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Abstract

Increasing tick abundance and tick-borne pathogens constitute a growing threat to
public health. Five major ticks species were reported to be active and responsible
for transmitting a variety of pathogens of both human and animals during the pe-
riod of the original research, namely: Izodes scapularis, Amblyomma americanum,
Dermacentor variability, Amblyomma maculatum, and Haeaphysalis longicornis.
This study uses tick life stages monthly data collected from 2009 to 2018 from
12 random sample sites within the edges, grass and woods habitat types in eight
southeastern counties in Virginia, United States. The availability of time series
and geo-referenced datasets for modelling has necessitated the development and

application of dynamic time series and spatio-temporal statistical methods.

In this study, two Bayesian estimation techniques were investigated. The study
compares the model overall performance by the Markov Chain Monte Carlo (MCMC)
method with the Integrated Nested Laplace Approximation (INLA)technique.
Multilevel Bayesian models were introduced using the INLA technique and its flex-
ibility and computation time was demonstrated and compared with the MCMC
technique. This dissertation contributed by developing models that enabled incor-
poration of the association among the components of response vector over time,
while modelled as a function of time and space-time covariates. The models de-
veloped were successful in revealing environmental and time variations effects on
the distribution of tick life stages. Alternative to the frequentist approach, the use
of prior distributions in Bayesian modelling was useful for improving the model
accuracy. Bayesian models offers flexible specification of complex models through

the inclusion of random effects, hyperparameters and time-varying coefficients.

The study investigates the temporal behaviour of tick life cycle stages in each
month, taking into consideration the effects of time trends, seasonal, and envi-

ronmental variations. The association between tick life stages is modelled using
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a multivariate Poisson, zero inflated Poisson and/or negative binomial distribu-
tions. Similar monthly time effects results were found in chapters 4, 5 and 6.
Secondly, variation within the random sample sites was investigated using differ-
ent prior distributions. This type of model was able to reveal that some areas
in York, Portsmouth, Cheasapeake and Northampton counties had a significant
higher tick variations while some areas in Portsmouth and Norfolk had significant

lower variations.

Lastly, the study employed spatio-temporal models to unpack the effects of space
over a period of time. The results showed that tick abundances were influenced
by environmental factors and seasonal changes and it was concluded that tick
abundances depend on the type of habitat where they are closer to their hosts

and the time when their hosts are more likely to be targeted.
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Chapter 1

Introduction

1.1 Background

There is a vast amount of time series including geo-referenced data in many fields
of study including ecological studies. Geo-referencing is usually by point referenc-
ing; that is, latitudes and longitudes or by areal referencing, which includes dis-
tricts, counties, states, provinces and other administrative units, while time series
data may include counts or measurements over a period of time. The availability
of large geo-referenced and time series datasets for modelling has necessitated the
development and application of spatial and time series dynamic statistical meth-
ods. This dissertation focuses on spatiotemporal and multivariate dynamic time
series modelling of Amblyomma americanum tick counts as a function of time de-
pendent and environmental covariates. The introductory part of this dissertation
highlights the lack of dynamic time series models for modelling tick species and
the importance of developing available spatial, spatiotemporal and multivariate

dynamic time series models.

Spatial varying coefficients models exploring the abundance of tick counts remain

limited. Efficient assessment of spatial and temporal patterns in species distribu-



tions, for example, to draw species distribution maps and to estimate population

trends, has been a challenging but essential endeavour for ecologists and wildlife

managers for a long time (Barker and Sauer| [1992; Inger et al., 2015). Species

distribution or abundance models that specify population trends help understand

basic ecological questions (Sattler et al.| 2007). Reliable distribution and trend

estimates are essential for a smart resource allocation in conservation (Rodrigues

et al, [2006) and species management (Sutherland et al., [2004).

Models in literature for tick modelling involve GLMs, maximum entropy (Max-
Ent), classification and regression tree (CART), species distribution modelling
(SDM), ecological niche factor analysis (ENFA), and Bayesian hierarchical models
among many others. Generalized linear models have been employed to investigate
tick aggregation at different spatial ranges, provide robust estimates of tick den-

sities between landscapes, and to determine and disaggregate the drivers of tick

density and presence probabilities in an area (De Clercq et al., [2015; |[Kaizer et al.|

2015; |[Estrada-Pena et al., 2016; [Requena-Garcia et al., 2017; [Sagurova et al.

2019; [Fan et al., 2023)). Maximum entropy methods have been used to explore the

limits of potential distribution by extrapolating the environmental requirements
of ticks. These methods were also utilised to analyse the possible spatial range

of tick species, and to explore how climate change can shape their distribution

(de Oliveira et al, 2017; Raghavan et al., 2019; Ma et al., 2021} Lippi et al., 2021;

Rochlin et all [2023). Studies using SDM techniques lead to precise boundaries

of the range of tick presence based on computational map modelling and demon-

strate the way in which local populations of ticks differ in abundance towards

the boundaries of the range (Qviller et al., [2016; [Estrada-Pena et al., 2016; Lado|

et al., [2020; Kopsco et al., 2022; Rochlin et al., 2022, 2023). The CART technique

has been used to review data on tick distribution and prevalence of tick-borne dis-
ease (TBD) for a national TBD management approach using the ecological and

epidemiological information of ticks and the related diseases they transmit (Ly-




men et al., 2008; De Clercq et al., [2015; Kjeer et al., [2019). The ENFA technique

has been used to measure the extent to which the preferences of a given species

deviate from average conditions and the extent to which the species is selective

over the range of environmental conditions available in a country (Estrada-Pena

and Venzal, 2007; Lynen et al) [2008). Bayesian hierarchical models have been

used in modelling prevalence of tick-borne pathogens and spatio-temporal distri-

butions (Wimberly et al., 2008; |Simpson et al., [2019; Lephoto et al., 2021} Clark]

and Wells, 2023).

Bayesian methods used in modelling tick abundances or related tick-borne dis-

eases have employed the Markov Chain Monte Carlo (MCMC) sampling technique

(Zipkin|, 2012; Liu et al., 2017; Neupane et al., 2021} |Clark and Wells, 2023; Wang

et all [2023). The Integrated Nested Laplace Approximation (INLA) technique
can be used to conduct Bayesian inference as an alternative method to MCMC.
The INLA technique approximates the posterior distribution based on the Laplace
formulation, then it draws from the approximated posterior distribution to esti-

mate the desired quantities and turns out to be more computationally efficient

when compared to the MCMC approach (Arabl 2015} |Ferkingstad et al., 2017;

Khana et al., 2018; [Van Niekerk et al., 2023).

A. americanum ticks have long been identified as nuisance biters because of

their aggressive questing behaviour (Hair and Howell, |1970; Merten et al., |2000;

Otélora-Luna et all [2022). Despite its prominence as a nuisance biter and vec-

tor of human pathogens, efforts to define the species’ variations within counties

remain limited (Benham et al), 2021). Therefore, one of the strategies to help

reduce tick-borne diseases is to have an in-depth analysis of the life stages abun-
dance patterns and factors contributing in each of the randomly sampled locations.
The aim of this dissertation was to unmask the heterogeneity within southeast-

ern counties in Virginia. Thus, we modelled tick life stage abundance variations



within the randomly sampled locations. Tick counts were modelled as a function

of temporal and environmental covariates.

1.2 The aim and objectives of this dissertation

Several applications of time series of count responses have shown the need to
develop and relax model assumptions for accurate statistical modeling. For the
J—dimensional vector of count responses observed at n locations over T regu-
larly spaced times, the objective is to understand stochastic temporal patterns
as a function of observed location-specific and/or time-varying covariates. For
example, in ecology, understanding the causes and consequences of variation in
the abundance of organisms as a function of environmental and topographical co-
variates has been a long-standing goal [Scheiner and Willig (2011). The modeling
described in this dissertation enables adequate incorporation of the association
in the response over time as well as association between the components of the

response vector.
Specifically, the main objectives are to build on existing models:

e that can jointly model tick life stages, determine the association among life
stages, and find the relationship between life stage specific abundance and

the environmental and temporal predictor variables.

e and extend them in order to identify tick hotspot areas using sample sites

as random effects.

e to investigate spatial and temporal effects on the distribution of tick life

stages.

We model multivariate time series of tick life-stage counts as a function of location-
specific and time-dependent covariates. In practice, proper specification of the

underlying distribution can be challenging due to the fact that count data can



exhibit over- or under-dispersion relative to the Poisson distribution, or an ex-
cessive number of zero counts. Another challenge is the complex modelling and
implementation of multivariate time series spatial models. The study employs the
Integrated Nested Laplace Approximation (INLA) technique by Rue et al.| (2009)
to model counts using spatial univariate models models. This technique is com-
pared with the Monte Carlo Markov Chain (MCMC) for estimation of posterior

parameters in Bayesian inference.

1.3 Significance of the study

The significance of this study is to develop appropriate and accurate dynamic sta-
tistical models for areal, multivariate and hierarchical time series of count data.
We wish to develop hierarchical dynamic time series models and spatiotempo-
ral models to accommodate the hierarchy in the data, while taking into account
temporal and environmental or spatial covariate effects. The use and develop-
ment of the suggested models is important to understand tick life stage dynamics,
their correlations as well as the relationship between environmental or spatial and
temporal effects. The models are important for unpacking tick hotspot areas,
where these could be linked with their favourable hosts and temporal abundance

fluctuations to avoid tick-borne diseases.

1.4 Dissertation layout

Chapter [2| briefly reviews modelling of count data, time series of counts, multi-
variate Poisson for count data modelling, the MCMC sampling algorithms and

the approximate Bayesian inference using INLA.

Chapter |3| present the exploratory data analysis. This chapter describes the data

and present summary statistics for tick life stages counts according the habitat



types.

Chapter {4 uses a multilevel dynamic model to investigate the influence of envi-
ronmental and temporal predictors on the tick life cycle stages count outcome,
and accounts for the association among the components of the response vector.
This chapter addresses the first research objective through models that were im-
plemented. The model implemented accounts for over-dispersion and allows for
both positive and negative associations between the components of the response
vector. The model is implemented because of its flexibility which allows joint
modelling through a combination of different marginal count data distributions
while allowing the building of dynamic models for the vector time series. The
multivariate aspect is brought in through the introduction of the variance covari-
ance matrix. The tick life-stage counts data time series is modeled as a function
of habitat-type-specific and/or time-dependent covariates. The INLA approach is
employed and compared with the MCMC to demonstrate its computational speed
through a simulation study. Furthermore, the vector of counts is modelled using

different marginal distributions to assess the model capabilities in fitting the data.

In Chapter [3, a hierarchical multivariate model is described for modelling tick
abundance and investigating the relationship between location-time specific pre-
dictors while taking into account the random effects variations that are accounted
for by the tick abundance variations within the sample sites. The aim was specifi-
cally to investigate and account for the heterogeneity in the sample sites by means
of random effects. As a result, findings in this chapter will address the second
research objective. The approximate Bayesian framework for fast estimation is
described and the multivariate Poisson and negative binomial distributions were
assumed for count data responses. This model helped to assess overall tick abun-
dance across all sample sites that were within the habitat types. The use of the

Poisson and negative binomial multivariate distribution also enabled modelling



the association between the components of the response vector as a function of
location and time specific covariates that vary over time. Firstly, the study shows
the use of multivariate Poisson to model the association between the components
of the response vector and application of the methodology to an example from

ecology.

In Chapter [6] the Poisson and NB count data models are applied and compared to
explore the influence of environmental and temporal predictors on the distribu-
tion of tick counts. An assumption that the relationship between the predictors
and the response variables in a regression model are constant across the study re-
gion and over time is relaxed. This assumption is unrealistic for spatial processes
as factors such as sampling variation and different relationships across regions
(for example, attitudes, preferences, culture and others) contribute to different
responses to the same stimuli as one moves across regions and over time. The ap-
proach in this chapter address the last research objective. A frequent approach to
spatial modeling dates back to the work by Besag et al.| (1991)) which was extended
by Bernardinelli et al. (1995) to include a linear term for space-time interaction.
Many studies have relaxed the assumption, for example, Assuncao et al. (1999))
introduced a Bayesian space-varying parameter model to examine micro-region
factor productivity and the degree of factor substitution in the Brazilian agricul-
ture. In this study, the Bayesian spatio-temporal process model was used to allow

covariates to vary spatially and over time.

Chapter [7.4] presents recommendations for future research and possible extensions
of the work covered in this dissertation. Furthermore, the limitations are briefly

described.

The R code used for simulating data is provided in the appendices at the end of

this dissertation.



Chapter 2

Literature review and

preliminary concepts

2.1 Literature review

2.1.1 Count data modeling

Increasing tick abundance and tick-borne pathogens constitute a growing threat
to public health (Laaksonen et al., 2017; Paull et al., 2022; Wimms et al., [2023)).
Nadolny et al. (2014) recorded more than 66 000 questing tick populations in
the southeastern Virginia, comprising 7 species from a variety of habitats, with
Amblyomma americanum (Lone Star tick) constituting over 95% of the ticks col-
lected. Five major tick species were reported to be active and responsible for
transmitting a variety of human and animal pathogens namely, Irodes scapularis,
A. americanum, Dermacentor variabilis, Amblyomma maculatum, and Haema-
physalis longicornis (Nadolny and Gaff, 2018). The H. longicornis is of high
veterinary importance for transmission of Theileria orientalis Tkeda in cattle even
though it is not a key human-biting species (Oakes et al., 2019). The most com-

mon human-biting tick in Virginia is A. americanum, and it transmits several



pathogens of medical and veterinary significance, including Ehrlichia chaffeensis
(the causative agent of human monocytic ehrlichiosis), Heartland virus (HRTV)
and Bourbon virus (BRBV) among others (Goddard and Varela-Stokes| 2009;
Savage et al., 2013, 2017)

Due to the effects of climate change and transportation by hosts, tick ranges
are ever-changing. In recent years the A. americanum species has expanded its
range into northeastern and midwestern United States and nothward into Canada
(Molaei et al.; [2019). A recent study in Kentucky reported detection of Ehrlichia
chaffeensis from 32 counties out of the 77 sampled counties in 2019 through 2020
(Pasternak and Palli, 2023). The 2011 Centers for Disease Control and Prevention
(CDC) report indicated that there were 863 human cases of ehrlichiosis in the
United States. An increase was observed over a seven-year period, with human
cases steadily increasing to 1 832, with 1 799 as a result of E. chaffeensis infection

(Adams et al, 2013} CDCJ 2021)).

A. americanum ticks have long been identified as a nuisance biter because of
their aggressive questing behaviour (Hair and Howell, 1970; Merten et al., |2000;
Otalora-Luna et al., [2022)). Despite its prominence as a nuisance biter and vector
of human pathogens, efforts to define the species’ variations within counties remain
limited (Benham et al.;2021). Therefore, one of the strategies to help reduce tick-
borne diseases is to have an in-depth analysis of the life stages abundance patterns

and factors contributing in each of the randomly sampled locations.

Regression modeling of problems where the response variables are independent
counts is diverse. The Poisson distribution is the most common approach used
for modeling of count data. This approach implements generalized linear models
as proposed by (McCullagh and Nelder, 1989)). The Poisson regression model
assumes that the mean and the variance are equal. In practice, counts often

exhibit over-dispersion, that is, show evidence that the variance is larger than the



mean (Hinde and Demétrio|, [1998; Cameron and Trivedi, 2001). When the data

exhibit over-dispersion, the general solution is to introduce a dispersion parameter

in the Poisson regression model or revert to the negative binomial model (Hinde;

and Demeétrio, [1998; Cameron and Trivedi, 2001} Zeileis et al., [2008).

Alternatively, the Poisson-lognormal regression model, first proposed by [Aitchison]
(1989), can be used. This model is a result from a lognormal distribution
used as a random effect in the Poisson model (Agresti, 2010). The model is ver-

satile because of its simple form which provides a convenient framework to carry

out a series of typical multivariate statistical analyses (Chiquet et al., 2021), and

includes multivariate sample comparison via linear discriminant analysis, dimen-

sion reduction through the use of principal component analysis (Chiquet et al.,

2018), and network inference (Chiquet et al., 2019). Zhou et al. (2012)) suggested

lognormal and gamma mixed negative binomial regression model for counts since
these have one extra degree of freedom to incorporate different kinds of random

effects.

‘Wedderburn| (1974) relied on the quasi-Poisson (correct-specification of the mean

and variance relationship) in modeling non-standard response distribution as an

alternative to the standard Poisson regression model. A Poisson-mixture model,

also known as the negative binomial model as proposed by (Greenwood and Yule|

(1920) is the standard parametric model used to account for over-dispersion.

Lambert/ (1992)) introduced zero-inflated count data models to handle excess zero

counts in the data. Species zero-count data may arise from many situations; that
is, species zero-counts at a location or site due to observations that are attributable

to unsuitable habitats or suitable habitats that are unoccupied (Martin et al.
2005). Some examples of zero-inflated Poisson (ZIP) models include studies by

Kuhnert et al.| (2005) to assess the impact of grazing on bird densities in woodland

habitats and Martin et al. (2005) to model prevention in dental epidemiology,

10



among others.

Univariate analysis of count data is no longer sufficient when the primary focus
of the analysis of multivariate count data is to describe the association among
the counts (Alfo and Trovato, 2004). Although count data has been the sub-
ject of an increasing number of proposals in many scientific areas, models taking
into account multivariate counts are still very rare. Bivariate Poisson distribu-
tion modelling has been conducted by Johnson and Kotz (1969), |Cameron and
Johansson (1997), and Karlig (2003). Some of the works that have analyzed
multivariate count data include the semi-parametric mixture model by |Alfo and
Trovato| (2004), the negative binomial regression model by |Famoye (2010), and
the multivariate generalized Poisson regression model proposed by |[Famoye| (2015)
based on a multivariate distribution with several parameters to model the over-
dispersion, and several parameters to model the correlation between the count

variables.

The disadvantage in the bivariate Poisson models by |Johnson and Kotz (1969);
Cameron and Johansson (1997)); Karlis (2003)) is that the association between
components of the vector-valued count variable is restricted to being positive.
This assumption is not realistic for several applications. Karlis and Meligkotsidou
(2007) relaxed the assumption by proposing finite multivariate Poisson mixture as
an alternative class of models for multivariate count data. The models allow for
both negative and positive association and over-dispersion, although computations

can take a long time.

Aitchison and Ho| (1989) described a multivariate Poisson-lognormal model ap-
proach which allows for modeling of the association within the response vector
for data that are possibly over-dispersed. A Bayesian approach for the regression
model was developed by |(Chib and Winkelmann (2001). However, the possibil-

ity of temporal association was not accounted for when the data was collected
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on different sites or locations over time. The literature describing properties for
the induced association was still missing, although |Aitchison and Hol (1989) noted
that the range of the induced associations is not as wide as that of the correspond-
ing lognormal or normal distributions. |Serhiyenko (2015) carefully quantified the
values of the minima and maxima of the induced associations between the count
variables as a function of the marginal Poisson means, correlations and variances

of the components from the underlying lognormal distributions.

There is a rising interest in the development and application of spatial and spatio-
temporal statistical methods for analysis of geographically correlated count data
as well as data that vary over time. This can be attributed to the increasing
availability of space-time data in many fields of study including ecology as dis-
cussed by (Khaemba and Stein, 2001). [Khaemba and Stein (2001)) illustrated the
use of spatial statistical methods to understand wildlife abundance, distributions
and variability of diversity in space and time. Spatio-temporal modeling has seen
many applications in modeling of tick-borne disease cases Rosa et al|(2018); Rau
et al.| (2020); Neupane et al.| (2021)); Mutizhe et al. (2022). Although these mod-
els have been applied extensively, their application regarding tick abundance is
sparse. It would be interesting to know how environmental and temporal factors

contribute to the tick life-stage abundance distribution.

2.1.2 Modelling time series of counts

The literature on time series modeling of count data includes parameter driven
and observation driven models. The GLM (generalized linear models) frame-
work by McCullagh and Nelder| (1989)) allows combining of traditional time series
models such as autoregressive (AR) models, moving average (MA) models, autore-
gressive moving average (ARMA) models, autoregressive integrated moving aver-

age (ARIMA) models, seasonal ARIMA models, autoregressive conditional het-
15/04/2024
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eroskedasticity (ARCH) models and generalized ARCH (GARCH) models (Davis
and Liu, [2012; Douc et al., [2017)).

Various statistical models have been developed to model count data, but the
Poisson distribution is usually the first choice of the underlying distribution for
the time series modeling of counts under the GLM framework. In practice, the
classical Poisson regression model is often of limited use because count data sets
typically exhibit over- (or under-) dispersion and/or excess number of zeroes.
The former issue is usually addressed by extending the standard Poisson model in
various directions such as using the sandwich covariance structure or estimating
an additional dispersion parameter in a quasi-Poisson model, or using the negative
binomial regression model (Nelder and Wedderburn, [1972; McCullagh and Nelder,
1989). The latter issue of excess zeroes is addressed by introduction of zero-

inflated Poisson and negative binomial models Mullahy| (1986); |[Lambert| (1992)).

