - - , B1p,) as well as
an intercept (810) in the g-model component for probability-at-risk, while 8, represents the
same but in the p-model component for at-risk population. Here, D; denotes the number
of covariates included in the at-risk or zero-inflation component, while D, denotes the
number of covariates included in the Negative Binomial count component. Note that the
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two sets of covariates may be identical, partially overlapping, or different depending on the
scientific question. If the same covariates are used in both components, the model allows
the same predictors to have potentially different effects on the probability of being at risk
and on the count intensity among at-risk observations. If different covariates are used,
the user can model separate mechanisms for structural zeros and positive counts.

2.2. Bayesian Spatio-Temporal Negative Binomial Model (BSTNB)

If we do not consider excessive zero counts, then we only need to specify a model for
pij, since q;; = 1 in Equation (1). Thus, we assume y;; ~ NB(pij, r) and consider

D M
logit(pij) = Bo+ ) BaXa+ ). B(o-m)Tm+bin + bioti, (4)
d=1 m=1

where this model further requires the definition of a basis function T and a random coeffi-
cient b. Given the number of basis functions, m, Ty, - - - , T, are determined by principles of
cubic B-spine basis functions [18]. This is used to capture the non-linear fixed time effect. b;;
refers to a random intercept within the ith region, while b;, refers to a random slope along
the time points ¢;; within the ith region. These are used to capture random effects of space
and time, which might interact with each other. The cubic B-spline basis provides sufficient
flexibility to capture nonlinear temporal patterns, such as peaks, plateaus, and changing
rates of increase or decrease over time. Consequently, the spline representation allows the
model to describe complex temporal dynamics commonly observed in epidemiological
count data while maintaining smoothness and computational stability. The random ef-
fects b;; and bj, further allow each spatial region to have its own intercept and temporal
trajectory around this overall population-level trend.

2.3. Bayesian Spatio-Temporal Zero-Inflated Negative Binomial Model (BSTZINB)

Following Equation (1), we model g and p as,

D, M
logit(qi7) = Bro+ Y BraXa + Y Bipy+m) Tm + brin + binntij, ()
d=1 m=1
D, M
logit(pij) = oo+ Y BraXa+ Y Ba(ysm) T + bait + bati, ©)
d=1 m=1
)

where by; = (b1, bliz)T and by; = (ba1, bm)T represent the random effects correspond-
ing to g;; and pj;, respectively. We impose a multivariate ICAR prior structure [1] on

¢i = (b],b%) " as,

mi |,

#i1 ¢y T ~Ny (1 Y o ,ir) ®
where I'/m; is a 4 x 4 unknown conditional covariance matrix and is estimated through the
MCMC algorithm. This multivariate ICAR allows spatial dependence and region-specific
random time trends within count components and excess-zero components as well as
dependence between them. This model will be referred to as BSTZINB-NLT in the rest of
the paper, where NLT refers to the non-linear fixed time trend for 4.

We hypothesize that the assumption of a non-linear fixed time trend for 4 might not
be necessary in some cases due to model parsimony. Thus, we further assume a linear
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time-fixed trend for ¢, i.e., By(p,+1) = Pi(p,+2) = *** = P1(p,+m) = 0. In other words,
we consider b
1
logit(gij) = B1o+ Y B1aZa + bri + briotij. ©9)
d=1

This model will be referred to as BSTZINB-LT in the rest of the paper, where LT refers to a
linear fixed time trend for g.

Conditional posterior sampling algorithms are mostly adopted from [1], and it is
straightforward to implement our algorithms to all the illustrated approaches. For instance,
4 (1=pij)
%j(l]*Pij)ipij
qij and p;; were defined in Section 2.3 for zero-inflated models, while we always draw

we draw an at-risk indicator w;; from a Bernoulli distribution with 7;; = , where

w = 1 for every iteration in practice for the non Zero-Inflated models. To update 1, we
draw a latent variable {y;; from a Polya-Gamma distribution PG(1, 1711-]-), as shown in [19].
Given w and ¢, the full conditional distribution of B is

1
Pr(Bafo0, 1) o (B exp| 5 (21~ XB1) O (=1~ Xu)|, (10
where X isan x p design matrix, 77(; ) is the prior distribution N, (B0, o), z1 = (w —1/2)/&1,
and (); is a n x n precision matrix, diag(¢;). Therefore, we update B from Ny (y, ) where

1 T ! 1 T th o
Y= (ZO +X 01X> and y = Z(ZO Bo+ X lel) with given z;. We update 8, by

a similar process using the corresponding Pélya-Gamma distribution PG(y;; + 7, 72;) as
discussed in [1,17,20].

3. Software Description

To use our BSTZINB R-package (>3.5) we need datasets that include a response variable
as a count variable of interest (e.g., disease counts), covariates (e.g., risk factors), spatial
coordinates, and time points. Also, spatial map information, such as the shape of the areal
units and the adjacency information among the areal units, is necessary.

For the descriptive analysis (Part 1) Figure 1, the BSTZINB R-package reshapes original
data for model fitting and constructs the adjacency matrix to account for spatial dependency.
After that, it can provide conventional summary statistics, including histograms and
informative statistics, such as Moran’s I [21,22]. Moran’s I is used as an exploratory
diagnostic to assess whether neighboring spatial units tend to have similar outcome values.
A significant positive Moran’s I provides empirical motivation for including spatially
structured random effects in the Bayesian model. We can investigate whether the response
variable has either significant spatio-temporal dependency or a high proportion of zero
rates so that our spatio-temporal zero-inflated hierarchical modeling may improve the
model fitting compared to the conventional ones.

For the primary modeling (Part 2) Figure 1, the BSTZINB R-package provides Bayesian
Negative Binomial regression model solutions: BNB, BZINB, BSTNB, and BSTZINB. In Table 1
we provide a comprehensive list of all available functions in our BSTZINB R-package and
their short description.