Various statistical packages can be used for model estimation, diagnostics, and
forecasting. The GLM framework is implemented in R (R Core Team) 2022) sta-
tistical package through model fitting functions such as glm() for Poisson and
glm.nb() for negative binomial in the stats and M ASS packages, respectively
(Bates et al.; 1992). The tscount R packages provide a flexible framework for es-
timation of count time series in GLM. Another package in R, called glarma, gives
functions for fitting generalized linear autoregressive moving average (GLARMA)

models for discrete-valued time series (Dunsmuir and Scott], 2015)).

Count model estimation can be done using likelihood methods. The method
of maximum likelihood inference for Poisson and negative binomial time series
models has been developed by Davis et al.| (2003)); Christou and Fokianos| (2014)).
The method of quasi-likelihood was discussed by |Zeger| (1988)). (Chib et al.| (1998))
discussed Bayesian modeling of panel count data under the Poisson-lognormal

model, and (Chib and Winkelmann| (2001)) discussed models with latent effects for
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count correlated data.

Another approach to develop models for count time series, proposed by [Steutel and
van Harn| (1979)), is based on the thinning operator where the thinning operator is
generated by counting series of Bernoulli distributed random variables. The INAR
(1) (first-order integer-valued autoregressive) model was developed by McKenzie
(1985)), and later by |Al-Osh and Alzaid| (1987). However, integer-valued time series
based on thinning operations is more restrictive in its construction than models
under the GLM framework (Tjgstheim, 2012). A drawback is that these models
have assumed a positive autocorrelation. A review of these models has been done
by (Weil, 2008). Multivariate INAR models for counts were also discussed in

Pedeli and Karlis (2011)), and recently in Bermudez and Karlis| (2021)).

Montesinos-Lépez et al.| (2017) developed a MCMC (Bayesian Markov Chain
Monte Carlo) model with noninformative priors, which allows obtaining of all re-
quired full conditional distributions of the parameters leading to an exact Gibbs
sampler for the posterior distribution. These models were developed to help and
provide tools for plant breeders performing genomic selection for multiple-traits
and multiple-environments for count data. However, one drawback might be
the computational time taken by the MCMC. Serhiyenkol (2015 proposed LCMs
(level correlated models) and implemented them in R, under the INLA (integrated
nested laplace approximation) framework, proposed by Rue and Martino| (2007);
Rue et al. (2009), to take into account the association among the components of
the multivariate response vector as well as over-dispersion. The INLA method
is an appealing alternative to the MCMC because of its speed and ease of use
through the R-INLA package in R statistical software (R Core Team, [2022). In
this study, computational times are compared between INLA and the MCMC
through multilevel multivariate modelling to tackle both negative and positive

correlations in multivariate count outcome data.
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2.2 Preliminary concepts

2.2.1 Multivariate Poisson distribution

The definition of a J-variate Poisson distribution is based on a mapping g : N¢ —
N7, ¢ > J, such that Y = ¢g(X) = AX (Mahamunulu, 1967), where X =
(Xi,...,X,), is a vector of unobserved independent Poisson random variables;
that is, X, ~ Poisson(A,) for r = 1,...,q, and A is an arbitrary J X ¢ matrix
which determines the properties of the multivariate Poisson distribution (MP).
Here, the J-dimensional vector Y = (Y;,...,Y;) = AX follows a multivariate
Poisson distribution (M P;) with parameters A = (\1,...,\,;)" and its probability

mass function (PMF) is

MP;(y|A) = P(Y = y|A)

= > P(X=zn
€91 ()
q

= Z HP(Xr:xT’)‘r)a

z€g—1(y) r=1

(2.1)

where y denotes a vector of realisations y;’s, g~ '(y) denotes the inverse image of

y € N/ and for r = 1, ..., q, the PMF of the univariate Poisson distribution is

o exp(_)‘r))‘fr

x,!

P(X, =z |\)

A two-way covariance structured multivariate Poisson distribution was proposed
by |[Karlis and Meligkotsidou| (2005)) in order to permit a more realistic modeling
of multivariate counts for several practical applications. The construction of the

distribution is achieved by setting A = [A;As], where A; = I;is a J dimensional

J(J—1)

identity matrix, and A, is a J X ( 5

) binary matrix. In a sense of |[Karlis and

Meligkotsidou| (2005), A; is referred to as the “main effects” and A, is referred
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to as the matrix of “two-way covariance effects”; where each column of A, has
2 ones and (J — 2) zeros and no duplicate columns exist; and ¢ = J + [J(J —
1)]/2. Correspondingly, when the parameter A is split in two parts, then AL =
(A, ..., As), which corresponds to the J main effects, and A?) = (Astts--s Ag)
which corresponds to the J(J — 1)/2 pairwise covariance effects. Suppose J = 2,
the bivariate Poisson distribution with two-way covariance structure for Y =

(Y1,Y5) is expressed through ¢ = 3 independent Poisson variables as follows:

i =X, + X3 22)

}/2:X2+X37

where X; ~ Poisson()\;), ¢ = 1,2,3. The joint PMF of Y; and Y; is given as:

)\lel)\gZ
P(Yi = Z/1,Y2 = Z/2P‘) = eXp{_()‘l + >\2 + )\3)} y 'y ]
119!

OO

where s = min(y;, y2). Similarly, for J =3, Y = (Y1, Y2, ;) can be written as:

Yi=Xi+X4+ X5
Vs = Xo + Xy + Xg (2.4)

Y3 = X3+ X5 + X,

where X; ~ Poisson()\;), i = 1,...,6, see (Karlis and Meligkotsidoul, 2005). The
joint PMF of Y7, Y5 and Y3 is given as:
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g XomXe \a \ Ko \¥o
(y3 — X5 — Xo)!X4!X5! X!

6

P(Yy = y1,Ya = 12, Ys = ys|A) = exp{— > _\;}
=1

/\?1JI—X4—X5)\32/2—X4—X6

X
2 (1 — X4 = X5)l(y2 — Xy — Xo)!

(X4,X5,X6)€D

(2.5)

where the summation is over the set D such that D = [(Xy, X5, Xs) € N: (X, +

X5 <y1) N (Xy+Xo <y2) N (X5 + X <y3)] #0

Respectively, matrix A has the forms for J =2 and J = 3 as follows:

100110
101
and | 010101 (2.6)
011
001011

The mean vector is given by E(Y'|A) = AX and the variance-covariance matrix
is given by Cov(Y|A) = A>  A', where > = diag(\,...,\,). According to
Karlis and Meligkotsidou (2005), this covariance cannot accommodate negative
associations among the components of response vector, Y. Note that when J =
1, the multivariate Poisson, MP;(y|A) in Equation reduces to a univariate

Poisson PMF P(Y = y|\) = <222

y!

2.2.2 Markov Chain Monte Carlo sampling algorithms

The Markov Chain Monte Carlo (MCMC) is a large class of methods that enables
inference in high dimensional problems with unknown quantities and is able to
handle complicated distributions. A detailed and broad overview of the MCMC
techniques in Bayesian computation can be found in|Gamerman and Lopes) (2006);

Robert et al.| (1999); Chen et al. (2012)). These methods are commonly used for
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computing posterior quantities such as means, standard deviations, medians, cred-
ible intervals and quantiles from the known, simulated and/or approximated pos-
terior distributions. The Gibbs sampler is the most popular and basic technique
used (Geman and Geman,|1984)). The technique is usually used when the joint dis-
tribution is fairly complex, and the conditional distributions are relatively simple.
The Metropolis-Hastings (MH) algorithm by [Metropolis et al. (1953); Hastings
(1970) is another method used when the form of conditional distribution is not

available as a known density.

Bayesian computation of the MCMC uses the Gibbs sampler as its sampling al-
gorithm. Suppose 6 = (6y,...,0,) denotes a vector of all parameters associated
with a model and suppose y is the observed data. Let 7(8|y) be the posterior

distribution of @ given y. Therefore, the Gibbs sampling algorithm is given as:

e Step 0: Choose an arbitrary starting point. 6 = (69, ... ,92)’, and set

1= 0;
e Step 1: Generate the next value . 87 = (6! ,07F1), and set i = 0;
— Generate 0/t ~ (017105, . .. ,92,7 Y);
— Generate 05t ~ (05|07 05, . . 79;97 Y);
— Generate 9;*1 ~ 7(9;+1|9§+1, - 79;t117 Y);

e Step 2: Set + =i+ 1 and repeat Step 1.

The algorithm will repeat until the chain converges, thereafter, the value 8" will
be drawn from the posterior distribution 7(8|y). For a high number of iterations,
the algorithm is expected to converge to the equilibrium. The approach requires
the conditional distributions 8, ~ w(0|6s,...,60k_1,0k4+1,...,6,,y) to be readily

available and the analytical forms to be known. If this is not the case, then the

18



MH algorithms can be used. The MH algorithm has two parts; that is, a proposal
and an acceptance of the proposal. Suppose that ¢(6|y) is a proposal density and
U(0, 1) is the uniform distribution defined on the interval (0,1). The general form

of MH sampling algorithm can be written as follows:

Step 0: Choose an arbitrary starting point 8°, and set i = 0;

Step 1: Generate a candidate starting point 6* from ¢(6’,.) and u from
U(0,1);

Step 2: Set 8 = 0" if u < a(0',0%) and 67" = @' otherwise, the

acceptance probability is given by:

w<e*|D>q<e*,ei>> )

a(6',0%) = min<ﬂ'(0¢‘D>q(ei’ o)

Step 3: Set i =7+ 1 and go to Step 1.

Tierney| (1994) stated that the general MH algorithm can be reduced to an inde-
pendent chain Metropolis algorithm if ¢(6, &) = g(a). When ¢(0, o) = ¢(a — 0),
where ¢(-) is the multivariate density and the candidate 8" in Step 2 is drawn
such that 8 = 0 + w (where w is the increment random variable following the
distribution ¢(+)), then the procedure is referred to as a random walk chain, see

Chib and Greenberg (1995).

2.2.3 Approximate Bayesian inference using INLA

The MCMC framework is useful in case where no analytical form of the posterior
distribution is available. The generalized dynamic models are a complex class of
models in terms of the dependence between different effects and states. It is worth
noting that the sources for dependence arise from the time evolution of the state
equation and the possible relationships within components of the response vector.

For this reason, the MCMC method tends to be slow in convergence of the sam-
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pling scheme for such complicated models. As a result, performance improvement
of this method was done by (Gamerman and Lopes| (1997)); [Knorr-Held and Rue
(2002)); Fruehwirth-Schnatter and Frithwirth (2007);|Rue and Held (2005). Never-
theless, the MCMC method algorithms remain cumbersome and time consuming
in terms of speed and accuracy. Rue et al.| (2009)) proposed the Integrated Nested
Laplace Approximations (INLA) to provide fast approximate Bayesian inference.
This method provides accurate approximations to the posterior distributions of
the parameters, and, since it does not rely on multiple sampling schemes, these
approximations reduce computational time compared to the MCMC inference.

Further information can be found in (Rue et al., 2009).

Usually, the approach is discussed relative to the latent Gaussian models or SAR
(structured additive regression) models (Fahrmeir and Lang, 2001). This setup
assumes that the response variable y; belongs to the exponential family and that
it is observed over time. The mean y; is linked to the structural additive predictor
n; through a link function, log(y;) = m. The dynamic model predictor can be

written as follows:

n=a+y+ 2,08, (2.8)

where « is the intercept, 7, introduces a temporal dependence in the model, and
3 is the linear coefficient vector of covariates z. Suppose x is the vector of all
latent Gaussian variables, and @ vector of hyperparameters is associated with a
model. According to Rue and Martino| (2007) the latent field @ is assumed to
have conditional independence properties and the number of hyperparameters is

relatively small (< 6).

The marginal posterior distribution can be written as
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(i) = / 7 (il 0)r(6]y)d6. (2.9)

where x; denotes each component of the latent Gaussian x, y is a vector of ob-
served data, and @ is the vector of hyperparameters. In the form of the hierarchical
structure of the joint distribution, 7(x,y,0) = w(x|y,0)7(0|y)r(y). Therefore,
7(6|y) can be approximated by the Laplace approximation of a marginal posterior

distribution.

m(x,y,0)

ﬁg(il}' ’y’ 0) xz=x*(0)

T(0ly) o (2.10)

where x* is the mode of the full conditional 7(x|y, @). The denominator 7¢(x|y, )
denotes the Gaussian approximation to mg(x|y, @) (Rue and Held, 2005). In order
to integrate out 8, a good set of evaluation points 6, for numerical integration in
Equation must be found through exploring the properties of Equation [2.10]
That is, an iterative algorithm with appropriate choice of weights A, which are
assigned to each 6, must be initiated (Rue et al., [2009). According to [Rue and
Martino| (2007) and |[Rue et al| (2009), there are three alternatives that can be
used to approximate 7(x;|y,@). A simplified Laplace approximation, a Gaussian
approximation, and a Laplace approximation. [Rue and Held| (2005) stated that
the non-normal distribution under this alternative is approximated with a Gaus-
sian density matching the mode and the curvature at the mode. This method
produces results that are reasonable, though the approximation may be improved
by applying the simplified Laplace or the Laplace approximation to w(z;|y, 8).

Briefly, the numerical integration of

wlily) =D w(ily, 07 (Okly) Ar (2.11)
k
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can be used to obtain an approximation of the posterior marginal density in
Equation 2.9, The integration points 6, can be chosen using the central composite
design or the grid strategy. A detailed description can be found in Rue and
Martino| (2007). As a result, the approximate posterior quantities can be obtained

and used as posterior summaries for the parameters of interest.
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Chapter 3

Exploratory data analysis

3.1 Data description

The data were collected and prepared by researchers in the Department of Bio-
logical Sciences from Old Dominion University, in Virginia, United States (US).
Standard flagging techniques (CDC, 2020) were used along established transects
and identified species and life-stage according to (Sonenshine) 1979). Ticks life
stages count data were recorded for each different location, habitat and habitat
type through the four seasons. Data collection was conducted from independent
cities, namely; City of Chesapeake, City of Hampton, Isle of Wight County, City
of Norfolk, Northampton County, City of Portsmouth, City of Virginia Beach and
York County. For brevity, all will be referred to as counties. Data collection was
done at least once a month on varying days of the week and at 12 different sites in
southeast Virginia from May 2009 through December 2018 (Lephoto et al., [2021)).
The data were collected at random from multiple areas referred to as habitats,
and each area was designated by a unique number ranging from 1 to 5 for different
habitats. The habitat type was used to designate the kind of area (woods, edges

or grass) where the data were collected. The number of the week (from 1 to 53)
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was also recorded during data collection, with week 1 being the first week of the
year. While fewer ticks were observed in winter, the adult stage of I. scapularis is
active in winter. To help align the information from year to year, data collected
during the last week of December were recorded as week 53, which was also the
first week of January of the following year. Track records of the month and year

were also kept during data collection.

3.2 Exploratory results

Table shows environmental and time predictor variables used in this study.

Table 3.1: Predictor variables and their type.

Predictor Type
Habitat Environmental
Habitat type Environmental
Location(sample site)  Environmental
Year Time
Month Time
Season Time

Table [3.2[ shows the number of positive and zero counts in the data. It is obvious
that the data have more zero counts than positive counts for all tick life stages.
Our records show that the larvae were more abundant in the environment than
the nymph and adult stage ticks at all times, see Figure [3.1 The blue bars for
larvae are on average, approximately 7 and 14 times taller when compared with
the orange and grey bars for the nymph and adults, respectively, during the study
period from 2009 through 2018.

Table 3.2: Tick counts in the data, 2009-2018.

Variable  Positive counts  Nil counts

Larvae 726 3 767
Nymphs 1770 2723
Adults 1 365 3128
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Figure 3.1: Tick counts of larvae, nymph and adult species in Virginia, 2009-

2018.
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Figure depicts the monthly tick life stage counts by habitat type from June
2010 through December 2018. The data shows strong seasonality throughout the
years, indicated by peaks during warmer seasons. The plots show that larvae
counts were higher in all habitat types relative to nymph and adult counts. The
woods habitat type shows that higher tick counts were recorded in 2012, with the
larvae counts reaching approximately 30 000. However, we observe a decline in
the abundances for all life stages over the study period. The grass habitat type
had lower nymphal tick numbers from 2010 through 2014, after which there were
considerable peaks during summer seasons. We also observe a steady increase over
the study period in all stages. In the edges habitat type we observe a decline over
time for nymph and adult abundances, while larvae abundances were constant

throughout the study period.

Table [3.3| present summary statistics of tick life stage counts by habitat types.
It is clear from the table that the mean is less than the standard deviation for
all stages in each habitat type. The inequality in this case suggest presence of
overdispersion in the data and, as a result, the assumption of equal mean and
variance in the Poisson distribution is violated. The assumption can be relaxed
by considering the negative binomial distribution among other count distribution
models.

Table 3.3: Summary statistics of the data by habitat type, 2009-2018.

Habitat type  Tick stage N Mean  St. Dev.  Min Max

Larvae 108 328.94 661.33 0 3,746
Edge Nymphs 108  53.33 89.33 0 393
Adults 108  35.80 69.27 0 366
Larvae 111 235.86 630.19 0 3,265
Grass Nymphs 111 28.06 96.77 0 863
Adults 111 8.36 18.42 0 99
Larvae 106 785.98  1,682.64 0 10,355
Woods Nymphs 106 110.96 248.61 0 2,070
Adults 106 53.92 122.93 0 967
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Chapter 4

Multilevel dynamic multivariate
model applied to tick life-stage

count data

4.1 Introduction

Increasing tick abundance and tick-borne pathogens constitute a growing threat
to public health (Laaksonen et al. 2017; Paull et al., [2022; [Wimms et al.; |2023).
Nadolny et al. (2014]) recorded more than 66 000 questing tick populations in the
southeastern Virginia, comprising 7 species from a variety of habitats, with Ambly-
omma americanum (Lone Star tick) constituting over 95% of the ticks collected.
Our research is focused on modelling A. americanum tick life-stage abundance
collected over time from different habitat types. The objective of this study is
to develop a multilevel model for tick count data collected over time for tick life

stages, namely: larvae, nymph and adult stages.

Models in literature for tick modelling involve GLMs, maximum entropy (Max-

Ent), classification and regression tree (CART), species distribution modelling
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(SDM), ecological niche factor analysis (ENFA), and Bayesian hierarchical models
among many others. Generalized linear models have been employed to investigate
tick aggregation at different spatial ranges, provide robust estimates of tick den-

sities between landscapes, and to determine and disaggregate the drivers of tick

density and presence probabilities in an area (De Clercq et al.,[2015; [Kaizer et al.|

2015} [Estrada-Pena et all 2016} [Requena-Garcia et al 2017; [Sagurova et al.l

2019; [Fan et al., 2023)). Maximum entropy methods have been used to explore the

limits of potential distribution by extrapolating the environmental requirements
of ticks. These methods were also utilised to analyse the possible spatial range

of tick species, and to explore how climate change can shape their distribution

(de Oliveira et al., 2017; Raghavan et al., 2019; |[Ma et al., 2021} [Lippi et al., [2021;

Rochlin et all) 2023)). Studies using SDM techniques lead to precise boundaries

of the range of tick presence based on computational map modelling and demon-

strate the way in which local populations of ticks differ in abundance towards

the boundaries of the range (Qviller et al. 2016; Estrada-Pena et al., [2016; Lado|

et al., 2020; [Kopsco et al., 2022; Rochlin et al., 2022, |2023). The CART technique

has been used to review data on tick distribution and prevalence of tick-borne dis-
ease (TBD) for a national TBD management approach using the ecological and

epidemiological information of ticks and the related diseases they transmit (Ly-

men et al., 2008; De Clercq et al., [2015; Kjeer et al., [2019). The ENFA technique

has been used to measure the extent to which the preferences of a given species

deviate from average conditions and the extent to which the species is selective

over the range of environmental conditions available in a country (Estrada-Pena

and Venzal, |2007; [Lynen et al., 2008). Bayesian hierarchical models have been

used in modelling prevalence of tick-borne pathogens and spatio-temporal distri-

butions (Wimberly et al.l 2008} Simpson et al., 2019; |[Lephoto et al., [2021} |Clark

and Wells, 2023).

Bayesian methods used in modelling tick abundances or related tick-borne dis-
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eases have employed the Markov Chain Monte Carlo (MCMC) sampling technique
(Zipkin) [2012; Liu et al| [2017; Neupane et al., 2021; Clark and Wells, 2023; |Wang
et al. 2023). The Integrated Nested Laplace Approximation (INLA) technique
can be used to conduct Bayesian inference as an alternative method to MCMC.
The INLA technique approximates the posterior distribution based on the Laplace
formulation, then it draws from the approximated posterior distribution to esti-
mate the desired quantities and turns out to be more computationally efficient
when compared to the MCMC approach (Arab, 2015 Ferkingstad et al., |2017;

Khana et al., 2018; Van Niekerk et al. 2023).