In our BSTZINB package, the four Bayesian Negative-Binomial regression models (BNB,
BZINB, BSTNB, and BSTZINB) require input variables such as a spatio-temporally indexed
response variable (y), covariates (X), and a spatial-unit adjacency matrix (4). Our package
allows for the choice of a linear/nonlinear temporal structure for the at-risk probability
modeling (LinearT), and the various Bayesian MCMC parameter settings, such as the
number of MCMC chains (nchain), the number of iterations (niter), the number of burn-in
samples (nburn), and the number of thinning samples (nthin) [23].
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Table 1. Summary of functions in the BSTZINB package.
Function Descriptions
BNB Fit a Bayesian Negative Binomial model
BZINB Fit a Bayesian Zero-Inflated Negative Binomial model
BSTNB Fit a Bayesian Spatio-Temporal Negative Binomial model
BSTZINB Fit a Bayesian Spatio-Temporal Zero Inflated Negative Binomial model
USDmapCount Produce a disease map over the counties in the US
get_adj_mat Provide the adjacency matrix for the study counties
qRankPar Produce a descending order of bar plot for time-averaged log-q

estimates over quantile-representative counties

Produce a descending order of bar plot for time-averaged log-q
estimates over the top ranking counties

TimetrendCurve Produce a time-trend curve over the study time domain for a county
ResultTableSummary  Produce a concise summary table for a model fit
ResultTableSummary2  Produce a full result summary table for all the model-fit objects
compute_ZINB_DIC Compute a DIC for a zero-inflated Negative Binomial model-fit object
compute_NB_DIC Compute a DIC for a standard Negative Binomial model-fit object
conv.test Provide test results of MCMC convergence for specific model-fit object

qRankParTop

Descriptive Analysis
- Zero Proportions
= Mean-Variance Dispersion
- Spatio-temporal dependency

Part 1 |

Bayesian Inference
\[R= BNB
Part 2 ‘1 - BZINB
= BSTNB
- BSTZINB

Reports

- Health Effect Estimation
Part 3 | —  Model Selection

- Model Diagnostics

- Map Visualization

Figure 1. A flow chart of the BSTZINB R-package: Part 1. Descriptive analysis—we explore the
data to determine the most effective statistical methods; Part 2. Bayesian inference—we give a
solution to apply several Bayesian models such as Bayesian Zero-Inflated Negative Binomial (BZINB),
Bayesian Spatio-Temporal Negative Binomial (BSTNB), and Bayesian Spatio-Temporal Negative Zero-
Inflated Negative Binomial (BSTZINB); Part 3. Reports—we provide various solutions to health effect
estimation, model selection, model diagnostics, and map visualizations for an epidemiological study.

The BSTZINB model outcome provides MCMC samples of coefficients for the fixed ef-
fect covariates in the structural zero model component (alpha) and in the negative-binomial
model component (beta). It also includes MCMC samples of the dispersion parameter.
These MCMC samples are obtained by a random-walk Metropolis—Hastings update [17]
(R) and by two-stage Gibbs update [24] (R2). The MCMC samples of the conditional co-
variance coefficients (Sigphi) and country-specific random effects (PHI1,PHI2,PHI3,PHI4),
the MCMC samples for logit of the estimated probability at risk (eta1), logit of the Negative
Binomial probability (eta2) and at-risk indicators (I) are also provided as model outputs
for downstream statistical inference and estimation. BSTNB and BNB are similar functions
but do not consider zero-inflated modeling. It requires the same input variables as BSTZINB,
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and there are no outcomes for the structural zero model component, such as alpha, PHI1,
PHI2, Eta2, by definition. Appendix A includes brief backgrounds of Bayesian Inference
and methodological illustrations for interested readers.

For the model outputs (Part 3), our package provides various model-fitting results
and plots focusing on spatial and temporal effect estimation within the Bayesian MCMC
regression framework. Appendix B illustrates specific arguments and output of this pack-
age’s main (Appendix B.2) and auxiliary functions (Appendix B.3), as well as imports and
suggests of libraries (Appendix B.4). In the next section, we present one vignette with a
simulated data set.

4. An Illustrative Example

In this section, we provide a step-by-step guide on how to use our BSTZINB R package
with the help of a synthetic data set.

4.1. Installing BSTZINB Package

The BSTZINB package is available on CRAN and is ready to be installed and used by
the user. The easiest way to install the package is running the following command in the
R Console:

> install.packages(’BSTZINB’)

Once the BSTZINB package is installed, it can be loaded like any other R packages:

> library (BSTZINB)

After the library BSTZINB is loaded, all warning messages as listed above can be
ignored as they have no bearing in running our models.

4.2. A Toy Data Set for Step-by-Step Demonstration

We created a synthetic data set that resembles a typical zero-inflated count data over
space and time that we often see in many epidemiological studies.

A\

data(county.adjacency)
data(USAcities)

A\

TAcities <- USAcities %>% filter(state_id=="IA")
countyname <- unique(IAcities$county_name)
A <- get_adj_mat(county.adjacency,countyname,c("IA"))

vV V V V

m <- apply(A,1,sum)

The BSTZINB package utilizes user-supplied geospatial map information and creates
toy adjacency information of the areal units in this simulated study domain. In this ex-
ample, we use the counties from the state of Iowa in the United States to create a spatial
adjacency matrix A. We import the county name and the adjacency information from the US
census data made in 2010 (available in the package as county.adjacency and USAcities;
See Appendix B.1), and one of our functions, get_adj_mat, transform that information into
an adjacency matrix A for the counties of our interest. Thereafter, we consider 16 evenly
spaced time points across 99 spatial units, which correspond to all the counties in the
state of lowa. Consequently, the complete dataset has 1584 observations with four vari-
ables, including county index(sid), time index(tid), outcome disease counts (y), and a
covariate (x).

https:/ /doi.org/10.3390/ stats9040076


https://doi.org/10.3390/stats9040076

Stats 2026, 9, 76

8 of 24

>
>

>

vV V V V

V V V V V V V

## Spatial effects

#Spatial dependence parameter ~ 1 for intrinsic CAR

# Conditional Cov of phil and phi2 given phi_{-i}
> cov <- matrix(c(.5,.10,.10,-.10,

library(spam)
library (mvtnorm)

kappa<-.99

.10, .15,.10, .10,
.10, .10, .5, .10,
-.10,.10,.10,.15),4,4)
Q <- as.spam(diag(m)-kappaxA)
covphi <- solve(Q)%x%cov # 4n x 4n covariance of phis
phi <- rmvnorm(l,sigma=covphi) # 4n vector of spatial effects
phitmp <- matrix(phi,ncol=4,byrow=T) # n z 4 matriz of spatial effects

true.phil <- phil <- phitmp[,1]-mean(phitmp[,1]) # n = I phil vector --
<~ Centered

true.phi2 <- phi2 <- phitmp[,2]-mean(phitmp[,2]) # n z 1 phi2 wvector,
— etc.

true.phi3 <- phi3 <- phitmp[,3]-mean(phitmpl[,3])

true.phi4 <- phi4 <- phitmp[,4]-mean(phitmpl[,4])

Phil <- rep(phil,nis)

Phi2 <- rep(phi2,nis)

Phi3 <- rep(phi3,nis)

Phi4 <- rep(phi4,nis)

true.phi <- cbind(true.phil,true.phi2,true.phi3,true.phi4)

For the further data-generating process of our simulation, we set an intrinsic condi-

tional autoregressive (ICAR) structure with a spatial dependence parameter (rg =1land

a pre-specified conditional covariance matrix for ®1, ®;, &3, P4, defined in Section 2.3.

This is set to check whether our model can properly adjust for the spatial dependence of

the outcome.

>
>

V V V V V

A\

A\

## Fized Effects and Covartiates

> Xtilde <- cbind(1,x,sin(t))

library (boot)
tpop <- USAcities %>% filter(state_id=="IA") %> group_by(county_fips)
— %>% summarise(tpop=population) %>% .[,2] %>% unlist %>, as.numeric

x <- rep(log(tpop),nis)

x <- (x-mean(x))/sd(x)

# set.seed(2023); = <- rnorm(N)

t <- tid / max(tid)

X <- cbind(1,x) # Design matriz, can add additional covariates (e.g.,
— race, age)

colnames(X) <- c("Intercept","x")

p <- ncol(Xtilde)

Binomial part

https://doi.org/10.3390/stats9040076
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true.alpha <- rep(0.1,p)

true.alpha[1:2] <- c(-0.25,0.25)

# true.alpha <- ¢(-0.25,0.25,-0.5,0.25)

etal <- XtildeY*true.alpha+Phil+Phi2*t

pii <- inv.logit(etal) # 1-pr("structural zero")
u <- rbinom(N,1,pii) # at-risk indicator

N1 <- sum(u)

pstructO <- 1-mean(u) # Proportion of structural zeros

V V V V V V V V

> # Count Part

> true.beta <- rep(0.1,p)

> true.betal[1:2] <- c(.5,-.25)

> tmp <- u

> tmp[u==0] <- 0 # If in structural group then set tmp to 0

> nisl <- tapply(tmp,sid,sum) # Number of at risk observations in each

— county

> eta2 <- Xtildel[u==1,]Y%x*Vtrue.beta + Phi3[u==1] + Phi4[u==1]*t[u==1] #
— Linear predictor for count part

> true.r <- 1.25 # NB dispersion

> psi <- exp(eta2)/(l+exp(eta2)) # Prob of success

> mu <- true.r*psi/(l-psi) # NB mean

## Data Generation

> y <- rep(0,N) # Response

> y[u==1] <- rnbinom(N1,size=true.r,mu=mu)# If at risk, draw from NB
> pzero <- length(y[y==0])/N # Proportion of zeros

Following the data model Equation (1) and process model Equation (5), we specify
the underlying at-risk-probability model as

logit(g;;) = —0.25 4 0.25x;; + 0.10sin(t;j) + Pq; + Dait,
fori=1,---,99andj=1,---,24, and success-probability model as
logit(pi]') = 0.5 —0.25x;; + O.lOSin(ti]') + B3, + Dyt

fori=1,---,9andj=1,---,24, where ®y;, - - - , Py; are mean-centered, random-generated
quantities from the conditional covariance matrices @, ®;, ®3, P4 based on Section 2.3. Finally,
Yij, 1.e., an outcome count at the ith spatial unit and the jth time point, is assigned to either
zero if wjj = 0, or a realized value from the Negative Binomial distribution. We use both a
mean parameter of an inverse logit of p;; and a pre-specified dispersion parameter r = 1.25,
which consider both regression modeling in the risk probability and over-dispersion in
outcome counts. We then combine all variables to create our data frame:

# Dataframe
> this_dat <- data.frame(sid,tid,y,X)
> head(this_dat)
sid tid y Intercept x
11111 -0.9924003
21201 -0.9924003
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31301 -0.9924003
41431 -0.9924003
51501 -0.9924003
61601 -0.9924003

4.3. Descriptive Analysis

Table 2 shows a descriptive summary of data using the function tbl_summary from
the gtsummary package. A continuous value is summarized by median and inter-quantile
range (IQR), while a discrete value is summarized by counts and proportion.

> gtsummary::tbl_summary(this_dat) %>, modify_header(label = "xx
< Coefficients*x")

Table 2. A descriptive summary table for the generated synthetic data.

Coefficients N =15841

sid 50 (25, 75)

tid 9(5,13)

y 0.00 (0.00, 1.00)
Intercept 1584 (100%)

X —0.20 (—0.68, 0.38)

1 Median (IQR); n (%)

# Histogram
> tmp <- table(y)/n*100 # convert to percents
barplot (tmp, ylab="Percent",xlab="Count",col="lightblue")

This script shows a histogram of all outcome counts (Figure 2a) for checking the
proportions of zero counts. We observe a high proportion of zero counts (66.7%), supporting
our zero-inflated distributional assumptions.

# Moran’s I

> library(ape)

> library(reshape)

> this_dat2 <- cast(this_dat,sid”tid,sum,value="y")

This script investigates the spatial aggregation of the disease counts over the counties.
Moran.I is from the R-package ape. The estimated Moran'’s I statistics for the time-averaged
disease counts are statistically significant because its p-value = 4.46 x 1071 is lower than
the 5% nominal Type I error. Also, Moran’s [ statistics calculated for each time index are all
less than 5% nominal Type I error. These results support our spatial random effect modeling
of the target outcome since we observe a spatial clustering tendency of the outcome, albeit
the covariates are independent of spatial locations.

> Moran.I(rowMeans(this_dat2),A)
$observed
[1] 0.2704696

$expected
[1] -0.01020408
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(a) Bar plot

DDD\:H::.:.:.:..:.=

$sd
[1] 0.05190279

$p.value
[1] 6.384654e-08

> # US Disease Mapping Cumulative Death Counts
> USDmapCount (state.sel = c("IA"),
dat = this_dat,

scol =1,
tcol = 2,
cname = countyname,

uplim = 150)

USDmapCount in our package visualizes a map of disease characteristics in the United
States. For example, the above script recognizes the lowa state as a study domain, this_dat
as input data, including spatial index in the column scol and time index in the column
tcol. We can manually set the name of counties using the cname argument and scale
of the legend color using uplim. If we further specify tsel, we can select counts in a
specific time point. Otherwise, counts are averaged over time. Figure 2b—f implies the
spatio-temporal relation of the disease counts. Compared to the time-average case from
the above statement (Figure 2b), all the time-specific cases (Figure 2c—f) show different
patterns, which may indicate spatio-temporal dependence of the disease counts. This
descriptive analysis implies that naive Negative Binomial modeling without incorporating
spatio-temporal dependence may produce biased and/or inefficient estimates.