We extend the application of a multilevel multivariate model proposed by |Ser-
hiyenko et al| (2018), also called the level correlated model (LCM), which they
used to study temporal patterns in prescription drug counts for competing drugs
in therapeutics. The model allows the flexibility of modelling multivariate hierar-
chical data at different cluster levels and employs the INLA algorithm for fast and
accurate approximate Bayesian posterior distributions. The model is appealing in
our case because it helps relax the assumption of positive associations between the
components of the response vector (which is an assumption made when dealing
with hierarchical life stages of the life cycle of a biological population) to include
negative associations through the variance-covariance matrix, where components
of the response vector are modeled jointly using univariate distributions and the
components are correlated at the location level. This study focuses on models
for multivariate time series of tick life stages count data collected at different
habitat types to investigate covariate effects and determine dependence between
the life stages. Univariate regression models cannot account for the dependence
between tick life stages (Aitchison and Ho| [1989; (Chib and Winkelmann, [2001;
Ma et al.. [2008). Since the dependence between tick life-stages may be due to
biological processes, where eggs hatch to emerging larvae, larvae to nymphs and

nymphs to adults, it is clear that numbers in a later stage will depend on previous
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stages in a life cycle, and correlations can occur due to factors such as habitat
type, sample sites and other factors which may simultaneously affect life stages.
Multilevel models are used instead of the univariate regression models to account
for the dependence between tick life stages. Our search did not find similar meth-
ods applied to ecological data, particularly tick life-stage count data. Our aim
is to understand the causes and consequences of variation in the abundance as a

function of environmental and temporal covariates.

Section[4.2] gives a detailed description of the structure of the multilevel model and
its framework in modelling multivariate time series data. A brief description of
model diagnostics is given in Section 4.3] Section details the multilevel model
simulation process and results. Section describes the application of the model,
where the first subsection gives a description of the tick life-stage data, then a
detailed description of multilevel Poisson and zero-inflated Poisson model fitting,
model application to data, model diagnostics, and lastly presents and interprets

model results. The conclusion is presented in the last section.

4.2 Model framework

Let Y = (Y14, ..., Yyi) be a J—dimensional vector of count responses observed
over T' regularly spaced time points and n locations, where ¢+ = 1,... ,n and t =
1,...,T. The assumption of the Poisson or zero inflated Poisson (ZIP) marginal

distributions for the multilevel time series model corresponds to

Poi(Ajt); when §; =1; or
Yiitl0j, Ajir ~ (4.1)

ZIP(\;it,9;); otherwise,
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and to include the effect for covariates we use the log-link regression model given
by

log(Ajit) = Bjio + Vit + 2B + ity (4.2)

where A;;; and ¢; are the mean count and dispersion parameters for the jth
component, respectively. 3; o is a location-specific intercept for the jth component

/

of the response vector, 2/

it denotes a p;—dimensional vector of predictors, 3, is
a pj—dimensional vector of coefficients corresponding to the predictors, and &;;
is the random effects term explaining the dependence between the components of

the response vector through the variance covariance matrix X as follows:

sit ~ N(072)7 (43)

where 0 is a J—dimensional zero vector, X is a variance-covariance matrix with
o,s elements, such that 1 < r < s < J, and under Bayesian estimation will be part
of hyperparameters. The dependence between components of the response vector
can be postulated either though &, ~ N(0,X) or §,, ~ N(0,X;). Postulating
correlations through the matrix X means that the correlations between the J
tick-life cycle developmental stages (which are the same as the response vector
components) are location independent whereas X; is a location-specific variance
covariance matrix. Consider 1 < r < s < J, and suppose r # s, then the

off-diagonal elements of X' are given as follows:

Ors = Prs\V/ OrrOss,

where o, and o, are the marginal variances and p,, is the correlation coefficient
in the matrix. To introduce location specificity we need to introduce an index ¢ in

the equation above. The parameter, v;, is the jth component specific dynamic
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time effect modeled as a random walk such that:

Vit = Vit—1) + Wit (4.4)

where w;; ~ N(0,1/W;) denotes the error term for component j of the response
vector assumed to follow the normal distribution. W is the precision parameter
based on the inverse-gamma distribution, and the LogGamma prior is specified
for log(W;) ~ LogGamma(a,b) in the application, where ¢ = 1 and b = 0.00005.

The time effect in Equation [4.4] can be modified such that:

Ve = V(e-1) + W, (4.5)

which means that the model in Equation [£.2]is a model where the time effect is
not stage (or response component) specific, and w; ~ N(0,1/W). This implies a
model assuming shared time effects across all locations and all components of the

response vector. The second case is

Yit = Yi(t—1) T Wit, (4.6)

and this implies that Equation |4.2|is a model where the time effect is location spe-
cific and life-cycle stage (or response component) independent, and w;; ~ N(0,1/W;)
(an assumption where the errors share the same distribution over all components
of the response vector at a given location ). Thus, the model in Equation
modifies into a model assuming shared time effects across all components of the

response vector. Lastly, Equation [£.4] can be modified to

Vit = Vii(t—1) T Wit (4.7)
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which is a model where the time effect is assumed to have separate time evolu-
tion on each of the components of the response vector and each location, where
wii ~ N(0,1/W;) or w;;e ~ N(0,1/W;) (an assumption that state errors share
the same distribution for all components of the response vector or that state er-
rors follow response component specific normal distributions). Thus, the model
in Equation modifies into a model assuming different time effects across all
locations and all components of the response vector. The dispersion parameter
0; = 1 in Equation implies the assumption of the Poisson distribution for the
jth component, and ¢; # 1 implies the ZIP distribution for the jth component.
The variance-covariance matrix, X, plays a crucial role in understanding the de-
pendence between the components of the vector of counts where each component
of the response vector follows a univariate distribution. Consequently, the model
in Equations to accounts for overdispersion through the use of the ZIP
model and in this case the diagonal terms of the matrix X'; for r = s in X<, <5<y

, 0j; > 0, so that Var[Y] ] > E[Y].]. Note that

E[Yji| = exp(2] ;85 exp(0;/2) = mt,

Var[Yj ] = mja +m3 (exp(oy;) — 1),

COVD/T,ita Y:s,it] - m’r,itms,it(exp(ars) - 1)

Moreover, the model can allow for the positive or negative dependence between the
components of the response vector (Chib and Winkelmann, 2001). This follows
from the sign of the covariance in Equation 4.3| which depends directly on the

value of o,, and a negative value of o, yields a negative value of the association,
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while a positive value results in a positive association between the components

Y,; and Y.

4.3 Model diagnostics

The models were compared using the deviance information criterion (DIC), which
is obtained by adding the posterior mean of the deviance that measures the good-
ness of fit to the number of effective parameters as: DIC = D(6)+ pp where D is
the posterior mean deviance and pp is the effective number of parameters in the
model, which penalizes the fit for complexity of the model. |Spiegelhalter et al.
(2002) state that pp values less than zero indicate substantial conflict between
the prior distribution and the data or that the posterior mean is a poor estimator.
The best model is said to be the one with the smallest DIC value. Low values of
deviance suggest a better fit, while small values of pp suggest model parsimony

as discussed in Spiegelhalter et al. (2002).

4.4 Simulation study

Suppose Y; = (Y3;, Ya;) represent a bivariate (J = 2) count data vector that is
observed at ¢ = 1,...,n locations when there is no over-dispersion in the data.
The data is simulated according to the simplified model described in Equations
and [4.9, and does not assume any temporal dependence. That is, the marginal

Poisson multilevel model is given by:

log(Aji) = Bjo + i, (4.9)
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where 39 and §;; are the intercept and random effects parameters for the jth
component, respectively. The bivariate multilevel model data simulation com-
prises By = (b1.0, f20) and §; ~ N(0,%), with 011, 099 and pi2, the elements of
Y. We assume that the true parameter values were o1 = 090 = 0.4, p13 = —0.95,
and B9 = B20 = 10 and run the simulation for n = 100, n = 500, n = 5 000 and
n = 10 000 using the R-INLA package in R software proposed by Rue et al.| (2009))
and fitted the four different bivariate multilevel model. The bivariate multilevel

model is formulated through joint modelling of the four models below.

Model 1:

Model 2:
Yii| i, 01~ ZIP(Ayg, 01); Yai| Agi, 02 ~ ZIP (Mg, 62). (4.11)

Model 3:
Yu|/\1¢>51 ~ ZIP()\liaél);Yéi’)\% ~ P0i<)\2i)- (4-12)

Model 4:

Aji is modeled as a function of {; and 3;0 as in Equation We assume a
Normal prior for g;y and the matrix X has a Wishart prior with r =2 x J +1
degrees of freedom and identity matrix as a prior precision matrix. We also
use default hyperparameter specifications in the inla() function from the R-
INLA package. In particular we assume ;9 ~ N(0,10%) and the precision
matrix X! ~ W (r, ¥~1). For computational time comparison, a fully Bayesian
inference model using Markov Chain Monte Carlo (MCMC) was fitted using the
MCMCglmm () function in the MCMCglmm R package (Hadfield, 2010). Here, we

assume the default Normal prior for 3;, with a zero mean vector and a diagonal
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variance matrix with large variances N(0, 1 x 10'%) (Hadfield, 2010). We assumed
a default inverse Wishart prior for each component in the covariance matrix of

the random effects.

Estimated parameters, CPU (Central Processing Unit) times between INLA and
fully Bayesian inference using MCMC, and estimated averages of posterior means

are given in the subsections that follow.

4.4.1 Estimation using INLA

The CPU time comparisons between a fully Bayesian inference using MCMC and
an approximate Bayesian inference using INLA are presented in Table The
MCMC sampling was run with 105 000 iterations, where 5 000 iterations were
used for burn-in, and 100 iterations were for thinning. As a result, only 1 000
posterior samples were retained from which posterior summaries were calculated.
It can be seen from Table that the computational times quickly increase with
the increase in sample size for the MCMC runs, and that INLA runs faster than
the MCMC, as expected in all cases. The INLA technique is approximately 20
times faster for Poisson distributions, 6 times faster for ZIP, and between 10 and
17 times faster for Poisson and ZIP mixed distributions of counts when n is large
(> 5000) compared to the MCMC, and its posterior estimates are closer to those
obtained using the MCMC (Table . Note that the speed under M2 - M4 is
approximately double the speed under M1. This indicates that the distributions
involving the inclusion of ZIP models are expected to run twice as slow as models

including Poisson distributions.

For brevity, 500 replications were run for n = 5 000, and M1 model parameters
were estimated using MCMC and INLA. The model averages of posterior means
and MSEs (mean square errors) of 500 replicates are provided in Table [4.3] It is

clear from the table that INLA average posterior estimates are reasonably close
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Table 4.1: CPU time of model estimation using INLA and MCMC (seconds)

n INLA MCMC
(M1) (M2) (M3) (M4)
100 1 2 2 2 11
500 2 4 3 3 48
1 000 ) 10 7 7 95

5000 21 80 27 49 467

Table 4.2: Estimated parameters in simulated models.

| M1 M2 M3 M4
" Model ‘ Mean 95% CI Mean 95% CI Mean 95% CI Mean 95% CI True
parameter 2.5%  97.5% 25%  97.5% 2.5% 97.5% 2.5% 97.5% | value
o1 0.48 0.34 0.69 0.47 0.34 0.69 0.48 0.34 0.70 0.47 0.34 0.69 0.40
099 0.43 0.31 0.62 0.43 0.31 0.62 0.43 0.31 0.62 0.43 0.31 0.62 0.40
100 P12 -0.86 -0.92  -0.77 -0.86 -092 -0.77 | -0.86 -092 -0.77 | -0.86 -0.92 -0.78 | -0.95
Bro 9.93 8.48 11.56 9.98 8.53 11.61 9.97 8.51 11.61 9.93 8.49 11.57 | 10.00
Bayp 9.18 7.89 10.63 9.18 7.88 10.63 9.18 7.89 10.64 9.18 7.88 10.63 10.00
o1 0.39 0.34 0.46 0.38 0.34 0.43 0.40 0.35 0.47 0.40 0.35 0.47 0.40
) 0.42 0.36 0.50 0.42 0.38 0.48 0.43 0.38 0.51 0.43 0.37 0.50 0.40
500 P12 -0.88 -0.92 -0.84 | -0.88 -0.90 -0.85 -0.89  -0.92 -0.84 | -0.89 -0.92 -0.86 | -0.95
Bio 9.72 9.12 10.35 9.73 9.13 10.36 9.72 9.12 10.35 9.72 9.12 10.35 10.00
Bao 9.75 9.13 10.40 9.74 9.12 10.39 9.76 9.14 10.41 9.75 9.12 10.40 10.00
o1 0.42 0.37 0.47 0.40 0.37 0.43 0.41 0.37 0.46 0.42 0.39 0.47 0.40
09 0.42 0.38 0.48 0.42 0.38 0.45 0.43 0.38 0.48 0.42 0.38 0.47 0.40
5 000 P12 -0.90 -093 -0.87 -0.91  -0.93 -0.90 -0.90 -0.93 -0.87 -0.90 -0.93 -0.88 -0.95
Bro 9.70 9.26 10.15 9.71 9.28 10.16 9.72 9.29 10.17 9.70 9.26 10.15 10.00
Bap 10.09  9.63 10.56 10.11  9.66 10.57 10.08  9.63 10.55 10.11  9.66 10.58 10.00
o1 0.40 0.38 0.42 0.41 0.39 0.42 0.40 0.38 0.42 0.40 0.38 0.42 0.40
09 0.40 0.38 0.42 0.40 0.38 0.42 0.40 0.38 0.43 0.40 0.38 0.42 0.40
10 000 P12 -0.94  -0.95 -0.93 -0.95  -0.95 -0.94 -0.95  -0.96  -0.93 -0.94  -0.95 -093 | -0.95
Bio 9.86 9.67  10.06 9.87 9.67  10.07 9.87 9.67  10.06 9.85 9.65 10.05 | 10.00
Ba0 10.05  9.85 10.25 | 10.05  9.85 10.25 | 10.05  9.85 10.26 | 10.06  9.86 10.26 | 10.00

to MCMC average posterior estimates in all cases. As a result, this study will
use the INLA method because of its fast computation time when compared to the

MCMC as well as the accuracy of its estimates.

4.5 Tick life-stage modelling using multilevel model

In order to understand the dynamics and habitat type variation in the abun-
dance of tick life-stages, we describe the statistical analysis pertaining to tick
life-stage count data using multilevel dynamic models. In addition, the study
focuses on determining factors contributing to tick life-stage abundances across

different habitat types. Most of the existing research focuses on location level
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Table 4.3: Averages of posterior means and MSEs of 500 replicates for n = 5 000

MCMC INLA True
Parameters
value
Posterior MSE Posterior MSE
mean mean

o11 0.401 0.0001037147 0.401 0.0001042946 0.40

099 0.401 0.0001043847 0.401 0.0001062165 0.40

P12 -0.947 0.0000516038 -0.941 0.0001146017 -0.95
B0 10.002 0.0094999830 9.997 0.0094975680 10.0
B2,0 9.992 0.0092616110 9.987 0.0093305050 10.0

counts for the different life stages of the tick cycle by investigating the tick ag-
gregation at different spatial ranges, determining and disaggregating the drivers
of tick density and probability of presence, and providing robust estimates of tick
densities (Zannou et al., 2021)). The association between tick life-stages and their
locations is of interest. Furthermore, there is interest in knowing temporal effects

on the distribution of counts.

4.5.1 Data description

We used data collected and prepared by researchers in the Department of Biolog-
ical Sciences from Old Dominion University, Virginia, United States. Ticks were
collected using standard flagging techniques (CDC| 2020) along established tran-
sects and identified species and life-stage according to (Sonenshine, |1979). Larvae-
, nymph- and adult-stage count data were recorded for each location, habitat and
habitat type through the four seasons of the year. Eight counties and independent
cities were sampled in this state, namely; City of Chesapeake, City of Hampton,
Isle of Wight County, City of Norfolk, Northampton County, City of Portsmouth,
City of Virginia Beach and York County. For brevity, all will be referred to as
counties. Data was collected at least once a month on varying days of the week
and at 12 different sites in southeast Virginia from May 2009 through December

2018. The data were collected from multiple areas referred to as habitats, and
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each area was designated by a unique number ranging from 1 to 5 for different
habitats. The habitat type was used to designate the kind of area (woods, edges
or grass) where the data were collected. The number of the week (from 1 to 53)
was also recorded during data collection. Week 1 is the first week of the year,
and while fewer ticks were observed in winter, the adult stage of I. scapularis is
active in winter. To help align the information from year to year, data collected
during the last week of December were recorded as week 53, which was also the
first week of January of the following year. Track records for the month and year
were also kept. This study makes use of habitat types (edges, woods and grass),
time in months, and three tick life stage counts for modelling. After removing
unused variables from the raw dataset, we were left with 103 months out of the
116 total monthly data points. Note that the removal of certain data points was
due to life stages being collected at different months during the first 13 months.
The retained dataset consisted of three habitat types, within which there were

three tick life stages each of length 103 (months).

4.5.2 Model framework for tick life stage data

Let Y = (Yoi, YN, Yau) be a vector of count responses for tick life stage
j = L,N, A in habitat type i = E,G,W (FE = Edges, G = Grass, W = Woods)
at equally spaced monthly times ¢ = 1,...,103. The multivariate vector of tick
life-stage responses Y;; is modelled using marginal Poisson and/or zero-inflated

Poisson distributions as follows:

Poi(A;;); when 6; =1; or
0y Ajit ~ (4.14)

ZIP(Xj i, 6;); otherwise,

Yt
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where ), ;; is the jth tick life-stage mean count and 0; is a dispersion parameter

at stage 7. The log-link is given by

log(Ajit) = Bjito + Ve + i 4 25085 + Ejars (4.15)

where 53, ;1 is the dynamic intercept, ;¢ is the month time effect in the 7th habitat
type, 2}, denotes a p;—dimensional vector corresponding to the fixed effects of
seasonal changes and sinusoidal predictors cos(27t/12) and sin(27t/12) included
to handle the seasonality with period 12 (in months), &;;; is the random effects
term explaining the dependence between tick stages. The random vector param-
eter, &, = (&r.it,Enit-€asit)’, 18 the vector of the unobserved random variables
introduced to capture the tick-stage dependence through the multivariate normal

distribution as follows:

where 0 is a J—dimensional zero vector, X' is the variance-covariance matrix for
the random effect terms such that for r # s where {r and s € j=1,..., J}, p,, =
(pLn, pra, pva)’ denotes the tick life stage correlation vector. The month time
effects vector v, = (Vrt, YN, 7a) and the dynamic intercept (;,. 0 are assumed
to be independent and evolve according to a random walk process in the state
equation of the above multilevel model. The terms also capture the autoregressive

time series nature of the data and hence can be specified as

Ve = V-1) T W,

while

/Bj,it,() = Bj,i(t—l)-l-w]',it )
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where w; ~ N(0,1/W) and @w;;; ~ N(0,1/n;); that is, the errors are assumed
to follow the normal distribution, where W and n; are the precision parameters
based on the inverse-gamma distribution. The reference level for the seasonal
changes categorical predictor variable was taken to be winter since it is the season
expected to have lower tick activity, and hence lower abundance. It therefore
makes sense to contrast other seasons to the winter season. The type of habitat
was also included in the model to assess the influence of habitat type on tick
abundance and the baseline was taken to be the edge habitat type. Different
multilevel mixed effects models taking the form in Equation were fitted and
compared using the DIC values. Model 1 denotes the multivariate model which
assumes Poisson marginal distributions for all life stages in the response vector
Yi:. Models 2 to 7 assume combinations of ZIP and Poisson mixed effects for tick
life stages in the response vector. Model 8 denotes the multivariate ZIP model
for tick life stage components in the response vector. The multivariate multilevel
model is formulated by introducing the variance covariance matrix and jointly
modelling the response vector assuming marginal count distributions as shown

below:

Model 1:

Yiit|Apie ~ Poi(AL);
Ynit|Anvie ~ Poi(Anit);

YA,it‘)\A,z’t ~ POi()\A,it)
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Model 2:

Yiit|l Anit ~ Poi(Ar);
YN,itP‘N,it ~ POiSSOD()\Nﬂ;t);

YaitlAait, 64 ~ ZIP(Aa,04)

Model 3:
Yiit|Apie ~ Poi(ALa);
YN,it|)\N,it75N ~ ZIP<)\N,it7§N>§
YA,it|>\A,it ~ POi<)\A,it)

Model 4:
Yiit|Arits 0 ~ ZIP(Apit, On);
YnitlAvie ~ Poi(Anit);
Yait|Aai ~ Poisson(Aat)

Model 5:

Yiit|Anie ~ Poi(ALa);
Ynit| Anit, On ~ ZIP(An e, ON);

YailAai, 04 ~ ZIP(Aa,04)
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Model 6:

Yrit|l ALit, 0, ~ ZIP(Ap )
Ynit|Anvie ~ Poi(Ant);

YaitlAait, 64 ~ ZIP(Aa,04)

Model 7:
YL,it\AL,it,(SL ~ ZIP()\L,itadN)§
YN,it|)\N,it75N ~ ZIP<)\N,it7§N>§
YA,it|>\A,it ~ POi<)\A,it)

Model 8:

Yiit|Arits 0 ~ ZIP(Apit, On);
Ynit| ANits ON ~ ZIP(Anit, ON);

YailAait, 04 ~ ZIP(Aait,04)

where j = L,N or A, and J, the dispersion parameter for the jth life stage.
All models were implemented through an approximate sampling based framework
which provide a mechanism for Bayesian inference based on accurate approxima-
tions to the posterior distributions of the parameters. The approximate sample
Bayesian framework requires the usual prior specification on the parameters. We
assume a Wishart prior for X', and a Log-Gamma prior for log(1V) and log(n;).
The default hyperparameter specifications assume the default prior from the R-
INLA package in R. The matrix X has a Wishart prior with 2 x J + 1 degrees of

freedom and identity matrix as a prior precision matrix. The DIC values for the
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fitted model given by Equation are presented in Table [4.4]

Table 4.4: DIC values for the fitted models 1 to 8.