(b) Spatial (Avg) (c) Spatial(tid=3)

0 1 2 3 4 5 6 7 & 9 10 11 12 13 14 15 18 %6 k2 <2 %0 S Ea <2 N

(d) Spatial (tid=6)

(e) Spatial(tid=9) (f) Spatial (tid=12)

100

I25
"

100

- @2
50
25
00

Figure 2. An example of descriptive summary of the outcome counts (y) for our simulation study.
(a) Histogram of all outcome counts; (b) time-averaged spatial map visualization of outcome counts;
(c—f) spatial map visualization of outcome counts at (c) tid = 3, (d) tid = 6, (e) tid = 9, (f) tid = 12.

https://doi.org/10.3390/stats9040076


https://doi.org/10.3390/stats9040076

Stats 2026, 9, 76

12 of 24

4.4. Bayesian Spatio-Temporal Modeling

We implement the Bayesian regression modeling of the disease counts that allows
not only over-dispersion but also a high proportion of zero counts and a spatio-temporal
nature. Our package provides several Bayesian Negative Binomial models such as the BNB
function for a standard model; the BZINB function for considering a zero-inflated model
component (see Section 2.1); the BSTNB function for the considering the spatio-temporal
random effect model component (see Section 2.2); and the BSTZINB function for the Bayesian
spatio-temporal zero-inflated model (see Section 2.3). For instance, we apply the BSTZINB
function to this example as follows :

> # Bayestian STZINB Model with Linear Time Trend

> res3 = BSTZINB(y, X, A, LinearT=TRUE, nchain=2, nsim=50, nburn=10,
< nthin=1)

> glimpse(res3)

List of 11

$ Alpha : num [1:40, 1:3, 1:2] -0.622 -0.707 -0.607 -0.646 -0.574 ...

..- attr(*, "dimnames")=List of 3

..$ : NULL
$ . Chr [13] nn llxll lltll
..$ : NULL

$ Beta : num [1:40, 1:3, 1:2] 1.006 0.79 0.982 0.988 1.14 ...
..- attr(*, "dimnames")=List of 3

..$ : NULL
$ . chr [1.3] " neen "t"
..$ : NULL

R : num [1:40, 1:2] 0.989 0.972 0.982 1 0.991

Sigphi: num [1:40, 1:16, 1:2] 0.516 0.523 0.517 0.63 0.507 ...

PHI1 : num [1:40, 1:99, 1:2] -0.0277 0.217 -0.4054 -0.5354 -0.9193 ...

PHI2 : num [1:40, 1:99, 1:2] -0.674 0.243 -0.134 0.243 0.208 ...

PHI3 : num [1:40, 1:99, 1:2] -0.1815 -0.1597 -0.0146 -0.071 -0.0394 ...
—

PHI4 : num [1:40, 1:99, 1:2] 0.0314 -0.3003 0.0224 -0.2369 0.1086 ...

Etal : num [1:40, 1:1584, 1:2] -0.69 -0.639 -1.2 -1.261 -1.631 ...

Eta2 : num [1:40, 1:1584, 1:2] 1.38 1.05 0.89 1.21 1.21

I : num [1:40, 1:1584, 1:2] 1111111111 ...

@B H B H &

“hH H B &P

We have added an example for LinearT=FALSE in the online vignette that is available
with the R package from CRAN: https://cran.r-project.org/web/packages/BSTZINB/
vignettes/BSTZINB_vignette.html (accessed on 17/07/2026), look into the example res4
<- BSTZINB(y, X, A, LinearT=FALSE, nchain=2, niter=50, nburn=10).

We illustrate the major interpretations and visualizations in the following subsections
based on the above run model.

4.4.1. Main Results

ResultTableSummary transforms the BSTZINB object into a brief summary table, as
shown in Figure 3. The first column of the table shows a list of regression coefficients,
where combinations of an alphabet and a specified column name are used. The alphabet is
either ‘a’ or ‘b,” where “a’ refers to the structural zero model coefficients, and ‘b’ refers to
the exposure model coefficients. If a column name is not specified, no letters will appear
right after the period, but otherwise, the specified name will followed by the period.
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For example, “b.x” means the coefficient of the covariate named “x” in the exposure
model components. “a.” means the coefficient without any specified name in the structure-
zero model components. On the other hand, the second column of the table shows relevant
statistics. The first row shows the total number of observations, and the other rows provide
point estimates and a 90% credible interval in parentheses.

BSTZINB Model Coefficients

Coefficients Estimates’

a. -0.585 (-0.792, -0.346)
a.x 0.227 (0.1535, 0.292)
a.t 0.718 (0.409, 1.019)
b. 0.896 (0.757, 1.037)
b.x -0.273 (-0.346, -0.200)
b.t -0.135 (-0.327, 0.032)

Point estimates (90% credible intervals)

Figure 3. ResultTableSummary produces a brief summary table of the BSTZINB object. Here ‘a” refers
to the structural zero model coefficients and ‘b’ refers to the exposure model coefficients. ‘a.” refers to
the intercept coefficient for the structural zero model, while ‘b.x" refers to the coefficient related to

covariate x in the exposure model.

# Result Summary Table (simple)

ResultTableSummary (res3)

# Result Summary Table (Full)

ResultTableSummary2(y, X, A, nchain=2, niter=2000, nburn=1000, nthin=1)

vV V V V

ResultTableSummary?2 performs all Bayesian spatio-temporal model procedures avail-
able in the package, including BNB, BZINB, BSTNB, and BSTZINB, providing a full summary
table, as shown in Figure Al. Note that the model coefficients of the time spline ba-
sis vectors are followed by those of the input covariates. For example, assuming the
BSTZINB-NLT model (Section 2.3), (a.,a.x,a.t1,a.t2,a.t3,a.t4,a.t5,a.t6,a.t7) corresponds
to (B1o, B11, P12, B13, P14, P15, B1e, P17) in Equation (5), where D; = 1, and M = 6. A red-
colored text represents a failure to achieve MCMC convergence using Geweke statistic [25].
Also, a footnote provides the Deviance Information Criterion (DIC) as a model selection
tool. The fourth model BSTZINB has the lowest DIC value with the given example data.

> # Bar Plot of vn-quanttile Probability at Risk of disease
> gRankPar (state.set=c("IA"),cname=countyname,bstfit=res3,vn=12, cex.
— title=18, cex.lab=12, cex.legend=12)

gRankPar produces a bar plot of time-averaged estimated disease probabilities at risk,
taking into account the quantiles and the descending order of the rankings among spatial
units. For example, the argument vn = 12 decides the number of selected counties. That
is, we choose the counties out of a given map considering vn = 12 quantiles of estimated
disease probabilities from the BSTZINB object.

gRankParTop produces a bar plot for time-averaged estimated disease probabilities at
risk for selected counties in descending order (Figure 4a). The options cex.title, cex.lab
and cex.legend control the text size for the title, labels, and legend, respectively.
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> # Line Plot of Nonlinear Time effect abundance (smoothed wversion)
> TimetrendCurve(res3, countyname, vn=5, smooth.mode=TRUE, cex.title=18,
— cex.lab=12, cex.legend=12)

TimetrendCurve produces the estimated nonlinear mixed time effects in the Negative
Binomial model component (See Figure 3 in [1]).

The argument smooth.mode=T produces the cubic-spline interpolated nonlinear mixed
time effects (Figure 4b). The options cex.title, cex.lab and cex.legend work as de-
scribed previously.

(a) gRankPar (b) TimetrendCurve

madison _

mills

story
buena vista

washington
adair
= dallas
— jasper
— palo.alto
wright

black hawk 0.07

des moines
osceola -0.5-
franklin
shelby: 10-

plymouth

polk

0.00 025 075 100 1 8 2 16

0.50
Probability at risk
Figure 4. An illustrative example of eta-related results. (a) The left panel shows a result from the
function qRankPar, producing a bar plot for time-averaged estimated disease probability at risk
considering the rankings” quantiles and descending order. (b) The right panel shows a result from
the function TimetrendCurve, producing the estimated nonlinear mixed time effects in the Negative
Binomial model component.

4.4.2. Map Visualization

We describe several map visualizations based on the results above. The function
USDmapCount visualizes the time-averaged disease counts over the counties in the United
States. The x-axis represents longitude, the y-axis represents latitude, and the color indicates
the level of disease counts. Missing values are shown in gray.

# Map Visualization : Time-averaged Eta
this_result_dat <- this_dat
this_result_dat$y <- apply(res3$Etal,2,mean)
this_result_dat %>’ head
USDmapCount (state.sel = c("IA"),

dat = this_result_dat,

scol =1,

V V V V V

cname = countyname)

If a user sets a dat argument as #; from the BSTZINB output, then the outcome will
provide a spatial visualization of the logit of the estimated probability at risk on average
over time. Likewise, we can provide a map of the following characteristics from the model
fitting (see Figure 5).
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(a) Random Effect (Space-time) (b) Fixed Effect (Time) (c) Time-averaged PAR
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Figure 5. Map visualizations of various estimates regarding spatio-temporal aspects of health outcome.
(@) The level of spatio-temporal random effect; (b) the level of temporal fixed effect; (c) time-averaged
disease probability at risk (PAR).

4.4.3. MCMC Convergence and Diagnostics

The BNB, BZINB, BSTNB, and BSTZINB functions can provide console messages about
work progress while running. This includes chains, iterations, and diagnostics in MCMC
samplings. For example, we can see the following line on the R-console:

> res3 = BSTZINB(y, X, A, LinearT=TRUE, nchain=2, nsim=50, nburn=10,
< nthin=1)

This means that the first chain out of the two chains (specified from the argument
nchain) is currently processing, 85% of the samples are completed to be generated,
and those samples passed the Geweke convergence test. In particular, TRUE means pass,
FALSE means fail, and NA means not applicable since the MCMC samplings are still in the
burn-in period.

Our package also provides the Geweke convergence test after completing the Bayesian
model fitting. For example, we can check MCMC convergence for each of the BSTZINB
model parameters as follows:

> conv.test(res3$Alpha) ## Convergence test for Alpha parameters

[1] FALSE TRUE TRUE

> conv.test(res3$Beta) ## Convergence test for Beta parameters

[1] TRUE FALSE TRUE

> conv.test(res3$R) ## Convergence test for R parameters

[1] FALSE

> par(mfrow=c(1,2)) ;plot(res3$R[,1] ,main="R") ;plot(res3$R[,2] ,main="R")

> par(mfrow=c(1,2)) ;plot(res3$Alphal,1,1],type=’0’,main="Alpha") ;plot(
— res3$Alphal,1,2],type=’0’,main="Alpha")

Recall that res3 is made from a Bayesian spatio-temporal zero-inflated Negative
Binomial model with a linear time trend. This model has three alpha coefficients for the
structural zero model component, three beta coefficients for the Negative Binomial model
component, and one dispersion parameter. Our built-in function conv.test shows test
results for each parameter sample. TRUE means statistical evidence on the convergence of
the samples based on the Geweke test. In addition, you can generate trace plots to check
stationarity and a degree of mixingness and visualize convergence behaviors of the MCMC
samples [26].

> compute_ZINB_DIC(y,res3)
[1] 3972.34
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compute_NB_DIC and compute_ZINB_DIC compute the Deviance Information Criterion
specifically designed for the BSTNB and BSTZINB model outputs, respectively [27,28].

5. Discussions and Conclusions

The BSTZINB R-package tackles spatial and temporal analysis of health outcomes in
epidemiology. It offers a three-phase framework: Phase 1 checks if your data suits the model
by examining zero proportions and spatial/temporal dependencies. Phase 2 tackles data
with zero inflation or non-standard dispersion using Bayesian inference. Finally, Phase 3
generates reports including health effect estimates, maps, and results from the model.

The BSTZINB R-package stands out for its focus on usability, making it accessible to
researchers in epidemiology and beyond, even those without a deep dive into statistics.
This practitioner-friendly design prioritizes ease of use, allowing researchers from any
academic or industrial field to leverage powerful spatio-temporal methods without getting
bogged down in complex mathematical details. The package comes equipped with clear,
well-designed case studies that serve as practical guides for users to follow, ensuring they
can confidently apply these methods to their own research questions.