Model MDCJ ((9]-’“) DIC PbpIC

1 Poi Poi Poi 5007.80 798.47
4 ZIP Poi Poi  7513432.10 -332850.08
7 ZIP ZIP Poi  7539545.18 -308560.64

Even though we do not compare the INLA model with the MCMC model, we
report that the INLA approach took 32.3 seconds (approx half a minute) to run
using R-INLA on Intel(R) Core(TM) i7-8550U CPU 3.80 GHz with 8GB of RAM.

Models 2, 3, 5, 6 and 8 crashed when fitted to the data and therefore we show the
DIC values for model 1, 4 and 7 in Table[4.4] Tt is clear from the table that model
1 fits the data well compared to models 4 and 7 since its DIC value (5007.80) is

smaller compared to the DIC values for the other models.

4.5.3 Results
Fixed effects and correlations

Table gives the posterior means of parameters of the multivariate multilevel
model. We discover that there is a significant, strong and positive association
between larvae and nymphs, larvae and adults, and nymphs and adults with pos-
terior correlations pry = 0.903, pra = 0.833 and py4 = 0.858, and 95% credible
intervals (CI) (0.806,0.950), (0.7163,0.891), and (0.668,0.860), respectively.

Variation in habitat type affects tick life cycle stages abundance in a similar man-
ner. Comparing the grass habitat type with the edges and woods habitat types,
the model estimated higher and significant [1.042 and 0.755; CI: (0.949,1.137)
and (0.926,0.970)] tick life cycle stage abundances in the edges and woods habi-
tat types, respectively. Variation in seasons affects variation in tick abundances

in a life stage specific manner during fall, but it affect the abundance in a similar
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Table 4.5: Estimated coefficients for covariates.

Covariates Mean SD  25% 97.5%
Habitat type (ref: Edge)
Grass 1.042 1.033 0.949 1.137
Woods 0.755 0.926 0.551 0.970
Season (ref: Winter)
Spring.L 0.927 2.000 -2.997 4.865
Spring.N 4.631 1.745 1.208 8.078
Spring. A 4.613 1.745 1.190 8.059
Summer.L 4.049 2.057 0.007 8.097
Summer.N 4.441 1.927 0.648 8.232
Summer.A 3.113 1.927 -0.680 6.904
Fall.L 4.631 1964 0.768 8.488
Fall.N 4.205 1.888 0.489 70911
Fall. A -0.683 1.917 -4.459 3.076
Cosine term -0.111 0.174 -0.453 0.231
Sine term 0.206 0.165 -0.118 0.530
Correlations
PLN 0.903 0.037 0.806 0.950
PLA 0.833 0.042 0.716 0.891
PN A 0.858 0.063 0.668 0.933

manner during summer and spring seasons. In comparison to winter season as
the reference category, the model yields significant and higher [4.631 and 0.613;
CI: (1.208,8.078) and (1.190,8.059)] log mean abundances for nymphs and adults
and non-significant [0.927; CI: (—2.997,4.865)] log mean abundances for larvae
in the spring season. Higher and significant [4.049 and 4.441; CI: (0.007,8.097)
and (0.648,8.232)] and non-significant [ 3.113; CI: (—0.680,6.904)] in the sum-
mer season relative to the winter season. Higher and significant [4.631 and 4.205;
CI: (0.768,8.488) and (0.489,7.911)] log mean abundances for larvae and nymphs
and non-significant [—0.683; CI: (—4.459, 3.076)] log mean abundances for adults
during the fall season as compared to the winter season. However, seasonal vari-
ations in the data were not significantly [—0.111 and 0.206; CI: (—0.453,0.231)

and (—0.118,0.530)] strengthened by the cosine and sine terms in the model.
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Habitat type specific non-linear month effects

Figure shows the model estimated non-linear month effects, modelled as the
random walk of order one (RW1). The model estimated similar months effects
across the three habitat types. The graphs show the posterior mean (solid line)
and 95% credible intervals (dotted lines). The curves show an expected gradual
increase in tick life cycle stages abundances from January to June, and a steady
decrease between June and August, slight increase between August and Septem-
ber, sharp decrease from September to November, and a gradual increase from
November to December.

nnnnnnnnnnnnnn y effects on egdes Estimated monthly effects on grass Estimated monthly effects on woods

— Posterior mean Posterior mean
- -~ 95% Credible Interval 95% Credible Interval

2 4 6 8 10 12 2 4 6 8 10 12

Month Month Month

Figure 4.1: Model estimated non-linear month effects in the edges (purple curve),
grass (green curve) and woods (orange curve) habitat types.

Habitat type specific trends

Figure shows the model estimated dynamic intercept (53, ,0), showing trends in
the edges (purple curves), grass (green curves) and woods (brown curves) habitat
type for larvae, nymph and adult tick life cycle stages. The fitted model poorly
tracked the stochastic pattern across the three habitat types for larvae. This
suggest that the larvae abundance is affected by environmental characteristics
beyond those measured in this study. The top panel (row) are the estimated
larvae trends showing constant fluctuations throughout the study period of 2009
through 2018 across the habitat types. The middle and bottom panels shows a
declining nymph and adult tick trends since 2012 in the edges and woods habitat

types, and an increasing trend in the grass habitat type.
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Figure 4.2: Estimated model trends in the edges (purple curve), grass (green
curve) and woods (orange curve) habitat types.

4.6 Discussion

This study described the multilevel model for the vector of time series of counts
using the R-INLA technique, which is effective and computationally feasible for
large datasets. The aim of this study was to investigate the influence of envi-
ronmental and temporal predictors of tick life cycle stages abundances, determine

trends and demonstrate the computational speed of the INLA technique proposed

by [Rue et al.| (2009) relative to the MCMC technique. The multilevel model used

in this study has seen applications in prescription counts of physicians in a large

pharmaceutical company in [Serhiyenko| (2015)); [Serhiyenko et al.| (2018)) and rides-

ourcing data in NYC by Ravishanker et al.| (2022)) among other applications. To

our knowledge, these models have not been applied to ecological data, specifi-
cally tick life stage count data. The MCMC is a large class of methods that
enables inference in highly dimensional problems with unknown quantities and is

able to handle complicated distributions. The literature on the methods is well

documented in (Gamerman and Lopes| (2006); Robert et al| (1999); Chen et al.
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(2012), and these methods are commonly used for computing posterior quantities
through the popular Gibbs sampling methods including the Metropolis-Hastings
algorithm (Geman and Geman| 1984; Metropolis et al. 1953} Hastings, [1970).
However, the MCMC technique is computationally intensive when complex mod-
els are involved, or when the data is large. As an alternative to the computation-
ally intensive MCMC Bayesian technique, the INLA technique for approximating
posterior parameters was suggested and its feasibility demonstrated by simulating
the data and estimating parameters, while taking into account the time taken to
complete in INLA and in MCMC before models were applied to tick data. This
study assumed tick life stage specific effects of the covariates on the distribution of
tick stages. That is, we assumed that each life stage was affected differently from
another tick life stage. However, the results in this study showed that monthly
effects are similar across the three habitat types. Seasonal changes were different
for each life stage and abundances were estimated to be higher in the grass and
woods habitat types compared to the edges habitat type. The model estimated
trends revealed an increasing trend for nymphs and adults in grassy habitat types.
The results in this chapter are similar to those in |Willis et al.| (2012)) and |Lephoto
et al. (2021]).

4.7 Conclusion

The multilevel model successfully fitted tick life stage data and revealed that as-
suming common covariates effects on tick life stages may be unrealistic. However,
this seems to be the case with monthly effects as similar trends were estimated.
The assumption was unrealistic in the sense that factors such as sampling varia-
tion and different relationships across regions contribute to different responses to
the same stimuli as one moves across regions and over a period of time. Spring

and fall seasons affected life stages differently, though the effects of summer were
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similar for the three tick life-stages. The model is also beneficial in allowing for a

mixture of count distributions in the vector of responses.
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Chapter 5

Multivariate hierarchical
modelling including sample sites

as random effects

5.1 Introduction

Increasing tick abundance and tick-borne pathogens constitute a growing threat
to public health (Laaksonen et al. 2017; Paull et al., [2022; [Wimms et al.; |2023).
For example in the USA, Nadolny et al.| (2014)) recorded more than 66 000 questing
tick populations in the southeastern Virginia, comprising 7 species from a variety
of habitats, with Amblyomma americanum (Lone Star tick) constituting over 95%
of the ticks collected. Our research focused on modeling A. americanum tick life-
stage abundance collected over time from three different habitat types namely:
edges, woods and grass, along 12 random sample sites. The objective of this study
was to identify abundance levels of A. americanum variations within sample sites
from eight counties in the state of Virginia, United States. We also wanted to

investigate the influence of environmental and temporal predictors and estimate
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time trends.

Five major tick species were reported to be active and responsible for trans-
mitting a variety of pathogens of both human and animals. These were Ixodes
scapularis, A. americanum, Dermacentor variabilis, Amblyomma maculatum, and
Haemaphysalis longicornis (Nadolny and Gaff, 2018)). The H. longicornis is of
high veterinary importance for transmission of Theileria orientalis Tkeda in cat-
tles even though it is not a key human-biting species (Oakes et al., [2019). The
most common human-biting tick in Virginia is the A. americanum, and it trans-
mits several pathogens of medical and veterinary significance, including FEhrlichia
chaffeensis (the causative agent of human monocytic ehrlichiosis), Heartland virus
(HRTV) and Bourbon virus (BRBV) among others (Goddard and Varela-Stokes,
2009; |Savage et al., 2013, 2017))

Due to the effects of climate change and transportation by hosts, tick ranges re-
main ever-changing. In recent years the A. americanum species has expanded its
range into northeastern and midwestern United States and nothward into Canada
(Molaei et al.; [2019). A recent study in Kentucky reported detection of Ehrlichia
chaffeensis in 32 counties out of the 77 sampled counties in 2019 through 2020
(Pasternak and Palli, [2023). A 2011 Centers for Disease Control and Preven-
tion (CDC) report indicated that there were 863 human cases of ehrlichiosis in
the United States. An increase has been observed over the seven-year period,
with human cases steadily increasing to 1 832, reporting 1 799 as a result of F.

chaffeensis infection (Adams et al., 2013; |CDC, [2021)).

A. americanum ticks have long been identified as nuisance biters because of
their aggressive questing behaviour (Hair and Howell, [1970; Merten et al., |2000;
Otalora-Luna et al., 2022)). Despite their prominence as a nuisance biters and vec-
tor of human pathogens, efforts to define the species’ variations within counties

remain limited (Benham et al) 2021). Therefore, one of the strategies to help re-
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duce tick-borne diseases is to have an in-depth analysis of the life stages abundance
patterns and factors contributing in each of the randomly sampled locations. The
aim of this chapter was to unmask the heterogeneity within southeastern coun-
ties in Virginia. Thus, we modelled tick life stage abundance variations within
the randomly sampled locations. The multivariate time series of tick counts was
modelled as a function of season, habitat type, non-linear effects of month and

year, and sampling site random effects.

In the next Section we describe the data for this study, give a modelling
framework in Section [5.3] and simulate the data in Section . We describe
model diagnostics in Section [5.6] give model results in Section and conclude
in Section [5.91

5.2 Data description

This chapter used data collected and prepared by researchers in the Department of
Biological Sciences from Old Dominion University, Virginia, United States. Data
collection was done at least once a month on varying days of the week in south-
eastern Virginia from May 2009 through December 2018. Ticks were collected
using standard flagging techniques (CDC| 2020)) along established transects and
species and life-stages were identified according to (Sonenshine, 1979)). Larvae-
, nymph- and adult-stage count data were recorded for each edge, wooded and
grassy habitat type in York, Chesapeake, Norfolk, Hampton, Isle of Wight, Vir-
ginia Beach, Northampton and Portsmouth counties through the four seasons of
the year. The datafile included sample sites/locations which designate the area
where the data were collected. Sample sites were abbreviated JC and ST (Jacob-
son Track and Stephens Tract) in Chesapeake, LA (Langley) in Hampton, BW
(Blackwater Ecological Preserve) in Isle of Wight, WS (Weyanoke) in Norfolk,
KP (Kiptopeke State Park) in Northampton, HC and PC (Hoffler Creek Wildlife
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Preserve and Paradise Creek Nature Park) in Portsmouth, BB and OD (Back Bay
NWR and Oceana/Dam Neck) in Virginia Beach, and CA and NN (Naval Supply

Center, Cheatham Annex and Newport News Park) in York.

5.3 Model framework

For practical situations where responses arise as a vector of counts that vary
across different observational sample sites/locations, univariate Poisson regression
models for each of the components in the response vector cannot account for
the association or dependence among the components of the response vector.
The dependence may be due to omitted variables which simultaneously affect
the response vector Aitchison and Ho| (1989); |Chib and Winkelmann| (2001); |[Ma;
et al.| (2008), and therefore multivariate modelling approach is needed. However,
in the case of tick stages which define the components of the response vector,
dependence between the stages is expected, because individuals in stage k£ + 1
depend on the survival of individuals from stage k. Suppose the response is a
J—variate vector of counts from n habitat types at t = 1,...,T time points.

A hierarchical multivariate Poisson model is defined as follows for j = 1,...,J;

Y'it|Ait ~y MVPJ(AZt), (51)
log(Ajit) = D;‘,z't')’j,it + S;’,itﬁj + Vjit, (5.2)
where D = (Djitn,--.,Djia) is an a—dimensional vector of exogenous (dy-

namic) location-time varying predictors with the corresponding dynamic coef-

ficients v, = (Viit1,- - Viita)s Sjie = (Sjit1s- -+, Sjite) is an c—dimensional
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vector of exogenous predictors with static coefficients 8, = (8;1,...,8;.), and
the error term v;; incorporates the dependence between the components of the
response vector by assuming a multivariate normal distribution with mean 0 and
variance V for each habitat type ¢ at time t. For identifiability, we assume that
if the model includes the habitat type and time varying intercept v;1 = 1, then

there is no intercept §;; = 1 in the static part.

For all i and ¢, we assume that the errors v;;; ~ N(0, V;;), and that the correlation
Corr(vju,veu) =1if j=LCand pjpif j # L, 5,0 =1,...,J. Suppose Cov(v;) =
V = {Vj} and Corr(vy) = R = {pje}. Let M, = diag(Vi1,...,Vys). Note
that V, R and M, are J x J symmetric positive definite matrices, and R =

M;l/ZVDEI/Q. For example, if j = 2, then the covariance matrix is:

U1 U — 2
v | " = o V2
Rio 1
U12 U22 VT11722 T22

where the marginal precisions of vy, and vy, are 71 = 1/Vj; and 7y = 1/Vag,
the correlation between vy, and vy is p12 = Via/v/Vi1Vae. We assume that the
precision matrix V! follows an inverse Wishart distribution with r degrees of

freedom and scale matrix X~'; that is V™! ~ IW(r, X71).

A detailed exposition of the models described in can be found in Fokianos
(2015) and Ravishanker et al.| (2022)) among many others. We extend the model
in to include the random effect, by, which quantify the variation in abundance
that is accounted for by the m sample sites’ variance. The resulting multivariate

dynamic Poisson model is defined as follows for j = 1,...,J;i=1,...,n; k =

Yie|Aie ~ MVP;(Aa), (5.3)
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log(Ajikt) = D;',ikt’Yj,ikt + S;’,iktﬁj + Vjikt + Ok, (5.4)

where D,~,S, B and v;; are defined as in and b, is the random effects
term which follows independent and identical normal distribution (iid) such that,

by ~ N(0,W,,). For j =2, the diagonal covariance matrix Wy, is given as:

w11 0

W, =
0w

where the diagonal precisions of wq; and wyy are g17 = 1/wi; and 999 = 1/was.

5.4 Simulations

This section presents a simulation study to mimic the observed data generation
process. We assume a two-component outcome vector for simplicity. Let Y, =
(Y1ik, Yoir) represent a bivariate (J = 2) vector of counts data observed at k =
1,...,m random sample sites that are within ¢ = 1,...,n locations. We simulate

the data according to the simplified model described as follows:

Y k| Air ~ MVP;(Ai), (5.5)

log(Ajir) = Sk + vji + br, (5.6)

where S and 3 represent vectors of static predictors and coefficients respectively,
each simulated from a multivariate normal distribution, such that S ~ N(0,V )
and 3 ~ N(0,Vj). The prior distribution for S; ~ N(0,diag(10%)) and
B ~ N(0,diag(10*)). The error term v;; is simulated from N(0, X;), where

X = diag(Vi1, Vao) and pio = poy for i = 1,...,n. We let the precisions terms be
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‘/11 == ‘/22 == 04, and P12 = 0.90.

The errors in the random effects term by, are simulated from a multivariate normal
iid, that is by ~ N(0, W,,) with W, = diag(wi1,wse), where the precision
parameters are based on the inverse-gamma distribution; that is 011 ~ 1G(aq,b;)
and 0y2 ~ IG(ag,bs) (Grilli et al) [2015). The hyperpriors a and b are the
shape and rate parameters in the gamma distribution respectively. Since the
choice of priors can have a significant impact on the posterior distributions of
the model parameters and model performance can be sensitive to the choice of
sample site-specific random effects variance priors |Gelman (2006), we considered
three hyperpriors for wy; and wqy in W7, through the precision parameters o4

and p99 in the precision matrix Qb_kl . The hyperpriors are as follows:

e ['(1,0.0005), the default choice of the inla() function in the R-INLA pack-
age (Rue et al., [2009);

e ['(0.001,0.001), the default choice of the BUGS software (Lunn et al., 2012)

and

e ['(0.5,0.0164) proposed by [Fong et al. (2010), corresponding to random
effects by with marginal Cauchy distribution such that e € [0.1,10] with

probability 0.95.

Bayesian estimation was carried out using the inla() function from the R-INLA
package by (Rue et al., [2009). The aim was to investigate the influence of n
and m on the posterior estimates. Since the tick data under study has n = 3
habitat types and m = 8 or 9 random sample sites, we consider two scenarios in
estimating the posterior parameters: In the first scenario we allow the location
type of size n to change, while the random sample site of size is fixed at m = 10
while n = 3,10, 20,50,100 and 1 000. In the second scenario, n = 5 000 and

m = 10, 50, 100, 500, 1 000 and 2 500. The second scenario investigates the effects
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in the posterior parameters using the hyperprior in the inla() function by Rue
et al.| (2009), BUGS software by (Lunn et al., 2012) and that by |Fong et al.
(2010). We set a large value of n =5 000 and observe the change in the posterior
parameter as m = 10, 50, 100, 500, 1 000 and 2 500. The results of the simulation
are presented in Table [5.1]

5.4.1 Simulation results

Table presents the results of the simulations for different values of n when m
is fixed in scenario 1, and simulations for different values of m when n is fixed in
scenario 2. In scenario 1 we note that posterior estimates are close to the true
values when n > 50 and m = 10, and that credible intervals become narrower as
n increases. In scenario 2, posterior estimates of the sample site-specific random
effects are close to the true values for n > 1 000 for INLA and BUGS hyperpriors
as compared to the BUGS hyperpriors. Credible intervals are narrower throughout
the values of m, and the results show that posterior estimates are approximately

equal to the true values when there is = = L0900 ~ 20% of m random sample sites

~ 5000
that are within n habitat types locations. The results of the simulation reveal
that posterior estimates are not accurate for n < 20 and m = 10, and these sizes

include the sizes for our tick data.

5.5 Model application on tick life stage data

In order to understand the dynamic causes and consequences of variation in the
abundance of ticks, multivariate hierarchical dynamic and static count data model,
which include sample site random effects terms, were used to model the tick
life-stage data. In the application, we let Y, = (larvae, nymphs, adults)’ be
a 3—dimensional time series vector of tick counts collected from location i =

1,...,3, comprising k = 1,...,12 random sampling sites over t = 1, ..., 10 years
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Table 5.1: Estimated posterior parameters in the simulated model.