The BSTZINB R-package goes beyond user-friendliness. It streamlines the workflow by
unifying existing R tools under a coherent Bayesian framework, boosting efficiency and consis-
tency in spatio-temporal modeling and inference. This powerhouse caters to the complexities
of epidemiological data by incorporating zero-inflated count data and flexible random effects
that can vary across space and time. Moreover, the freely available, open-source nature of the
package makes it accessible to a broad range of researchers, fostering collaboration within
the field. Looking ahead, addressing potential limitations like computational hurdles for
massive datasets and the need for further development in advanced tools like R-Stan [29]
will solidify BSTZINB's position as a premier tool for spatio-temporal analysis in epidemi-
ology. It is important to note here that any Stan-based development would require careful
reformulation, such as marginalizing over the discrete at-risk indicators where possible, using
continuous relaxations, or embedding Stan within a larger MCMC scheme that alternates
between updates of discrete latent indicators and continuous model parameters.

Despite its flexibility, BSTZINB inherits the computational limitations common to
MCMC-based Bayesian spatio-temporal models. The current implementation is best suited
for small- to moderate-scale areal datasets, where reliable posterior inference can be ob-
tained within reasonable computation times. As the number of spatial units, temporal ob-
servations, and model parameters increases, computational cost grows accordingly. Future
enhancements will focus on improving scalability, expanding prior flexibility, and incorpo-
rating more computationally efficient Bayesian inference strategies.

It is important to emphasize that the primary objective of the BSTZINB package is to pro-
vide Bayesian inference tools for spatio-temporal zero-inflated count outcomes commonly
encountered in epidemiology, public health, and environmental studies. Consequently,
survival-analysis frameworks based on lifetime distributions such as the exponential or
Weibull distributions, as well as competing-risk models, fall outside the intended scope of
the current package and correspond to fundamentally different classes of outcomes and
inferential objectives. Rather than focusing on time-to-event data, BSTZINB is specifically
designed for count data exhibiting excess zeros, over-dispersion, and spatio-temporal
dependence. Nevertheless, the underlying Bayesian framework is sufficiently flexible
that future extensions could incorporate broader classes of outcomes, including survival,
recurrent-event, and competing-risk data, thereby expanding the applicability of the pack-
age to a wider range of biomedical and epidemiological research settings.

In closing, the BSTZINB R-package is a significant advancement in analyzing data
that changes over space and time in epidemiology. Even researchers new to statistics can
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easily use it. BSTZINB combines modern statistical methods with helpful visualization
tools. This makes it a powerful and flexible option for analyzing such data in many fields,
including epidemiology, biostatistics, and environmental science. While BSTZINB excels
at making complex methods easier to use and understand, there’s room for improvement.
Future development can address handling very large datasets and include even more
advanced models. These improvements will solidify BSTZINB’s position as a leading tool
for spatio-temporal analysis in epidemiology and beyond.

Supplementary Materials: The following supporting information (Supplementary Materials) can be
downloaded at: https:/ /drive.google.com/file/d/19B0kc0AZSIHnYGLPUXPF6CjVhs28twrY / view
(accessed on 13 July 2026), additional simulation studies, benchmarking with other competing
methods/packages, and MCMC convergence diagnostics and studies.
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Appendix A. Methodological Backgrounds
Appendix A.1. Bayesian Inference

We illustrate prior and hyper-parameter specifications and Markov Chain Monte Carlo
(MCMC) settings under the STZINB model framework. For the latent at-risk indicators w;;, prob-
ability was given as exp(61;;)/[1 + exp(6y;j)], where 6y;; is defined as either Equation (5) or (9).
Prior distributions for 81 and B, were assumed to be N, (8o = 0,%¢ = 100Z,), respectively,
where 7, is a p x p identity matrix. For r in Negative Binomial component, a uniform prior was
considered. To construct time-basis functions T,,,m = 1, - - - , M, we standardized time points
tij to be within the range of O to 1, i.e., t;; = %’, where | = 23 is the number of weeks during the
study period, and j =1, - - -, ] = 23 is a week indicator. We set three internal knot points, 0.25,
0.50, and 0.75, considering 0 and 1 as boundaries, so that M = 7 throughout our analysis. DIC
is calculated as described in [30] for model comparison.

For each model, we ran three MCMC chains with 11,000 iterations and 1000 burn-in.
For each model, the convergence of each model was determined by conventional MCMC
diagnostics such as trace plots and Geweke z-statistics.

Appendix A.2. Model Fitting Principles

We adopt a posterior sampling algorithm from Neelon et al. (2019) [17] and
Chakraborty et al. (2022) [1], which can be extended straightforwardly to other simpler
models. As outlined in Chakraborty et al. (2022) [1], we update several key parameters
including at-risk indicators w, coefficients B for the binary model component, coefficients
B2 for the count model component, a dispersion parameter r for the Negative Binomial
distribution, and spatial random effects ¢ with I'. The following steps describe the MCMC
algorithm used to update these parameters.

https://doi.org/10.3390/stats9040076


https://drive.google.com/file/d/19B0kc0AZSIHnYGLPUXPF6CjVhs28twrY/view
https://doi.org/10.3390/stats9040076

Stats 2026, 9, 76

18 of 24

Update at-risk indicators w
We draw w;; from a Bernoulli distribution with probability #;; defined as:

q;;(1 — pij)

= (A1)
qi;(1 = pij) + pij

i

where g;; and pj; are functions illustrated in Section 2.3, given current parameter values.
To avoid numerical issues, g;; and p;; are adjusted to be within (0.001,0.999) in practice.

Update B = (B1, B2)

We draw a latent variable {y;; from a Pélya-Gamma distribution PG (1, 911’;’)/ and update
B1 using its full conditional distribution based on observed data and prior distribu-
tions. Updating B, follows a similar process using the Pélya-Gamma distribution
PG(yij + 1, 602j)-

Update r

We employ a random-walk Metropolis-Hastings step for updating 7, as detailed in [17],
with a uniform prior for computational efficiency.

Update ¢, T’

We update ¢, which consists of random effects vectors, from their normal full con-
ditional distributions. The update involves applying sum-to-zero constraints where
necessary. The spatial structure I' is updated using an inverse-Wishart full conditional
distribution (described in detail [1]).

Appendix A.3. Additional Tables and Figures

Coefficients BNB’ BZINB' BSTNB' BSTZINB'

at

a. -0.182 (-0.213, -0.153) 0,011 (-0.142, 0.127)
ax 0.320 (0.283, 0.379) 0302 (0.220, 0.371)

atl -0.807 (-1.055, -0475)
at2 -0.229 (-0.446, 0.029)
at2 -0.391 (-0.619, -0.180)
atd 0.006 (-0.079, 0.241)

ats -0.563 (-0.739, -0.175)
até 0.973 (0743, 1.320)

at? -0.107 (-0.339, 0.130)
bt

b. 0.253 (0.204,0324) 0919 (0.866,0.952)  0.080 (0.010,0.123)  0.848 (0.770, 1.278)

bx -0.088 (-0.107, -0.077) -0.285 (-0.312, -0.246) -0.095 (-0.130, -0.076) -0.231 (-0.271, -0.183)
bt 0.067 (-0.383, 0.315)

bi2 0.066 (-0.081, 0.235)

b3 -0.452 (-0.749, -0.039)
b4 0.145 (0,023, 0.395)

b5 -0.552 (-1.032, -0.194)
b6 -0.027 (-0.185, 0.171)
b7 0.070 (-0.114, 0.232)

Point estimates (90% credible intervals) DICT = 4468.5; DIC2 = 3973.5; DIC3 = 4284.5; DIC4 = 4162.1

Figure Al. ResultTableSummary2 produces a full summary table of the BSTZINB object. For the

voou

column “Coefficients”, “a.*” stands for structural zero model coefficients, and “b.*” stands for

exposure model coefficients. “*.t” implies coefficients for time variables, and “*.x” implies coefficients
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"%

for covariates x’s, and means an intercept. From “*.t1” to “*.t7” represents the corresponding
spline basis functions applied in the BSTZINB models (when LinearT = FALSE). Each cell shows the
point estimate and the 90% credible interval within the parenthesis. Red colors represent the poor
convergence of the estimates. Other terminologies are defined as follows: BSTP—Bayesian Spatio-
Temporal Poisson; BSTNB—Bayesian Spatio-Temporal Negative Binomial; BSTZINB(LT)—Bayesian
Spatio-Temporal Zero Inflated Negative Binomial with linear temporal fixed effect on the structural
zero model component; BSTZINB(NLT)—Bayesian Spatio-Temporal Zero Inflated Negative Binomial
with a non-linear temporal fixed effect on the structural zero model component.

Appendix B. List of Function Arguments
Appendix B.1. Data

A data frame with 4 variables: Countyname—2010 state and county name;
fips.County—2010 state and county FIPS codes; neighborname—2010 state and county
name of each neighboring county or county equivalent; fipsneighbor—2010 state and
county FIPS codes of each neighboring county or county equivalent (See this link from
the census.gov: https:/ /www.census.gov/geographies/reference-files /2010/geo/county-
adjacency.html#:~:text=The%202010%20county%20adjacency%20file%20is%20a%20national %
2C%20tab%20delimited, the%20end%200f%20the%20list, accessed on 13 July 2026).

> data(county.adjacency)

> data(USAcities)

A data frame with 17 variables: city—The name of the city /town; city_ascii—"city”
as an ASCII string; state_id—the state or territory’s USPS postal abbreviation; state_name—
the name of the state or territory that contains the city/town; county_fips—the 5-digit
FIPS code for the primary county. The first two digits correspond to the state’s FIPS code;
county_name—the name of the primary county (or equivalent) that contains the city /town;
lat—the latitude of the city/town; Ing—the longitude of the city /town; population—an
estimate of the city’s urban population; density—the estimated population per square
kilometer; source—for some cities, our data is generated from a polygon representing
the city, for others we simply have a point; military—TRUE if this place is a military
establishment such as a fort or base; incorporated—TRUE if the place is a city/town.
FALSE if the place is just a commonly known name for a populated area; timezone—
the city’s time zone in the tz database format (e.g., America/Los_Angeles); ranking—
an integer from 1-5 that captures the importance of a city (1 is most important, 5 least
important); zips—a string containing all five-digit zip codes in the city/town, delimited by
a space. Learn more; id—a 10-digit unique id generated by SimpleMaps. It is consistent
across releases and databases (e.g., World Cities Database) (see this link for US cities:
https:/ /simplemaps.com/data/us-cities, accessed on 13 July 2026).

Appendix B.2. Main Functions

BNB, BZINB, BSTNB, and BSTZINB are considered as main functions in our package.
Here, we are only illustrating the BSTZINB function since the other functions are just a
few variants.

> BSTZINB(y,X,A,LinearT = TRUE,

nchain=3, niter=1000, nburn=0, nthin=1)

* y: Aresponse variable in a vector form of size #. Our model assumes y is arranged
in ascending order of spatial unit and temporal unit. For example, if we assume s

https:/ /doi.org/10.3390/stats9040076


https://www.census.gov/geographies/reference-files/2010/geo/county-adjacency.html#:~:text=The%202010%20county%20adjacency%20file%20is%20a%20national%2C%20tab%20delimited,the%20end%20of%20the%20list
https://www.census.gov/geographies/reference-files/2010/geo/county-adjacency.html#:~:text=The%202010%20county%20adjacency%20file%20is%20a%20national%2C%20tab%20delimited,the%20end%20of%20the%20list
https://www.census.gov/geographies/reference-files/2010/geo/county-adjacency.html#:~:text=The%202010%20county%20adjacency%20file%20is%20a%20national%2C%20tab%20delimited,the%20end%20of%20the%20list
https://simplemaps.com/data/us-cities
https://doi.org/10.3390/stats9040076

Stats 2026, 9, 76

20 of 24

spatial units and ¢t temporal unit, then we consider y of size n = st as arranged in the
following order: (1,1),(1,2),---,(1,¢),(2,1),(2,2),--- , (s, 1)

*  X: Asetof covariates in a matrix form. It has n rows indicating spatio-temporal unit,
and p columns indicating each covariate.

e A: Adjacency matrix of which (i, i,) element is either 1 if spatial unit i and i are
neighbors, or 0 otherwise.

* LinearT: A logical indicator. The default option is TRUE. TRUE means that we assume
a linear time trend structure. FALSE means that we assume a non-linear time trend
structure represented by B-spline functions (See the reference).

* nchain: The number of chains in MCMC settings.

* niter: The number of iterations in MCMC settings.

*  nburn: The number of burn-in samples in MCMC settings.