SCENARIO 1 (m = 10) SCENARIO 2 (n = 5000) T
Parameter INLA INLA BUGS FONG value
n Posterior 95% CI m Posterior 95% CI Posterior 95% CI Posterior 95% CI
mean 2.5%  97.5% mean 2.5%  97.5% mean 2.5%  97.5% mean 2.5%  97.5%
51 4.773 1.995 11.007 5.028  4.632 5.459 | 5.024 4.743 5323 | 5.026 4.686 5.394 | 5.0
Ba 3.585 1.458  8.577 4.967  4.609 5.351 4.964  4.628 5.326 | 4.968 4.590 5.375 | 5.0
Vi 0.232 0.087  1.089 0.410 0.386 0.435 0.410 0.385 0.435 0.411 0.387 0.437 0.4
Vag 3 0.220 0.083  1.002 10 0.424  0.400 0.449 0.425 0.399 0.451 0.424  0.400 0.451 0.4
P12 -0.039 -0.661 0.597 0.876  0.858 0.895 0.877  0.857 0.894 0.877  0.858 0.896 0.9
w11 0.000 0.000  0.004 0.019  0.014 0.027 0.009  0.006 0.015 0.013  0.005 0.036 | 0.01
Wa 0.000  0.000  0.004 0.015 0.011 0.022 | 0.014 0.009 0.020 | 0.018 0.011 0.031 | 0.01
5 3.145  1.936  4.980 5.031 4917 5.147 | 5.032 4915 5.150 | 5.032 4915 5.150 | 5.0
Ba 2.785 1.249  5.424 4.969  4.855 5.087 | 4.974 4.857 5.093 | 4974 4.857 5.093 | 5.0
Vi 0.201  0.084 0.695 0.409 0.38 0.432 | 0.408 0.387 0.432 0.408 0.387 0.432 | 04
Vag 10 0.613 0.235  2.366 50 0.425  0.400 0.449 0.423  0.401 0.448 0.423  0.401 0.448 0.4
P12 0.304 -0.394 0.824 0.877  0.859 0.895 0.878  0.860 0.894 0.878  0.860 0.894 0.9
w11 0.000 0.000  0.004 0.001 0.000 0.001 0.001 0.000  0.001 0.001 0.000 0.001 | 0.01
wWa2 0.000 0.000  0.004 0.001 0.000 0.001 0.001 0.000 0.001 0.001 0.000 0.001 | 0.01
By 3.667 2454 5.292 5.033 4920 5.148 5.032 4914 5.152 5.030  4.903 5.159 5.0
Ba 3.337 2220 4.831 4972 4.859 5.087 | 4972 4.855 5.091 | 4974 4.850 5.100 | 5.0
Vi 0.383  0.185 0.974 0.407 0.384 0.433 | 0405 0.382 0.429 | 0.407 0.385 0.431 | 0.4
Vag 20 0.370  0.178 0.984 | 100 0.423 0400 0.449 | 0426 0.401 0.451 0.419 0.398 0.444 | 04
P12 0.596  0.161 0.872 0.878 0.859 0.895 | 0.876  0.858 0.895 0.880 0.863 0.895 | 0.9
w1 0.001 0.000  0.004 0.001 0.000 0.003 0.002  0.001 0.004 0.005  0.003 0.007 | 0.01
Wa2 0.000 0.000  0.004 0.001 0.000  0.002 0.001 0.001  0.003 0.004  0.002 0.007 | 0.01
B 4.843 3.907  5.925 5.030 4917 5.145 5.029 4916 5.144 5.033 4917 5.150 5.0
Ba 4.189 3.240  5.317 4975  4.863 5.087 4972  4.861 5.084 4.966  4.851 5.082 5.0
Via 0.293 0.170  0.551 0.405  0.382 0.429 0.407  0.384 0.432 0.400  0.378 0.427 0.4
Vag 50 0.463  0.277  0.841 | 500 0.421  0.398 0.446 | 0.422 0.400 0.447 | 0.421 0.397 0.447 | 04
P12 0.724  0.484 0.879 0.884 0.864 0.901 0.880 0.862 0.897 | 0.886 0.868 0.904 | 0.9
w11 0.000  0.000  0.006 0.005  0.003 0.009 | 0.001 0.001 0.002 0.008  0.005 0.011 | 0.01
wWaz 0.000  0.000  0.006 0.003  0.002 0.005 | 0.001 0.000 0.001 0.005  0.004 0.008 | 0.01
51 4.383 3.640  5.225 5.017 4906 5.131 5.029 4916 5.144 5.038 4921 5.155 5.0
Ba 4.610 3.963  5.325 4.963  4.853 5.076 4.973  4.860 5.087 4.962  4.849 5.077 5.0
Vi 0.517 0.359  0.775 0.402 0378 0.426 0.405 0.382 0.431 0.397 0374 0.430 0.4
Voo 100 0.297 0.199  0.472 | 1000 0.416  0.393 0.442 0.421 0.399 0.446 0.418  0.395 0.443 0.4
P12 0.738  0.555  0.867 0.895 0.871 0.926 | 0.882 0.858 0.904 | 0.890 0.872 0.907 | 0.9
w11 0.000  0.000  0.004 0.010  0.007 0.013 | 0.003 0.002 0.008 | 0.010 0.007 0.014 | 0.01
wWay 0.000  0.000  0.004 0.009 0.006 0.012 | 0.002 0.001 0.005 0.010  0.007 0.013 | 0.01
51 5.028  4.632  5.459 5.029 4920 5.140 | 5.041 4.930 5.153 | 5.024 4913 5.138 | 5.0
Ba 4.967  4.609  5.351 4.963  4.853 5.075 | 4.971 4.861 5.083 | 4.970 4.859 5.083 | 5.0
Vi 0.410 0.386  0.435 0.403  0.374 0.428 0.400  0.378 0.429 0.404  0.376  0.429 0.4
Vag 1000 0.424 0.400  0.449 | 2500 0418 0.391 0.444 0418  0.395 0.447 0.415  0.391 0.440 0.4
P12 0.876 0.858  0.895 0.889  0.870 0.908 0.887  0.868 0.904 0.894 0.873 0.911 0.9
w11 0.019 0.014  0.027 0.008  0.005 0.011 0.007  0.004 0.012 0.010  0.007 0.016 | 0.01
wWa 0.015  0.011  0.022 0.007  0.005 0.011 0.004  0.002 0.010 | 0.009 0.005 0.015 | 0.01

time points. Suppose that counts Y, follow a multivariate Poisson (MVP) or

the negative binomial distribution (MVNB). The model can be written as:

MVP ;(Yixt| Nire); when § = 1; or
Yikt‘5> >\ikt ~ (57)

MVNB ;(Ait, 0); otherwise,

where A;i; and é are the vectors of mean and dispersion parameters, respectively.

The mean count vector of parameters A;; is linked to the dynamic and static
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covariates through the log link function as follows:

log(\jikt) = By + Month; + Year;
+ B, 1(Spring = 1)y + Byl (Summer = 2); + B3 (Fall = 3);
+ B,I(Grass = 2); + Bs1(Woods = 3);
+ BsCosine, + B,Sine; + vy + by,

= D jire + S5 + vt + b, (5.8)

where the D, v, S, 3, v and b are defined as in and 5.4l Suppose that the

number of coefficients in the dynamic and static vectors are given by p; = ZJ

j=1aj

and ps = Z}]:1 b; respectively, and let 7, be a ps—dimensional vector constructed

by stacking the a; coefficients, v,,. That is,
T = Ot + v (59)

where 6, is the state parameter and v; ~ N(0,V'). The state equation is given
as

Ht = Get,l + oy (510)

where G is a py X pg state transition matrix, and the state errors a; are assumed
to be ii.d N(0, A). Thus, the hierarchical equation in can be written in a

more compact form as follows:

log(Njikt) = I} ik + BS; ikt + bic. (5.11)

We assume multivariate normal priors for the static predictor 3; as N(0, diag(10?)),

and inverse-Wishart priors in V;, A;, and W, for v, oy and by, respectively.

The reference category for the habitat type covariate is taken to be 1 corresponding
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to the edge habitat type, while the season variable is taken to be the winter season
corresponding to low tick activity. Month and year covariates entered the model
as continuous variables and we assume that they evolve according to a random

walk process, and the sample sites’ covariates were taken as random effects.

We employed Bayesian estimation using the R-INLA package by Rue et al.| (2009)
given its fast computation time compared to the MCMC counterpart. The Bayesian
approach treats parameters as unknown random variables having prior probabil-
ity distributions which are updated with data leading to posterior distributions in
contrast to how likelihood methods treat parameters as fixed constants. Here, the
likelihood of the model describes the data generating process given the param-
eters, while the prior usually reflects any previous information about the model
parameters. Consequently, when the prior knowledge is scarce then we assume
vague or non-informative priors so that the posterior distribution is driven by the

observed data (Gelman) 2006).

5.6 Model diagnostics

The models were compared using the deviance information criterion (DIC), which
is obtained by adding the posterior mean of the deviance that measures the good-
ness of fit to the number of effective parameters as: DIC' = D(6)+pp where D is
the posterior mean deviance and pp is the effective number of parameters in the
model, which penalizes the fit for complexity of the model. Spiegelhalter et al.
(2002) state that pp values less than zero indicate substantial conflict between
the prior and the data or that the posterior mean is a poor estimator. The best
model is said to be the one with the smallest DIC value. Low values of deviance

suggest a better fit, while small values of pp suggest model parsimony as discussed

in Spiegelhalter et al. (2002)).
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5.7 Model application results

To identify factors associated with tick life stage abundances, several models were
fitted assuming the Poisson and the negative binomial multivariate distributions.
Since the choice of priors can have an important impact on the posterior distribu-
tions of the model parameters and the performance of the model can be sensitive
to the choice of the location-specific random effects variance priors|Gelman (20006),
we consided three inverse-gamma distribution priors for sample site random ef-
fects term by ~ N(0, Wy, ), postulated through the precision matrix .Qb_kl, that is
Wy, ~ IW(ry,, .Qb_kl) The fitted model included the intercept, sinusoidal terms,
season and habitat type fixed effects, month and year non-linear effects, and the
abundance sample site random effects. The model was fitted using three priors
of the hyperparmeter for the variance of sample site random effects. Figure
displays tick abundance variations in the posterior densities of the hyperpriors.
The plots suggest that the Rue et al. (2009) prior (black curve) was better in
modelling the tick life stages since its log-likelihood curve was higher than the
other curves. However, the DIC value of the Lunn et al.| (2012) prior was smaller
for the NB model compared to other models (Table , suggesting the results of
this prior to be preferred for our multivariate data. We note that the posterior

estimates of the models are similar and are presented in Table |5.3

Table 5.2: Summary of Poisson and negative binomial model DIC values for
different priors.

DIC
Prior Poisson  Neg.Bin
I'(1,0.0005) -206894.20 41717.78
'(0.001,0.001) -206887.00 41706.62
I'(0.5,0.0164)  -206891.10 41716.74

Table [5.3] displays the posterior means and the 95% credible interval estimates
from the NB model assuming three sample sites random effects priors. Since the

results from the fitted models are similar, we only interpret the the results from
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Figure 5.1: Sensitivity analysis on the priors of precision parameter of fitted
negative binomial model. The black, red and green curves are for I'(1,0.0005),
I'(0.001,0.001) and I'(0.5,0.0164), respectively.

the first model M1.

The estimated effects of the predictors of the tick abundance reveal no significant
effects due to the type of habitat. That is, the model estimated non-significant
and higher [0.33; CI:(-0.04,0.69) and 0.12; CI:(-1.03, 1.28)] log mean overall tick
abundances in the grass and woods habitat types compared to the edges. However,
the model estimated significant and higher [4.24; CI:(0.92,7.56)] log mean over-
all tick abundances in summer season, while non-significant [3.34; CI:(-0.14,7.96)
and 2.74, (-1.14,6.50)] abundances were estimated during spring and fall seasons.
The model estimated non-significant [-0.77; CI:(-2.99,1.36) and 0.02; CI:(-2.11)]
cosine and sine sinusoidal terms. This indicates the model’s inability to cap-
ture the seasonal patterns in the data. The model estimated a significant [5.09;
CI:(2.61,12.65)] overall sample site random effect, which indicates differing over-
all tick abundances within sample sites with similar environmental and temporal
conditions. The model estimated non-significant [-0.02; CI:(-0.41,0.33) and -0.04;
CI:(-0.46,0.38))] correlations between larvae and nymph and nymph and adult

ticks, while non-significant [0.03; CI:(-0.44,0.54)] correlation was estimated be-
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tween larvae and adults.

Table 5.3: Posterior estimates of the negative binomial models assuming M1:
I'(0.1,0.0005), M2: I'(0.001,0.001) and M3: I'(0.5,0.0164) priors in the precision
matrix §2.

Covariates M1 M2 M3
Fixed Effects Mean 95% CI Mean 95% CI Mean 95% CI
(Intercept) -4.87 (-7.67,-2.07) -4.88 (-7.91,-1.86) -4.90 (-8.14,-1.65)
Season (ref: Winter)
Spring 391 (-0.40,8.13) 3.80 (-0.68,8.37) 3.84 (-1.17, 8.68)
Summer 424 (0.73,7.75) 425  (0.51,7.99) 4.25  (0.16, 8.34)
Fall 2.70 (-1.42, 6.66) 2.66 (-1.71, 6.90) 2.60 (-2.23, 7.19)
Habitat type (ref: Edge)
Grass 0.33  (-0.03,0.69) 0.33 (-0.03,0.70) 0.33  (-0.03, 0.70)
Woods 012  (-1.03,1.28) 012 (-1.03,1.29) 0.4 (-1.03, 1.33)
Cosine term 077 (-2.99, 1.36) -0.84 (-3.35, L57) 089 (-3.70, 1.71)
Sine term 002 (-2.12,2.11) -0.02 (-2.46,2.36) -0.05 (-2.75, 2.55)
Random Effects
by 500  (2.61,12.65) 4.82 (275, 877) 534  (2.04, 12.37)
Correlations
PLN -0.02  (-0.41,0.33) 0.00 (-0.24,0.25) 0.08  (-0.35, 0.54)
LA 0.03  (-0.44,0.54) -0.01 (-0.26,0.23) 0.04 (-0.39, 0.50)
PNA -0.04 (-0.46,0.38) 0.03  (-0.38,0.46) 0.02  (-0.41, 0.46)

5.7.1 Sample sites random effects

Figure [5.2| shows the caterpillar plot for the estimated sampling sites random
effects posterior means (the dots) and 95% credible intervals. A negative posterior
mean value for the sampling site random effects implies that lower variations are
estimated, while a positive value implies higher variations are estimated within the
sampling site. The model estimated significant higher tick variation in Stephens
tract (ST), Jacobson tract (JC), Newport News Park (NN), Kiptopek (KP) and
Hoffer Creek Wildlife Preserve (HC) and significant lower abundances in Paradise
Creek Nature Park (PC) and Weyanoke (WS). Non-significant lower variations
were estimated in Blackwater Ecological Preserve (BW), Oceana Dam/Neck (OD),
Back Bay (BB) and Langley (LA), while non-significant higher abundances were
estimated in Cheatham Annex (CA). The results from the model suggest that
ST and JC sampled sites in Cheasapeake county, CA in York county, and KP

Portsmouth county and KP in Northampton county had higher tick variations,
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while lower variations were estimated in PC sampling site in Portsmouth county
and in WS sampling site in Norfolk county. On the other hand, non-significant
lower variations were estimated in Virginia Beach, Isle of Wight, Hampton and
York counties. The A. americanum is found throughout the southeastern United
States, and its populations extend west to central Texas and north to Iowa (Childs

and Paddock, [2003)).

Sampled Site
O w rr 0 I = Z < 0o
O @ > > 0O 7T z 0 H

j

) i )
-5.0 2.5 0.0 25
by

Figure 5.2: Caterpillar plots for predictors of the random effects of sampling
locations with posterior means (dots) and 95% credible intervals in Virgnia, USA.

5.7.2 Non-linear effects

Figure [5.3| shows the shared trend effects of months and years over the study
period, 2009 - 2018. The month trend plot shows that the log of mean tick
abundances increase during the first six months (January to June), then decrease
between June and July, increase between July and September, decrease between
September and November, and increase from November to December. The year
trend plot shows a steady decline in the log of mean tick abundances between
2009 through 2012, followed by a sharp decrease from 2012 through 2015, and
then a steady decline from 2015 to 2017, after which a steady increase from 2017

through 2018 can be observed.
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Figure 5.3: Estimated shared month and year time trends for larvae, nymph
and adult tick life stages.

5.8 Discussion

This study used hierarchical dynamic Poisson and negative binomial count data
models to investigate the influence of temporal and location specific effects on the
distribution of A. americanum abundance in Virginia, United States. The model
included the sampling sites random effects term to assess tick abundance varia-
tions within the sampling sites. The proposed model was investigated through
simulations at different locations and sampling site sizes. It is worth noting that
for small samples sizes the random effects model proposed may be susceptible to
bias (Grilli et al., 2015). Furthermore, the model was fitted to the tick data and
results showed that there were no significant effects of habitat types. We also
noted that credible intervals were wider as a result of small n = 3 and m = 12
values. However, summer season effects were significant and positive indicating
an expected increase in tick abundance during summer seasons. This aligns with
the results in |Childs and Paddock (2003); [Kennedy et al.| (2021)); Lephoto et al.
(2021)); |Alkishe and Peterson| (2022), where the larvae life stage abundance peaks
in August, the nymph stage in July, and the adult stage in June. The evidence of
sample site abundance variations was detected in Chesapeake, York, Portsmouth,
Northampton, and Norfolk counties suggesting potential disease hotspots. These

results confirm the results in (Gaines et al., 2014; Cohen et al., 2010)). The esti-
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mate of non-linear effects of the model showed an upward monthly tick abundance
trend from January to June, a dip between June and July, steady peak between
July and September, a sharp decrease between September and November, and
a steady peak from November to December. However, the year tick abundance
trend showed a steady decrease between 2009 and 2011, a steep decrease between
2011 and 2012, and a sharp decrease from 2012 through 2018. These trends are
well documented in |Davidson et al. (1994)); [Kollars Jr et al.| (2000); Mangan et al.
(2018).

5.9 Conclusion

In this study, we investigated the effects of dynamic, static and random sample
site effects on the distribution of Lone Star tick abundance using the hierarchical
dynamic Poisson and negative binomial count data models. The simulation study
showed that the proposed model accurately captured the data for larger sample
sizes. We conclude that application of the proposed model to data did not fit
well, and wide credible intervals were obtained. Although the model showed in-
significant relationships between tick abundance and the habitat type, the model
was able to reveal that significant higher tick abundances were expected in sum-
mer compared to winter seasons. The model revealed that there were significant

variations due to the random sample sites.
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Chapter 6

Spatio-temporal modelling of tick
life-stage count data with

spatially varying coeflicients

6.1 Introduction

There is a vast amount of geo-referenced data in many fields of study including eco-
logical studies. Geo-referencing is usually by point referencing; that is, latitudes
and longitudes or by areal referencing, which includes districts, counties, states,
provinces and other administrative units. The availability of large geo-referenced
datasets for modelling has necessitated the development and application of spa-
tial statistical methods. However, spatial varying coefficients models exploring
the abundance of tick counts remain limited. Efficient assessment of spatial and
temporal patterns in species distributions, for example, to draw species distribu-
tion maps and to estimate population trends, has been a challenging but essential
endeavour for ecologists and wildlife managers for a long time (Barker and Sauer),

1992; [Inger et al., [2015). Species distribution or abundance models that specify
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population trends help understand basic ecological questions (Sattler et al., [2007).
Reliable distribution and trend estimates are essential for a smart resource alloca-
tion in conservation (Rodrigues et al.| 2006 and species management (Sutherland

et al., 2004).

6.2 Data description

The data were collected and prepared by researchers in the Department of Bio-
logical Sciences from Old Dominion University, in Virginia, United States (US).
Standard flagging techniques (CDC, 2020) were used along established transects
and identified species and life-stage according to (Sonenshine, 1979). Ticks life
stages count data were recorded for each different location, habitat and habitat
type through the four seasons. Data collection was conducted from independent
cities, namely; City of Chesapeake, City of Hampton, Isle of Wight County, City
of Norfolk, Northampton County, City of Portsmouth, City of Virginia Beach and
York County. For brevity, all will be referred to as counties. Data collection was
done at least once a month on varying days of the week and at 12 different sites in
southeast Virginia from May 2009 through December 2018 (Lephoto et al., [2021)).
This chapter uses data arranged by habitat type, collected throughout the four

seasons of the year as per the objectives.