* nthin: The number of thinning samples in MCMC settings.

The output of the BSTZINB function consists of the following:

*  Alpha: MCMC sampled coefficients in the binary (structure zero) model component.

¢ Beta: MCMC sampled coefficients in the count (Negative Binomial) model component.

* R: MCMC sampled dispersion parameters using the random-walk Metropolis—
Hastings approach.

*  R2: MCMC sampled dispersion parameter using the two-stage Gibbs approach.

*  Sigphi: MCMC Sampled values of the 4 x 4 conditional covariance matrix I'.

*  PHI1: MCMC Sampled values of random intercepts for the binary (structure zero)
model component.

e PHI2: MCMC Sampled values of random slopes for the binary (structure zero)
model component.

*  PHI3: MCMC Sampled values of random intercepts for the count (Negative Binomial)
model component.

*  PHI4: MCMC Sampled values of random slopes for the count (Negative Binomial)
model component.

*  ETA1:MCMC Sampled values of logit(g;;) for the binary (structure zero) model component.

* ETA2: MCMC Sampled values of logit(p;;) for the count (Negative Binomial)
model component.

Appendix B.3. Auxiliary Functions

The following are descriptions for a list of functions other than the main functions
provided in Table 1.

> USDmapCount (state.sel,dat,scol,tcol=NULL,
tsel=NULL, cname ,uplim=NULL)

* state.sel: A name set of states in the United States

¢ dat: A dataset with spatial and/or temporal unit variables.

* scol: Anindex or indexes of spatial unit variables in dat.

* tcol: Anindex of temporal unit variables in dat.

e tsel: A value of temporal units in dat. tsel=NULL is a default option, which
shows a time-averaged output. You may specify a specific time value to show a
time-specific output.

*  cname: A name or a set of names of US counties.

e uplim: An upper limit value of outcome variables to visualize. uplim=NULL is a
default option, which considers a maximum value of outcome variables to visualize.
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> get_adj_mat (county.adjacency,Countyvec,Statevec)

*  county.adjacency: A dataset of US counties including county names and their neigh-
bors. county.adjacency (See Appendix B.1) is an exemplary dataset provided in
our package.

* Countyvec: A set of names of US counties on your data analysis. All the counties
should belong to the US states specified in the Statevec argument.

* Statevec: A set of names of US states on your data analysis.

gRankPar and gRankParTop have similar arguments to use, so we will only illustrate
gRankParTop as their representative one.

> gRankParTop(state.set,cname,bstfit,vn=12,cex.title=18, cex.lab=12, cex.
— legend=12)

e state.set: A name set of states in the United States.

*  cname: A name or a set of names of US counties.

*  Dbstfit: One of the BSTNB, or BSTZINB objects in our package.
¢ vn: The number of selected counties to visualize.

*  cex.title: Font size for the title of the graph (in points).

*  cex.lab: Font size for the labels on the axes (in points).

*  cex.legend: Font size for the legend text (in points).

> TimetrendCurve(bstfit,cname,vn=5,smooth.mode=TRUE,cex.title=18, cex.lab
— =12, cex.legend=12)

*  Dbstfit: One of the BSTNB, or BSTZINB objects in our package.

*  cname: A name or a set of names of US counties.

e vn: The number of selected counties to visualize.

*  smooth.mode : TRUE if you apply smoothing spline approach to visualize #; (default);
FALSE if you visualize a raw line of 7,

e cex.title: Font size for the title of the graph (in points).

*  cex.lab: Font size for the labels on the axes (in points).

*  cex.legend: Font size for the legend text (in points).

> ResultTableSummary (bstfit)

*  Dbstfit: One of the BNB, BZINB, BSTNB, or BSTZINB objects in our package.

> ResultTableSummary2(y, X, A, LinearT=FALSE, nchain=3, niter=10, nburn=0,
— nthin=1){

* y: Aresponse variable in a vector form of size #. Our model assumes y is arranged
in ascending order of spatial unit and temporal unit. For example, if we assume s
spatial units and ¢t temporal unit, then we consider y of size n = st as arranged in the
following order: (1,1),(1,2),---,(1,¢),(2,1),(2,2),--- , (s, 1)

*  X: Aset of covariates in a matrix form. It has n rows indicating spatio-temporal unit,
and p columns indicating each covariate.

e A : Adjacency matrix of which (i,i') element is either 1 if spatial unit i and i are
neighbors, or 0 otherwise.
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LinearT: A logical indicator. The default option is TRUE. TRUE means that we assume
a linear time trend structure. FALSE means that we assume a non-linear time trend
structure represented by B-spline functions (see the reference).

nchain: The number of chains in MCMC settings.

niter: The number of iterations per chain in MCMC settings.

nburn: The number of burn-in samples per chain in MCMC settings.

nthin: The number of thinning samples in MCMC settings.

compute_ZINB_DIC and compute_NB_DIC have similar arguments to use, so we will

only illustrate compute_ZINB_DIC as their representative one.

>

compute_ZINB_DIC(y,bstfit,lastit,nchain)

y: A response variable in a vector form of size n. Our model assumes y is arranged
in ascending order of spatial unit and temporal unit. For example, if we assume s
spatial units and t temporal units, then we consider y of size n = st as arranged in the
following order: (1,1),(1,2),---,(1,¢),(2,1),(2,2),- -+, (s,t)

bstfit : One of the BZINB, or BSTZINB objects in our package.

lastit: The number of iterations minus the number of burn-in samples per chain in
MCMC settings.

nchain: The number of chains in MCMC settings.

>

conv.test (params,nchain=3,thshold=1.96)

params: An array of MCMC samples in parameters. This can be recovered from
parameters in BNB, BZINB, BSTNB, or BSTZINB objects.

nchain: The number of chains in MCMC settings.

thshold: Decision criteria of Geweke statistics.

Appendix B.4. Imports and Suggests of R- Libraries

The following are the libraries required to run BSTZINB.

V V. V V V V V V V V V V V V

library(BayesLogit)
library(boot)

library(coda)

library(dplyr)
library(ggplot2) ## For maps
library(gt)
library(gtsummary) ## For summary tables
library (maps)
library(matrixcalc)

library (MCMCpack)

library (msm)
library(reshape)

library (spam)
library(viridis)

The following libraries are suggested for BSTZINB package:
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library(knitr)
library(rmarkdown)
library(CorrMixed)
library(ape)
library(testthat)

vV V V V V
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