The data were collected at random from multiple areas referred to as habitats,
and each area was designated by a unique number ranging from 1 to 5 for different
habitats. The habitat type was used to designate the kind of area (woods, edges
or grass) where the data were collected. The number of the week (from 1 to 53)
was also recorded during data collection, with week 1 being the first week of the
year. While fewer ticks were observed in winter, the adult stage of I. scapularis
is active in winter. To help align the information from year to year, we recorded

data collected during the last week of December as week 53, which was also the

68



Map of Virginia Sampled Counties

A

[ Sampled counties
[ Other counties

Figure 6.1: Map of Virginia with names of counties where ticks were sampled.

first week of January of the following year. We also kept track of the month and
year for the data collection. The ten-year study period was grouped into two-year
successive periods so that 2009 and 2010 were grouped together, 2011 and 2012,
2013 and 2014, 2015 and 2016 and 2017 and 2018. This predictor variable was
used to capture residual spatial effects on the abundance of tick counts. The
paired time segmentation was to help find out if there were times when counts
were significantly high or low compared with the rest of the data. The above-
mentioned variables were used as predictors of tick life-stage count outcome data

to find relationships using count regression models.

6.3 Model description

Various statistical models have been developed to model count data. In this
study, we applied the Poisson and the negative binomial distribution models.

The classical Poisson model, which assumes that mean and variance of the count
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responses are equal, is often of limited use when the empirical data sets exhibit
over-dispersion or have more zeros than expected. This can be addressed by in-
troducing a dispersion parameter in this model or by extension to models that
can account for excessive zeros in the data (Zeileis et al., [2008)). As mean and
variance are identical in the standard Poisson model, this means that the disper-
sion parameter is fixed to 1. In the presence of over-dispersion, the Poisson model
underestimates the variance and renders all model-based tests more conservative.
Violation of the equal mean and variance assumption indicates correlation in the
data, which may affect both standard errors of the parameter estimates and the
model. In this study, the tick count data showed a greater proportion of zeros

than positive counts, which is an indication of zero-inflation and over-dispersion.

The NB distribution is commonly used to model over-dispersed count data. A
dispersion parameter in the NB model caters for over-dispersion allowing the
variance to be greater than the mean while also accommodating the unobserved
heterogeneity in the data. In addition to over-dispersion, it is common that many
empirical count data sets exhibit more zero observations than would be expected
by the classical Poisson model. A model capable of capturing both properties is
the zero-inflated Poisson (ZIP), which assumes that zero counts occur with some
probability, while a Possion (A) random variable is observed with probability 1
— p. The ZIP distribution model approaches the classical Poisson when p —
0. It is worth noting that zero observations arise from both the zero-component
distribution and the classical Poisson distribution. The zero-component distribu-
tion accounts for the inflated zeros that are observed in addition to zeros that
are expected to be observed under the classical Poisson distribution. A more de-
tailed account of the development of zeroinflated models can be found in Lambert

(1992).

Let y;jxm be a tick count for life stage m (m =1 : Larvae, m = 2 : Nymphs, and m =
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3 : Adults), in habitat-type k, habitat j, and location i, modeled by multi-
hierarchical Poisson model. Under the Poisson model, we assume that the de-

pendent variable ;. is Poisson distributed, i.e

yijkm| Hijkm ~ POiSSOH(Mijkm)

where f1;;1m is the mean tick count in the respective life-stage, habitat type, habi-

tat and location.

Let Xijem=(0tn; Tijkm1, Tijkma, - - - » Tijkmp)' e a vector of p continuous predictors
with the first component accounting for the constant and Wijkm = (Wijkm1, Wijkm2, -
be a vector of r categorical predictors. The link function A(-) relates the mean

Lijkm to the predictors as follows:

h(pijim) = X7 B+ W (6.1)

where W = Wik and X = Xjjky,; while A(-) is the log link function, §, an
p-dimensional vector of regression coefficients for continuous predictors; and ~,, a

vector of the categorical predictors.

In order to cater for non-linear effects of the continuous covariates as well as
the spatial autocorrelation and temporal effects in the data, we incorporated the
random walk model of order 2 (RW2); the convolution models; the linear trend
over years; and space-time interactions into the model such that Equation [6.1

becomes:

h(ﬂz]km) = ﬁ(]m + Z fl(Sza xijkm) + fmonth(m)
=1

+ fspat(Sim> + fyear(t) + fit(Si7 t)? (62)
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where the function f;(.S;, z;;1m) represents the space-covariate interaction; fi,onen
non-linear twice differentiable smooth function for the continuous month covariate
effect; and the functions fopat(Sim), fyear(T) and fi(S;,t) are space, time (years)
and space-time interactions, respectively. The convolution model assumes that
the spatial effect can be decomposed into two; namely, the spatially structured
and spatially unstructured components. This means that fypat(Sim) = fstr (Sim) +
funstr(Sim) where m = 1,2 or 3 (Manda and Leyland, [2007; [Ngesa et al., [2014;
Okango et al., 2015).

The spatially structured random effects account for the unobserved covariates,
which vary spatially across counties, while the spatially unstructured random
effects account for the unobserved covariates that are inherent within counties
or correlations within counties, for example, the climate and common cultural
practices among other things. The spatially structured random effects capture
the spatial autocorrelation and they are technically defined as the correlation
computed among the values of a single geo-referenced variable that is attributable
to the geographic proximity of the objects, to which the values are attached (Cliff
and Ord, [1981)). Moreover, fyeqr(t) represents random time effects which can be
modeled as a first-order random walk (RW1) or a first-order autoregressive process

(AR1), while f;;(S;,t) is a space-time interaction.

In the presence of over-dispersion, the Poisson model is replaced by the negative
binomial model, where the variance depends on the mean as p(1+ p¥), and where
¥ is an over-dispersion parameter, which captures the extent at which variance
deviates from the mean. We assume that a tick count variable y;j,, follows a

negative binomial distribution, such that

Z/z‘jkm|/~bz'jkm ~ NB(H; 1/)>~
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The mean function E(Y') = u relates to the predictors in the same way as that of
the Poisson distribution model in Equation [6.1} In this chapter, a full Bayesian

estimation approach was used, where parameters were assigned prior distributions.

6.4 Model diagnostics

The models were compared using the deviance information criterion (DIC), which
is obtained by adding the posterior mean of the deviance that measures the good-
ness of fit to the number of effective parameters as: DIC' = D(6)+pp where D is
the posterior mean deviance and pp is the effective number of parameters in the
model, which penalizes the fit for complexity of the model. Spiegelhalter et al.
(2002) state that pp values less than zero indicate substantial conflict between
the prior and the data or that the posterior mean is a poor estimator. The best
model is said to be the one with the smallest DIC value. Low values of deviance
suggest a better fit, while small values of pp suggest model parsimony as discussed

in Spiegelhalter et al. (2002).

6.5 Fitted models

Four spatio-temporal models were fitted in the R statistical software, version 3.5.1
using the INLA package to predict the effects of the ecological covariates on the
distribution of larvae, nymph and adult tick counts in the eight previously men-
tioned counties of Virginia, U.S. Preparation, organization and merging of the
data with the map was done using QGIS software, version 3.6.3-Noosa (QGIS,
2009). The first approach modelled the space-covariate effects f(S;, z;jkm), non-
linear effects of the month covariate fi,ontn(m), the temporal time effects fyeq,(t)
and the space-time effects f;;(S;,t). This model (M1) does not consider the spa-
tially structured and spatially unstructured random effects, and the three life-stage

counts were modelled independently as follows:

73



p
M1: log(tijrm) = Bom + Z f(Si, Tijim) + frmontn(m)

i=1

+ fyear(t) + fit(S’iv t),

where m equals 1 for larvae; 2 for nymphs; and 3 for adults with respect to counts.
The second model (M2) is the same as M1 but with spatially unstructured effects
to cater for the unobserved covariates that are inherent within the counties. The
spatially unstructured effects were specified by the identically and independently

distributed (iid) with the normal distribution.

p
M2: log(,uzgkm) = 50m + Z f(Sza xijkm) + fmonth(m)
=1

+ funstr(si) + fyear(t) + fit(Si> t)a (63)

The third model (M3) is the same as M1 but with spatially structured effects
which cater for any unobserved covariates which vary spatially across counties,

specified by the conditional autoregressive model (CAR).

p
M3: log(ftijem) = Bom + Z f(Si, Tijkm) + frnontn(m)

i=1

+ fstr(Si) + fyear(t) + fit(Siv t)a (64)

The fourth model (M4) is the same as M1 with a convolution of spatially un-
structured and spatially structured effects, which are specified by the iid normal

distribution and CAR model respectively.

74



p
M4. IOg(Mijkm) - ﬁOm + Z f(Szy xijkm) + fmonth(m)
i=1

+ funstr(si) + fstr(si) + fyear(t) + fit(Sia t)7 (65)

We used the Poisson and the negative binomial count data distributions and
compared them using the DIC. We then interpreted the results from the best

performing models based on the DIC.

6.6 Model comparisons

Table shows the DICs for four spatio-temporal Poisson and NB models, where
the model with the smallest DIC is the one with the best fit. As seen, all the spatio-
temporal NB models have lower DICs compared to the corresponding spatio-
temporal Poisson models. M1 showed the best fit for the tick larvae count data
compared to all the other models, which also suggests that unobserved covariates
vary significantly over time. Similarly, M4 showed the best fit for the nymph
and adult tick count data. The differences in the DIC values suggest that the
spatio-temporal NB model would be the best model compared to the spatio-
temporal Poisson model. This outcome also suggests that unobserved covariates

vary spatially across counties and over time.

6.7 Results

6.7.1 Space-covariate effects

Spatio-temporal NB models out-performed the spatio-temporal Poisson models in
our case. We show the choropleth maps (Figures 2-4) of all the models with the

smallest DICs for the fitted larvae, nymph and adult tick count data, respectively.
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Table 6.1: DIC values for spatio-temporal Poisson and NB models.

Spatio-temporal models

Response  Total counts  Model Poisson NB

DIC PD DIC Pp
Larvae 145 020 281147.18  71.79  12563.79  13.31
Nymphs 20 637 1 29982.53  79.52 - -
Adults 10 509 13990.35  62.55 - -
Larvae 145 020 277483.97  73.81  12591.82 9.64
Nymphs 20 637 2 30176.78  67.67 14203.41  49.58
Adults 10 509 14308.39  62.55 10101.87 47.52
Larvae 145 020 295800.95 71.16 12600.72  10.82
Nymphs 20 637 3 34093.74  65.24  14518.67 45.52
Adults 10 509 14317.57  62.60 10101.87 47.52
Larvae 145 020 277468.27  73.88  12591.73 9.64
Nymphs 20 637 4 30176.53  67.64 14202.29  49.36
Adults 10 509 14308.23  62.55 10100.97 47.13

The choropleth maps show the space-covariate interaction effects for the selected
counties in Virginia. A yellow shade was used if the effects were greater and black

or dark shade if the effects were lower.

Larvae

The effect of location on the log mean tick counts was highest in Hampton County
followed by York and Chesapeake counties (Figure [6.2)). The effect was lower in
Norfolk, Portsmouth and Isle of Wight counties. Virginia Beach County showed
the lowest effect of the location variable. The effect of habitat was almost the
same across all the counties except for Isle of Wight County. The effect of change
in weeks was evident in York and Norfolk counties. The effect of habitat type on
the log of mean larvae tick counts was high in Chesapeake County. The effect of

change in season was very low in Isle of Wight County compared to other counties.
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Figure 6.2: Choropleth maps showing the space-covariate effects on larvae

Nymphs

The effect of location on the log mean nymph counts was high in Hampton County
and very low in Norfolk County compared to the others (Figure . The effect
of habitat was very low in Isle of Wight County, and low in Northampton County
followed by Chesapeake, Hampton and Portsmouth counties. However, there was
a high effect of habitat in Norfolk County. The effect of change in week was very
low in York County and Northampton County but high in Portsmouth County.
The effect of habitat type on the log nymphal counts was evident in Chesapeake
County but low in Isle of Wight County. The effect of change in seasons was
very low in Isle of Wight County, while a higher effect can be observed in York,
Hampton and Norfolk counties (Figure .

Adults

The effect of location on the log mean adult counts was high in York County, while
it was generally low in other counties. The effect of habitat was high in Norfolk
and Hampton counties, but it was a very low in Isle of Wight County. The effect
of change in week was also evident in the latter. A very low effect in this respect
can be observed in York County (Figure . The effect of habitat type was very

high in Chesapeake County and very low in York County compared with other

!Brighter colors = higher spatial effects and dark colors = lower spatial effects.
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Figure 6.3: Choropleth maps showing the space-covariate effects on nymphs.*

counties. The effect of change in season was very high in Norfolk County and

very low in Isle of Wight County. Other counties had low effects compared to the

effect in the latter.
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Figure 6.4: Choropleth maps showing the space-covariate effects on adults.

The non-linear effects of the month

Figure [6.5|shows non-linear associations between time (month) and larvae, nymph

and adult tick counts. These figures give the posterior mean (black line in the

figure) of the smooth function and their corresponding 95% credible intervals (red

and blue lines). From the figures it is evident that there is a non-linear relationship

between month and tick counts. We confirmed general changes in line with the

seasons in the study area. Thus we report the probability of larvae increasing be-

!Brighter colors = higher spatial effects and dark colors = lower spatial effects.
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tween January and April, fluctuation between April and June, increasing further
between June and August, then decreasing until December. Regarding nymphs,
the probability is that they increase slightly between January and February, in-
crease abruptly between February and June, decreases between June and August,
steadily decrease between August and September, and decrease sharply between
September and December. Regarding adults, there is a probability that they in-
crease steadily between January and February, and abrupt increase from February
to May, increase steadily between May and June, and decrease sharply between

June to September, then start to increase steadily from September to December.

Larvae Nymphs Adults

Effect of Month
(]
1

Effect of month
(o)
1

Effect of Month
o
1

Month Month Month

Figure 6.5: Non-linear effects of month variable on larvae, nymphs and adults,
2009-2018.1

6.7.2 Space-time effects
Larvae

Figure shows the mapped estimated residual spatial effects on the abundance
of larvae counts between 2009 and 2018. The residual spatial effects that represent
unobserved spatial factors either not measured in the surveys or abducting the
effects of cultural patterns, are evident. High effects were observed in Portsmouth,
Chesapeake and Hampton counties in 2009/2010 while the other counties showed

low residual spatial effects. Two counties showed decreased residual spatial ef-

Note: Red and blue lines = 95% credible intervals; black line = posterior mean.
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fects in the period 2011/2012, namely, Portsmouth and Hampton counties. In

the period 2013/2014 the effects were evident in Hampton, Portsmouth, Chesa-

peake and York counties. The effects were high in Chesapeake, Norfolk and York

counties in 2015/2016, while they were very low in Portsmouth County. During

2017/2018 all counties, except for Isle of Wight and Portsmouth counties, showed

high effects regarding the abundance of larvae.
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Figure 6.6: Choropleth maps showing residual spatial effect of larvae tick abun-
dance, 2009-2018.}

Nymphs

The effects on the nymph abundance decreased over the whole study period,

particularly in York County (Figure [6.7)).

Year 2009 2010

Year 2011 2012

Year 2013 2014

Year 2015 2016

Year 2017 2018

Figure 6.7: Choropleth maps showing residual spatial effect of nymphs tick
abundance, 2009-2018.!

!Brighter colors = higher spatial effects and dark colors = lower spatial effects.
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Adults

Residual spatial effects on the distribution of abundance of adult ticks increased
between 2009 and 2016 in York County, while all other counties showed a decrease
of spatial residual effects throughout the study period 2009 to 2018. In York, a
decrease in residual spatial effects was observed in 2017/2018 relatively to the
2015/2016 study period. Higher residual spatial effects were evident in Norfolk
County during the periods 2009/2010, 2011/2012 and 2013/2014 (Figure [6.§).

Year 2009 2010 Year 2011 2012 Year 2013 2014 Year 2015 2016 Year 2017 2018

Figure 6.8: Choropleth maps showing residual spatial effect of adult tick abun-
dance, 2009-2018.1

6.7.3 Temporal effects

For larvae, there was a steady decrease in the mean count between periods 1 and 4,
then a steady increase from period 4. The graph indicates that larvae abundance
declined between 2009 and 2016, after which there was a steady increase in the
abundance of larvae ticks. The graph indicates that nymph abundance increased
between periods 2009 and 2012 then declined between 2012 and 2016, after which
there was a steady increase in the abundance of nymph ticks. For adults, the
abundance was constant from 2009 through 2012, after which a gradual decline

was observed from 2012 until 2018 (Figure [6.9).

!Brighter colors = higher spatial effects and dark colors = lower spatial effects.
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Figure 6.9: The temporal year random effect for the cumulative best fitting
model.! 2

6.8 Discussion

This study applied the Poisson and NB count data models to tick count data with
the aim of exploring the influence of environmental and temporal predictors on
the distribution of tick counts in Virginia, U.S. We relaxed the assumption that
the relationship between the predictors and the response variables in a regression
model are constant across the study region and over time. This assumption is
unrealistic for spatial processes as factors such as sampling variation and different
relationships across regions (for example, attitudes, preferences, culture and oth-
ers) contribute to different responses to the same stimuli across regions and over
time. A frequent approach to spatial modelling dates back to the work by |[Besag
et al. (1991) which was extended by Bernardinelli et al.| (1995) to include a linear
term for space-time interaction. Many studies have relaxed this assumption, for
example, Assuncao et al| (1999)) introduced a Bayesian space-varying parameter
model to examine micro-region factor productivity and the degree of factor sub-
stitution in the Brazilian agriculture; Gamerman et al.| (2003) developed a flexible
modelling approach for space-varying regression models; and |Okango et al.| (2015])

modelled the HIV and HSV-2 viruses using spatially varying coefficient models.

Note: Red and blue lines = 95% credible intervals; black line = posterior mean.
2Note: Year 1 = 2009 and 2010; Year 2 = 2011 and 2012; Year 3 = 2013 and 2014; Year 4
= 2015 and 2016; Year 5 = 2017 and 2018.
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The Bayesian spatio-temporal process model was used to allow covariates to vary
spatially and over time. We specified the CAR prior for the structured random
effects; autoregressive of order one (AR1) prior for the temporal random effects;
and normal iid priors for the unstructured random effects. Non-linear effects of
the month variable on tick counts were also evident. As a result, an assumption
of linear relationship would have led to misleading results and consequently to
wrong interpretations. The exploratory data analysis showed that more larvae
counts were observed compared with nymphs and adult tick counts. We found
that the effects of covariates on tick counts varied spatially across counties and
over time. Spatio-temporal models were powerful, in the sense that they were
capable of revealing county specific effects of each covariate, county space-time
effects, and the effects of change in time on the distribution of life-stages of Lone
Star ticks. We were able to show that tick abundance has been increasing over the
study time in Virginia, which confirms the previous results by Lantos et al. (2015])
that observed the significant expansion of Lyme disease distribution in Virginia
between 2000 and 2014, particularly southward into the Virginia mountain ranges.
It is clear that change in temperature affects tick numbers, such that they decrease
in winter (Linske et al., 2020). We confirmed this unsurprising fact and noted also
that larvae count remained low up to May. Non-linear effects of month showed
that nymphs and adults were observed in spring and summer, meaning that the
distribution of larvae would be expected to increase later that summer and thus
adults the following spring. This happens in locations in early summer, thus
determining the distribution of larvae and adults in late summer and spring the
following year, respectively (Stein et all 2008)). Our study also revealed that the
effects of habitat type were high in Chesapeake County. This could be because
of the abundant white-tailed deer population found in forests, farms, parks and
backyards throughout the Chesapeake Bay watershed. The Lone Star tick is said

to be very aggressive and specific when looking for hosts (Goddard and Varela-
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Stokes, |2009), but they are unspecific during each life-stage, as this species is found
on humans, domesticated animals, ground-dwelling birds as well as on small and
large wild animals (Kollars Jr} [1993)). The white-tailed deer feeds on fruits and
vegetation that are available to them each season, which makes it simple for ticks
to attach and feed from these animals. During warm seasons (summer and spring),
these animals feed on green plants, during fall they feed on nuts, acorns and crops
and in winter they feed on woody vegetation, such as bark, twigs and buds of

hardwood and pine trees, where indeed ticks are found (Willis et al., [2012)).

6.9 Conclusions

Tick counts are influenced by environmental factors and seasonal changes. There
is no dominant weekly influence or observable change in the number of ticks due
to the changing weeks. We conclude that tick numbers depend on the type of
habitat where they are closer to their hosts and the time when their hosts are
more likely to be targeted. Grassy and wooded places are the most liked by ticks
as hosts feed and live in such places. Larvae counts are to be expected during
summer between June and August, while nymphs are found in abundance between

February and May, while adult counts appear mainly between February and May.
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Chapter 7

Summary, conclusion, limitations

and future research

7.1 Summary of the main findings

This dissertation looked at various methods to model the vector of tick life-stage
time series of counts collected from random sample sites within three different
habitat types namely: edges, grass and woods. The data in this study was col-
lected by the researchers from the Old Dominion University in Virginia, United
States, and used in this study as part of the joint NIH-NSF-USDA Ecology and

Evolution of Infectious Diseases program.

The main objective for this study was to determine the relationship between A.
americanum tick abundance and static, temporal and spatial predictors in the
southeastern Virginia, United States (US). The data used spanned 2009 through
2018 and was collected at least once a month from eight counties and independent
cities in Virginia, US. The counties included the City of Chesapeake, City of
Hampton, Isle of Wight County, City of Norfolk, Northampton County, City of

Portsmouth, City of Virginia Beach and York County.
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Various models were applied to the data in Chapterdd] [5] and [6] to investigate the
environmental, temporal and spatial effects including sample site random effects.
The models were successful in revealing the effects of covariates on the distribution

of tick abundance across the eight counties.

In Chapter [ we introduced multilevel models using the INLA technique and
demonstrated its flexibility in allowing for a mixture of marginal count data dis-
tributions in the response vector. The study described the model for the vector
of time series of counts using the R-INLA technique for fast approximate Bayesian
computing compared to the MCMC method. The aim of this study was to unpack
estimate trends for the tick life stage abundances and investigate predictors that
contribute to higher tick abundance. We also demonstrated the speed differences
between the MCMC and the INLA techniques. Throughout our research study
period, we did not find similar methods applied to ecological data, specifically
tick life stage count data. Results revealed that INLA and MCMC techniques
produced similar parameter estimates. However, INLA CPU times were shorter
than the MCMC times, and thus the INLA technique was preferred over the

MCMC.

The MCMC is a large class of methods that enables inference in highly dimensional
problems with unknown quantities and is able to handle complicated distributions.
The literature on the methods is well documented in|Gamerman and Lopes| (2006);
Robert et al.| (1999)); Chen et al. (2012), and these methods are commonly used for
computing posterior quantities through the popular Gibbs sampling methods in-
cluding the Metropolis-Hastings algorithm (Geman and Gemanl, |1984; |Metropolis
et al., (1953; [Hastings, [1970). However, the MCMC technique is computationally
intensive when complex models are involved, or when the data is large. As an al-
ternative to the computationally intensive MCMC Bayesian technique, the INLA

technique for approximating posterior parameters was suggested and its feasibil-
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ity demonstrated by simulating the data and estimating parameters, while taking
into account the time taken to complete in INLA and in MCMC before models
were applied to tick data. This study assumed tick life stage specific effects of
the covariates on the distribution of tick stages. That is, we assumed that each
life stage was affected differently from another tick life stage. The results in this

study indicated that the assumption of shared effects was somehow unrealistic.

In Chapter 5| we employed multivariate hierarchical dynamic Poisson and neg-
ative binomial count data models to investigate the influence of temporal and
location specific effects on the distribution of A. americanum abundance in Vir-
ginia, United States. The model included the sampling site random effects term
to assess the within tick abundance variations. Data simulation was conducted
and the model was fitted to ascertain accurate model parameter estimates before
it was fitted to tick data. We noted that for small sample sizes the random effects
model proposed was susceptible to bias (Grilli et al., 2015). As a result, the model
failed to reveal significant fixed effects of the habitat type as credible intervals were
wider. However, higher abundance was estimated in summer and this was a sig-
nificant factor. Consequently, this result confirmed those in the literature |Childs
and Paddockl (2003)); |[Kennedy et al.| (2021); Lephoto et al.| (2021); Alkishe and
Peterson| (2022)), where life stage abundance of larvae stage ticks peak in August,
nymph stage in July and adult stage in June. The evidence of sample site tick
abundance variations detected in Chesapeake York, Portsmouth, Northampton,
and Norfolk counties suggest the potential disease hotspots. These results confirm

the results in (Cohen et al., [2010; |Gaines et al., [2014)).

The estimate of non-linear effects of the model showed an upward monthly tick
abundance trend from January to June, a dip between June and July, steady
increase between July and September, a sharp decrease between September and

November, and a steady peak from November to December. However, the year
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tick abundance overall trend showed a steady decrease between 2009 and 2011, a
steep decrease between 2011 and 2012, and a sharp decrease from 2012 through
2018. These trends are well documented in Davidson et al.| (1994); |[Kollars Jr

et al.| (2000); Mangan et al.| (2018) among others.

In Chapter [6] we applied univariate Poisson and NB count data models to tick
count data with the aim to explore the influence of environmental and temporal
predictors on the distribution of tick counts. We relaxed the assumption that
the relationship between the predictors and the response variables in a regression
model are constant across the study region and over time. This assumption is
unrealistic for spatial processes as factors such as sampling variation and differ-
ent relationships across regions, for example, attitudes, preferences, culture and
others, contribute to different responses to the same stimuli as one moves across
regions and over time. Many studies have relaxed this assumption, for example:
Assungao et al.| (1999) introduced a Bayesian space-varying parameter model to
examine micro-region factor productivity and the degree of factor substitution in
Brazilian agriculture; (Gamerman et al.| (2003]) developed a flexible modelling ap-
proach for space-varying regression models; and |(Okango et al.| (2015) modelled the
HIV and HSV-2 viruses using spatially varying coefficient models. A frequently
used approach to spatial modelling dates back to the work by Besag et al.| (1991)
which was extended by Bernardinelli et al.| (1995) to include a linear term for
space-time interaction. The Bayesian spatio-temporal process model was used to
allow covariates to vary spatially and over time. We specified the CAR prior for
the structured random effects; autoregressive of order one (AR1) prior for the
temporal random effects; and normal iid priors for the unstructured random ef-
fects. Non-linear effects of the month variable on tick counts were also evident.
As a result, an assumption of linear relationship would have led to misleading
results and consequently to wrong interpretations. The exploratory data analysis

showed that more larvae counts were observed compared with nymphs and adult
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tick counts. We found that the effects of covariates on tick counts varied spa-
tially across counties and over time. Spatio-temporal models were powerful in the
sense that they were capable of revealing county specific effects of each covariate,
county space-time effects and the effects of change in time on the distribution of
life-stages of Lone Star ticks. We were able to show that tick abundance has been
increasing over the study time in Virginia, which confirms the previous results
by [Lantos et al. (2015) that observed the significant expansion of Lyme disease
distribution in Virginia between 2000 and 2014, particularly southward into the
Virginia mountain ranges. It is clear that a change in temperature affects tick
numbers, such that they decrease in winter (Linske et al., 2020). We confirmed
this unsurprising fact and noted also that larvae count remained low up to May.
Non-linear effects of month showed that nymphs and adults were observed in
spring and summer, meaning that the distribution of larvae would be expected to
increase later that summer and thus adults the following spring. This happens in
locations in early summer thus determining the distribution of larvae and adults
in late summer and spring the following year, respectively (Stein et al., |2008).
Our study also revealed that the effects of habitat type were high in Chesapeake
County. This could be because of the abundant white-tailed deer population found
in forests, farms, parks and backyards throughout the Chesapeake Bay watershed.
The Lone Star tick is said to be very aggressive and specific when looking for hosts
(Goddard and Varela-Stokes|, [2009), but they are unspecific during each life-stage,
as this species is found on humans, domesticated animals, ground-dwelling birds
as well as on small and large wild animals (Kollars Jr, |1993). The white-tailed
deer feeds on fruit and vegetation that are available to them each season, which
makes it simple for ticks to attach to and feed from these animals. During warm
seasons (summer and spring), these animals feed on green plants, during fall they
feed on nuts, acorns and crops and in winter they feed on woody vegetation, such

as bark, twigs and buds of hardwood and pine trees, where indeed ticks are found
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(Willis et al., 2012)).

7.2 Conclusion

The models applied in this dissertation were successful in modeling the time se-
ries of tick life stage counts. The models were able to reveal variations within
the sampling sites. All models indicated that higher abundances were expected in
summer seasons relative to winter seasons. We conclude that variations in seasons
affect variations in tick abundances in a life stage specific manner. We also noted
considerably higher abundances in the woods compared to the edges. Thus tick
abundances depend on being closer to where hosts feed and live, such as grassy
and wooded places where deer feed and live. Larvae abundance was higher dur-
ing summer between June and August, while nymphs were higher in abundance
between February and May, and adult abundance was higher between February

and May.

7.3 Limitations

This study did not account for excess zeros in the discrete distribution. In future,
zero-inflated multivariate models should be developed and applied to data. The
incorporation of covariate-time-space interaction effects could also reveal impor-
tant information on the distribution tick life stage abundance. However, due to
limited data, the study only looked at the three habitat types and monthly and

seasonal time predictor variables.

7.4 Future research

The work done in this study can be extended to include statistical learning tech-

niques such as supervised and unsupervised learning. These techniques play a
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crucial role in many areas of science, finance, and industry among others, and
they encompass a diverse range of techniques for understanding data (Vapnik,
1999). A supervised learning technique aims to build a model that predicts the
output based on given inputs, whereas the unsupervised learning has inputs with

no given outputs (Cunningham et all 2008; Liu et al., [2011)).

In this case, the observed data can be split into a training and testing portion
to predict future trends in each habitat type. Suppose that for ¢ = 1,....T
time points and ¢ = 1,...,n habitat types, Y = (Yiu,...,Ys ) denote a
J—dimensional vector of the observed counts. The data can be split into a train-
ing portion Yy, ..., Yy, and a testing portion Y ¢,11)s, ..., Y (nyn), where the
training and testing portions are of length n and n + h respectively. Since R-INLA
does not have a separate forecasting function like the predict () function in the
stats package which is commonly used with functions like 1Im(), then we can ap-
pend the end of the training set of length n with NA’s to represent the times to
holdout the last h data points. In Bayesian dynamic modelling framework, given
the training data Yi;,..., Y (_ny, estimates of the states xy, ..., T(—p) and es-

timates of the model hyperparameters @ we can forecast ® 44y, h =1,...,n by
F(@ e YT).

A detailed exposition of hierarchical dynamic non-Gaussian modelling is described
in Prado and West| (2010), Ravishanker et al. (2022) and Davis et al.| (2016) among
others. In the Bayesian framework, these models can be compared using the
conditional predictive ordinate, Bayes factors, the deviance criterion (DIC), and
Watanabe Akaike information criterion (WAIC). However, these may be useful
for comparing the relative performance of the fitted models based on the training
and testing data. Models may be compared based on their predictive performance
using the frequentist metrics such as the mean absolute percentage error or the

mean absolute error, see (Ravishanker et al.| 2022).
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Another area of extension of the research in this thesis is by considering multi-
variate spatial models for count data. Suppose Yj; is the number of ticks for
the jth tick life stage in the ith county (i = 1,...,n) observed at t time points.
The number of ticks in each county, time and life stage stratum, given the mean

number A ;; follows a Poisson distribution such that

YiilAjie ~ Poi(Njir)

and the link function is given as

lOg()\jﬂ't) = Q5 + Hji + Vit + 53'“

where «; is an intercept for the jth stage, 6;; and ~;; are the jth spatial and tem-
poral main effects, and ,;; is the spatio-temporal interaction within the jth stage.
Suppose @ = {0 :i=1,...,n;j=1,.... Jand ' ={ys : t =1,...,T;5 =
1,...,J} are two matrices whose columns are the spatial and temporal random
effect respectively, and A = {6;;; : ¢ = 1,...,n;t = 1,...,T} is a matrix cap-
turing the spatio-temporal interaction within each tick life stage. The advantage
of multivariate modelling is that dependency between the spatial and temporal
patterns of the different tick life stages can be included in the model so that the
latent association between the life stages can help to improve the estimates and

to discover factors related to the phenomena being studied.

To understand how dependence between the spatial counties and between the
global temporal trends of the different life stages are included in the model, let ©

and I be expressed as

© = dyM,,
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and

where &y and @, are the random effects matrices of order I x Ky and T'x K, whose
columns are distributed independently following a spatially correlated distribution
and a temporally correlated distribution respectively. The matrices My and M.,
of orders Ky x J and K, x J, are responsible for inducing dependence between the
different columns of @ and I' respectively. More precisely, dependence between
the columns of & means correlation between spatial patterns of the life stages,
whereas the dependence between their rows indicates spatial correlation within life
stages. Similarly, dependence between columns of I' means correlation between
the temporal patterns of the life stages, and dependence between rows leads to

temporal correlation within life stages, see |Vicente et al.| (2020).
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Appendix A

Simulation R-code for chapter

A.1 R code for simulations in section 4.4

##### libraries ####

library(MASS)

###### function to simulate LCM (with Poisson marginals) #####

sim.LCM=function(N=N,log.lambda,level.sigma){
log.lambda=as.matrix(log.lambda)
level.sigma=as.matrix(level.sigma)
J=dim(log.lambda) [1]
log.mean=matrix(rep(log.lambda,N) ,ncol=J)
# simulate level alpha
level .mu=rep(0,J)
alpha=mvrnorm(n=N, mu=level.mu, Sigma=level.sigma)

# simulate counts

new.mean=alpha+log.mean

mean=exp (new.mean)
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counts=matrix(rep(NA,N*J) ,ncol=J)
for (j in 1:J) {
counts[, jl=rpois(n=N, lambda=meanl[,j])
}
results=list(counts=counts,alpha=alpha,mean=mean)
return(results)
}
#A.2 Estimation of LCMs using R-INLA
###### libraries ####
library(INLA)
library (MCMCglmm)
library(tidyverse)
###### This section gives R code used for
###### simulation and estimation of LCMs
###### in Section 4.3.1
###### Results are given in
###### Tables 4.1, 4.2, and 4.3
#i##### Input for simulations #H#######
###### level .sigma
rho=-0.95
sigmall=0.4
sigma22=0.4
sigmal2=rho*sqrt(sigmall*sigma22)
level.sigma.true=matrix(c(sigmall,sigmal?2,sigmal2,sigma22),ncol=2)

###### log.lambda

mean=c(10,10)

log.mean=1log(mean)
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HHHH R R R
###### Simulation of counts

HHHHH R R R R R
### Sample size n

num=c( 100, 500, 5000, 10000 )

out = c()

out [k]=c()

out.corri=c()
out.corr2=c()
out.corr3=c()

out.corrd=c()

out.inlal=c()
out.inla2=c()
out.inla3=c()

out.inlad=c()

time.inlal=c()
time.inla2=c()
time.inla3=c()

time.inlad=c()

#fit.meme=1list ()
num. sim=length (num)
### Loop for n

for (k in 1:num.sim) {
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N=num [k]
set.seed(1234567)
sim.data=sim.LCM(N=N,
log.lambda=log.mean,
level.sigma=level.sigma.true)
dim(sim.data$counts)
# True correlation
sigma=sigmall
sigl2n=sigmal?
corr.sim=(exp(sigl2n)-1)/(exp(sigma)-1+
(mean[1] *exp(sigma/2))~(-1))
# Pearson Correlation
corr.p=cor.test(x=sim.data$counts[,1],y=sim.data$counts[,2],
method = "pearson",

alternative = "two.sided",conf.level=0.95)

# Kendall’s tau
corr.k=cor.test(x=sim.data$counts[,1],y=sim.data$counts[,2],
method = "kendall",

alternative = "two.sided",conf.level=0.95)

#u#HHHH#E INLA set-up #########HH#

y=matrix( NA, 2xN , 2 )

y[, 1] c( sim.data$counts[ 1:N ], rep( NA, N ) )

y[, 2] = c( rep( NA, N ), sim.data$counts[ (N+1):(2xN) 1)
#y=c(sim.data$counts[,1],sim.data$counts[,2])
N= dim(sim.data$counts) [1]

N.all=2xN
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index=1:N.all

n=N.all/2

int1=c(rep(1,n),rep(0,n))

int2=c(rep(0,n),rep(1,n))

formula= y ~ intl+int2+f(index, model="iid2d", n=N.all)-1

result4 = inla(formula,family= c( "poisson", "nbinomial" ),
data =data.frame(y,index,intl,int2),

control.compute=1ist (dic=TRUE))

result3 = inla(formula,family= c( "nbinomial", "poisson" ),
data =data.frame(y,index,intl,int2),

control.compute=list(dic=TRUE))

result2 inla(formula,family= c( "nbinomial", "nbinomial" ),
data =data.frame(y,index,intl,int2),

control.compute=1ist(dic=TRUE))

resultl = inla(formula,family= c( "poisson", "poisson" ),
data =data.frame(y,index,intl,int2),

control.compute=list (dic=TRUE))

#summary (result)
# Results from INLA

tl=resulti$summary.hyperpar[, c(1,3,5) ]
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t1[1,1=1/¢1[1,]

t1[2,]=1/t1[2,]
t2=exp(resulti$summary.fixed[,c(1,3,5)])
hyper=rbind(t1,t2)
M.inla=exp(resultl$summary.fixed[1,1])
M.inla.upp=exp(resulti$summary.fixed[1,5])
M.inla.low=exp(resultl$summary.fixed[1,3])
rho.inla=resulti$summary.hyperpar[3,1]
siglil=1/resulti$summary.hyperpar[1,1]
sig22=1/resulti$summary.hyperpar[2,1]

sigl2=rho.inla*sqrt(sigli*sig22)

corr.inlal=(exp(sigl2)-1)/sqrt((exp(sigll)-1+
(M.inla*exp(sigl1/2))~(-1))*(exp(sig22)-1+

(M.inla*exp(sig22/2))~(-1)))

t3=result2$summary.hyperpar[-c(1,2),c(1,3,5)]
t3[1,]1=1/t3[1,]

t3[2,]1=1/t3[2,]
t4=exp(result2$summary.fixed[,c(1,3,5)])
hyper2=rbind (t3,t4)
M.inla2=exp(result2$summary.fixed[1,1])
M.inla.upp2=exp(result2$summary.fixed[1,5])
M.inla.low2=exp(result2$summary.fixed[1,3])
rho.inla2=result2$summary.hyperpar[5,1]
sigl12=1/result2$summary.hyperpar[3,1]
sig222=1/result2$summary.hyperpar[4,1]

sigl22=rho.inla2*sqrt(sigll12*sig222)
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corr.inla2=(exp(sigl22)-1)/sqrt((exp(sigll2)-1+
(M.inla2*exp(sigl112/2))~(-1))*(exp(sig222) -1+

(M.inla2*exp(sig222/2)) "~ (-1)))

t5=result3$summary.hyperpar[-1,c(1,3,5)]
t5[1,1=1/¢5[1,]

t5[2,1=1/t5[2,]
t6=exp(result3$summary.fixed[,c(1,3,5)])
hyper3=rbind (t5,t6)
M.inla3=exp(result3$summary.fixed[1,1])
M.inla.upp3=exp(result3$summary.fixed[1,5])
M.inla.low3=exp(result3$summary.fixed[1,3])
rho.inla3=result3$summary.hyperpar[4,1]
sigl113=1/result3$summary.hyperpar[2,1]
sig223=1/result3$summary.hyperpar[3,1]

sigl23=rho.inla3*sqrt(sigl13*sig223)

corr.inla3=(exp(sigl23)-1)/sqrt((exp(sigl13)-1+
(M.inla3x*exp(sigl113/2))~(-1))*(exp(sig223)-1+

(M.inla3*exp(sig223/2))"~(-1)))

t7=result4$summary.hyperpar[-1,c(1,3,5)]
t7[1,]1=1/t7[1,]

t7[2,]1=1/t7[2,]
t8=exp(result4$summary.fixed[,c(1,3,5)])
hyper4=rbind (t7,t8)

M.inla4=exp(result4$summary.fixed[1,1])
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M.inla.upp4=exp(resultd4$summary.fixed[1,5])
M.inla.low4=exp(result4$summary.fixed[1,3])
rho.inlad=result4$summary.hyperpar[4,1]
sigl14=1/result4$summary.hyperpar[2,1]
sig224=1/result4$summary.hyperpar[3,1]

sigl24=rho.inladx*sqrt(siglld*sig224)

corr.inlad=(exp(sigl24)-1)/sqrt((exp(sigli4)-1+
(M.inladx*exp(sigl14/2))~(-1))*(exp(sig224)-1+

(M.inlad*exp(sig224/2))"~(-1)))

##### Set up output #H######H
out=data.frame(N,corr.p$estimate,
corr.k$estimate,
corr.inlal,
corr.inla2,
corr.inla3,
corr.inla4,
corr.sim)
out.corrl=rbind(out.corrl,out)
outA=data.frame(N,hyper)

out.inlal=rbind(out.inlal,outA)

out2=data.frame (N, corr.p$estimate,
corr.k$estimate,
corr.inla,
corr.inla2,

corr.inla3,
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corr.inla4,

corr.sim)
out.corr2=rbind(out.corr2,out?)
outB=data.frame(N,hyper2)

out.inla2=rbind(out.inla2,outB)

out3=data.frame(N,corr.p$estimate,

corr.k$estimate,
corr.inla,
corr.inla2,
corr.inla3,
corr.inla4,
corr.sim)

out.corr3=rbind(out.corr3,out3)

outC=data.frame(N,hyper3)

out.inla3=rbind(out.inla3,outC)

out4=data.frame (N, corr.p$estimate,
corr.k$estimate,
corr.inla,
corr.inla?2,
corr.inla3,
corr.inla4,
corr.sim)

out.corrd4=rbind(out.corrd,out4d)

outD=data.frame(N,hyper4)

out.inla4=rbind(out.inla4,outD)
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HH#H##

time

time.

time.

time.

Set up output

.inlal=c(time.
inla2=c(time.
inla3=c(time.

inlad=c(time.

inlal,resulti$cpu.used[4])
inla2,result2$cpu.used[4])
inla3,result3$cpu.used[4])

inla4d,result4$cpu.used[4])

print(paste("Iteration number:", k))

print (paste("Time

print (paste("Time

print (paste("Time

print (paste("Time

# Correlation Table

library(xtable)

# 1. Table

out.corril

# 2. Latex code

INLA 1:",resultl$cpu.used[4]))
INLA 2:",result2$cpu.used[4]))
INLA 3:",result3$cpu.used[4]))

INLA 4:",result4$cpu.used[4]))

and Latex code:

xtable( out.corr, digits = 3 )

tl=c(sigmall,sigma22,rho,mean[1] ,mean[2])

true=rep(t1,4)

out.inlal=data.frame(out.inlal,true);out.inlal
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# Get Table for time (seconds) taken by INLA

t2=data.frame(N=out.corri$N, time.inlal,time.inla2,

time.inla3,time.inla4)

xtable (t2)

###### Output Tables

## Create data frames

out.inlaA = data.frame(out.inlal)
out.inlaB = data.frame(out.inla?2)
out.inlaC = data.frame(out.inla3)
out.inlaD = data.frame(out.inla4,true)

wl = round( out.inlaA, 3 )
w2 = round( out.inlaB, 3 )
w3 = round( out.inlaC, 3 )

w4 = round( out.inlaD, 3 )

f_table

cbind( wil,-5], w2[,-1], w3[,-1], w4[,-1])

f_table

as.data.frame(f_table)

# Rearrange credible intervals for sigmall and sigma22

f_tablel = f_table[c(1,2,6,7,11,12,16,17),
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c(1,2,4,3,5,7,6,8,10,9,11,13,12,14)]

# Pull out rho, M-1 and M-2:

f_table2 =f_table[c(3,4,5,8,9,10,13,14,15,18,19,20),]

# Get latex code for the table

xtable: :xtable(f_tablel)

xtable: :xtable(f_table2)

# View and get latex code for correlation’s table

corr.table = round( out.corrl, digits = 3 ); corr.table

xtable: :xtable(corr.table, digits = 3)

A.2 R code for computing MSEs

#iHH# libraries ####
library( MASS )

library( xtable )

###### function to simulate LCM (with Poisson marginals) #####
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sim.LCM = function( N = N , log.lambda , level.sigma )

{

level.sigma = as.matrix( level.sigma )

log.lambda = as.matrix( log.lambda )

J

dim( log.lambda ) [1]

log.mean = matrix(rep( log.lambda , N ), ncol = J )

# simulate level alpha

level.mu = rep( 0 , J )

alpha = mvrnorm( n = N , mu = level.mu , Sigma = level.sigma)

# simulate counts

new.mean = alphat+log.mean
mean = exp( new.mean )
counts = matrix( rep( NA , N*J ) , ncol = J )

for (j in 1:J) {
counts[, jl=rpois(n=N, lambda=meanl[,j])
b
results = list( counts = counts , alpha = alpha , mean = mean )

return( results )

#HHHHE libraries ####
library( INLA )

library( MCMCglmm )
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###### This section gives R code used for
#H##### simulation and estimation of LCMs
###### Input for simulations #H#####HHH

###### level .sigma

rho = -0.95

sigmall = 0.4

sigma22 = 0.4

sigmal2 = rho*sqrt(sigmall*sigma22)

level.sigma.true = matrix(c(sigmall,sigmal2,sigmal2,sigma22) ,ncol=2)

###### log.lambda

mean = c( 10 , 10 )

log.mean = log( mean )

ittt it A A A A A A A A
###### Simulation of counts

B R R i i

### Sample size n

out = c()

out.inla=c()

out.inlalk] = c()

fit.mcmc = c()

fit.memc[k] = c()
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cO
cO

sigll

s1g22

cO
cO

sigll[k]

sig22[k]

cO

rho.inlal[k] = c()

rho.inla

ML = cQ)

M2 = c()

M1 [k]

cO

M2 [k] cO

cO
cO

mcmc . M1

mcmc . M2

mcme . M1 [k]

cO

mcme . M2 [k] cO

rho.mcmc = c()

rho.mcmc[k] = c()

cO
cO

mcmc.sigll

mcmc . sig22

cO
cQ

mcme . sigll [k]

mcmce . sig22 [k]

num= rep( 5000, 500 )

num.sim=length (num)
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### Loop for n

for ( k in 1:num.sim ) {
N = num[k]
#set.seed(2468)
sim.data=sim.LCM( N = N ,
log.lambda=log.mean,
level.sigma=level.sigma.true)
dim(sim.data$counts)

######H#E INLA set-up #########HH#

c(sim.data$counts[,1],sim.data$counts[,2])

<
I

N = dim(sim.data$counts) [1]

N.all = 2xN

index = 1:N.all

n = N.all/2

intl = c( rep( 1 , n ),rep( 0 , n ))

int2 = c( rep( 0 , n ),rep( 1 , n))

formula = y 7 intl + int2 +

f( index , model = "iid2d", n =

|
=

.all ) -1

result = inla( formula , family "poisson",

data = data.frame( y , index , intl , int2 ),

control.compute = list( dic = TRUE, config = TRUE))

#summary (result)
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# Results from INLA

tl = result$summary.hyperpar[,c(1,3,5)]

t1[1,]

1/t1[1,]

t1[2,] 1/t1[2,]
t2 = exp(result$summary.fixed[,c(1,3,5)])
hyper = rbind( t1 , t2 )

M.inla = exp(result$summary.fixed[1,1])

M.inla.upp = exp(result$summary.fixed[1,5])

M.inla.low = exp(result$summary.fixed[1,3])

rho.inla[k] = result$summary.hyperpar([3,1]
sigl1i[k] = 1/result$summary.hyperpar(1,1]
sig22[k] = 1/result$summary.hyperpar([2,1]

sigl2 = rho.inlax*sqrt(sigll*sig22)

M1[k] = exp( result$summary.fixed[[1]][1] )

M2[k] = exp( result$summary.fixed[[1]][2] )

####4 MCMC #H####HEHEH
yl=sim.data$counts[, 1 ]
y2=sim.data$counts[, 2 ]

datl=data.frame( y1 = y1 , y2 = y2 )

# Start the clock
ptm <- proc.time( )
#set.seed( 2468 )

fitl<- MCMCglmm(cbind(yl, y2) ~ trait-1,

rcov = “us(trait):units,

data = datl, family = c( "poisson" , "poisson" ),
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nitt = 5001,burnin=1,thin=1,

verbose = FALSE)

# Stop the clock

runtime = proc.time() - ptm

##### Results from MCMC ########

fit.memc[[k]]=fitl

# Extracts fixed effects for yl1 = Ml

mcme . M1 [k] = exp(summary(fit1) [[5]][1])

mcmce . M2 [k] exp (summary(fit1) [[5]] [2])

# Extracts random effects sigmall

mcmc . sigll [k] summary (fit1) [[8]] [1]

mcme.sig22[k] = summary(fit1) [[8]] [4]
rho.mcmc [k] = summary(fit1) [[8]][3]/

(sqrt (summary (£it1) [[8]] [1]*summary(fit1) [[8]1][4]1))

print (paste("Iteration number:",k))

print(paste("Time INLA:",result$cpu.used[4]))

print (paste("Time MCMC:",runtime[3]))

# INLA Averages

mean.sigmall.inla = sum( sigll )/500

mean.sigma22.inla = sum( sig22 )/500
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mean.rho.inla = sum( rho.inla )/500

sum( M1 )/500

mean.M1l.inla

mean.M2.inla = sum( M2 )/500

mean.sigmall.mcmc = sum( mcmc.sigll )/500

mean.sigma22.mcmc = sum( mcmc.sig22 )/500

mean.rho.mcmc = sum( rho.mcmc )/500

mean.M1.mcmc sum( mcmc.M1 )/500

mean.M2.mcmc = sum( mcmc.M2 )/500

#MCMC Averages

library(Metrics) # for mse() function

inla.mse.sigll = mse( sigmall , sigll )

inla.mse.sig22 = mse( sigma22 , sig22 )

inla.mse.rho = mse( rho , rho.inla )
inla.mse.M1 = mse( mean[1] , M1 )
inla.mse.M2 = mse( mean([2] , M2 )

mcmc.mse.sigll = mse( sigmall, mcmc.sigll )
mcmc .mse.sig22 = mse( sigma22, mcmc.sig22 )

mcmc.mse.rho = mse( rho, rho.mcmc )

mcmc.mse.M1 = mse( mean[1], mcmc.M1 )

mse( mean[2], mcmc.M2 )

mcmc.mse . M2
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Appendix B

Simulation R-code for chapter

###### libraries ####
library(MASS)
###### function to simulate bivariate counts (with Poisson marginals) #####

sim.biv.counts=function(N=N,level.sigma,log.lambda,level.b){
log.lambda=as.matrix(log.lambda)
level.sigma=as.matrix(level.sigma)

level.b=as.matrix(level.b)

J=dim(log.lambda) [1]

log.mean=matrix(rep(log.lambda,N) ,ncol=J)
# simulate level alpha

level .mu=rep(0,J)
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alpha=mvrnorm(n=N, mu=level.mu, Sigma=level.sigma)

b=mvrnorm(n=N,mu=level.mu,Sigma = level.b)

# simulate counts
new.mean = log.mean + alpha + b
mean=exp (new.mean)

counts=matrix(rep(NA,N*J) ,ncol=J)

for (j in 1:J) {
counts[, jl=rpois(n=N, lambda=meanl[,j])
b
results=list(counts=counts,mean=mean,
level.sigma=level.sigma, level.b = level.b)

return(results)

###### libraries ####

library(INLA)

library(MCMCglmm)

###### This section gives R code used for
#it#### simulation and estimation of LCMs
###### in Section 5.3

###### for model in (5.3.4)-(5.3.5).
###### Results are given in

###### Tables 5.3.2, 5.3.3, and 5.3.4
###### Input for simulations ######HH#H

###### level .sigma
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rho=0.90

sigmall=0.4

sigma22=0.4

sigmal2=rho*sqrt(sigmall*sigma22)
level.sigma.true=matrix(c(sigmall,sigmal2,sigmal2,sigma22),ncol=2)
b.11 = 0.01

b.22

0.01
b.12 =b.21 =0

level.b.true=matrix(c(b.11,b.12,b.21,b.22) ,ncol=2)

###### log.lambda

mean=c(5,5)

log.mean=1log(mean)

it R
###### Prior distrbutions

B S S S

prec.prior.inla = list( prec = list( param = c( 1, 0.0005 ) ) )
prec.prior.bugs = list( prec = list( param = c( 0.001, 0.001 ) ) )
prec.prior.fong = list( prec = list( param = c( 0.5, 0.0162 ) ) )

ittt ittt S A A A A A A A
###### Simulation of counts

HERFHHAHH AR HHAFH B HAFH R R B HBRAH IR
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### Sample size n

num = c( 50, 100, 500, 1000, 5000 )

out.inla=c()

#out.inlal=c()
#out.bugsi=c()
out.fongl=c()

num. sim=length (num)
#reps.sim=length(reps)

### Loop for n

for (k in 1:num.sim) {
N=num [k]
set.seed( 2468 )
sim.data=sim.biv.counts (N=N,
level.sigma = level.sigma.true,
log.lambda = log.mean,
level.b = level.b.true)

HEHHHHHHE set—up #HHHHHHHHHEH

y=c(sim.data$counts[,1],sim.data$counts[,2])

N=dim(sim.data$counts) [1]
N.all=2xN

index_jit = 1:N.all
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(N)/2)

N)

#seas <- rep(c(1:4), each

#re.index = rep(1:2, each

#n.locations = rep(1:5, each = (2xN)/5)

m.locations.1 c(sample( 12, N.all/2, replace = TRUE ),

rep(NA,N.all/2))

m.locations.?2 c(rep(NA,N.all/2), sample( 12, N.all/2,
replace = TRUE ))

n=N.all/2

intl=c(rep(1,n),rep(NA,n))
int2=c(rep(NA,n) ,rep(1,n))
# b.1=c(rep(1:(n/50),50) ,rep(NA,n))

# b.2=c(rep(NA,n),rep(1:(n/50),50))

formulal=y ~ - 1 +
intl +
int2 +

f(index_jit, model = "iid2d", n = N.all ) +

f(m.locations.1, model="iid", hyper = prec.prior.inla ) +

f(m.locations.2, model="iid", hyper = prec.prior.inla )

resultl= inla(formulal,family="poisson",
data =data.frame(y,index_jit,int1,int2,
m.locations.1,m.locations.2),

control.compute=1ist (dic=TRUE))
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# Set-up output ---—--------————————————

# 1. Results from inla prior

tl.inla=resultl$summary.hyperpar[,c(1,5,3)]
ti.inla[1,]=1/t1.inla[1,]
t1.inla[2,]=1/t1.inla[2,]
tl.inlal4,]=1/t1.inlal4,]
t1.inla[5,]=1/t1.inla[5,]
t2.inla=exp(resulti$summary.fixed[,c(1,3,5)])

hyper.fong=rbind(t2.inla,t1.inla)

# 2. Output for all n and fixed m = 10:

#outl=data.frame(N,hyper.inla)

#out.inla=rbind(out.inla,outl)

# 3. Output for fixed n = 5000 and all m: INLA prior

#out2=data.frame(N,hyper.inla)

#out.inlal=rbind(out.inlal,out?2)

# 4. Output for fixed n = 5000 and all m: BUGS prior

# out3=data.frame(N,hyper.bugs)

# out.bugsl=rbind(out.bugsl,out3)
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# 4. Output for fixed n = 5000 and all m: BUGS prior
out4=data.frame(N,hyper.fong)

out.fongl=rbind(out.fongl,out4d)

# Set up posterior output table

tl_tab = c(mean[1] ,mean[2],sigmall,sigma22,rho,b.11,b.22)

true_value = rep( ti_tab, 5 )

out.inlal = data.frame( out.inla, out.inlal, out.bugsl,

out.fongl, true_value )

round( out.fongl, 3 )

names( full_table ) = c("n", "Posterior Mean", "Lower CI","Upper CI" )

full_table = data.frame(round(cbind(out.bugsi[,c(1,2,4,3)],

out.fongl[,c(1,2,4,3)]), 3),true_value)

# Produce table in as Latex code

xtable: :xtable( full_table , digits = 3 )
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hyper.inla
hyper.bugs

hyper.fong

summary (resultl)

poisson.results = c(resulti$dic$dic,result2$dic$dic,
result3$dic$dic)
nbinomila.results = c(result4$dic$dic,results$dic$dic,

result6$dic$dic)
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Journal articles
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Multilevel dynamic multivariate modelling of tick life

stages count data

Thabo Lephoto!*, Henry Mwambi!, Oliver Bodhlyera! and Holly Gaff?

1School of Mathematics Statistics and Computer Science, University of
KwaZulu-Natal, KwaZulu-Natal Province, Private Bag X01, 3201, South

Africa
2Department of Biological Sciences, Old Dominion University, Norfolk,

United States

Abstract

The modelling described in this study enables adequate incorporation of the as-
sociation in the response over time, and the association between the components of
the response vector. We used a multilevel dynamic model to account for the associ-
ation among tick life-stages in the response vector. The model for multivariate time
series of counts account for over-dispersion and relaxes the assumption of a positive
association between the components by allowing for the negative association. The
flexibility of the model allows for a combination of different marginal count data distri-

butions and builds a dynamic model for the vector time series. We model tick life stage



time series of counts as a function of habitat-type-specific and time-dependent covari-
ates. The integrated nested Laplace approximation (INLA) approach is employed for
fast-approximation. Simulation results have proven accurate parameter estimations of
posterior parameters. Multilevel application to data have also successfully fit the data
well and provided estimates. Results showed positive associations between the larvae
and nymphs, larvae and adults, and nymphs and adult tick stages, with strong corre-
lations between larva and nymph, followed by nymph and adult, and then larva and
adult stages. The model estimated similar non-linear months effects across the three
habitat types, while constant habitat type specific trends for larvae were estimated in
edges, grass and woods. However, a declining nymph and adult trends were estimated
in the edges and woods throughout the study period.

Key phrases: Dynamic modeling, Lone Star tick, INLA, Life stage trends.

Introduction

An increase in tick abundance and tick-borne pathogens constitute a growing threat to
public health (Laaksonen et al., 2017; Paull et al., |2022; Wimms et al., 2023). A study by
Nadolny et al.|(2014) recorded more than 66 000 questing tick populations in the southeastern
Virginia, comprising seven species from a variety of habitats, with Amblyomma americanum
(Lone Star tick) constituting over 95% of the ticks collected. Our research is focused on
modelling A. americanum tick life-stage abundance collected over time from different habitat
types. The objective of this study is to develop a multilevel model for tick count data

collected over time for tick life stages, namely: larvae, nymph and adult stages.

Models in literature for tick modelling involve GLMs, maximum entropy (MaxEnt), classi-

fication and regression tree (CART), species distribution modelling (SDM), ecological niche



factor analysis (ENFA), and Bayesian hierarchical models among many others. Generalized
linear models have been employed to investigate tick aggregation at different spatial ranges,

provide robust estimates of tick densities between landscapes, and to determine and disag-

gregate the drivers of tick density and presence probabilities in an area (De Clercq et al.

2015; Kaizer et al., 2015; Estrada-Pena et al.| 2016} [Requena-Garcia et al.l 2017} [Saguroval

et al) [2019; Fan et al. |2023). Maximum entropy methods have been used to explore the

limits of potential distribution by extrapolating the environmental requirements of ticks.

These methods were also utilised to analyse the possible spatial range of tick species, and to

explore how climate change can shape their distribution (de Oliveira et al., |2017; Raghavan|

et al), 2019; Ma et al., 2021; Lippi et al., 2021; Rochlin et al., 2023). Studies using SDM

techniques lead to precise boundaries of the range of tick presence based on computational

map modelling and demonstrate the way in which local populations of ticks differ in abun-

dance towards the boundaries of the range (Qviller et all, [2016} Estrada-Pena et al., [2016;

Lado et al [2020; Kopsco et al., 2022; Rochlin et al., 2022, 2023)). The CART technique has

been used to review data on tick distribution and prevalence of tick-borne disease (TBD) for

a national TBD management approach using the ecological and epidemiological information

of ticks and the related diseases they transmit (Lynen et al. |2008; De Clercq et al., 2015;

Kjaer et al., 2019). The ENFA technique has been used to measure the extent to which

the preferences of a given species deviate from average conditions and the extent to which

the species is selective over the range of environmental conditions available in a country

(Estrada-Pena and Venzal, 2007; Lynen et al, [2008). Bayesian hierarchical models have

been used in modelling prevalence of tick-borne pathogens and spatio-temporal distributions

(Wimberly et al., 2008 [Simpson et al., |2019; Lephoto et al., 2021; |Clark and Wells, 2023).

Bayesian methods used in modelling tick abundances or related tick-borne diseases have em-



ployed the Markov chain Monte Carlo (MCMC) sampling technique (Zipkin, |2012; Liu et al.
2017; |[Neupane et al.| 2021; Clark and Wells| |2023; Wang et al.,|2023)). The integrated nested
Laplace approximation (INLA) technique can be used to conduct Bayesian inference as an
alternative method to MCMC. The INLA technique approximates the posterior distribution
based on the Laplace formulation, then it draws from the approximated posterior distribu-
tion to estimate the desired quantities and turns out to be more computationally efficient
when compared to the MCMC approach (Arabl 2015} |Ferkingstad et al., 2017; Khana et al.,
2018; |[Van Niekerk et al., [2023).

We extend the application of a multilevel multivariate model proposed by |Serhiyenko et al.
(2018), also called the level correlated model (LCM), which they used to study temporal pat-
terns in prescription drug counts for competing drugs in therapeutics. The model allows the
flexibility of modelling multivariate hierarchical data at different cluster levels and employs
the INLA algorithm for fast and accurate approximate Bayesian posterior distributions. The
model is appealing in our case because it helps relax the assumption of positive associations
between the components of the response vector (which is an assumption made when dealing
with hierarchical life stages of the life cycle of a biological population) to include negative
associations through the variance-covariance matrix, where components of the response vec-
tor are modeled jointly using univariate distributions and the components are correlated at
the location level. This study focuses on models for multivariate time series of tick life stages
count data collected at different habitat types to investigate covariate effects and determine
dependence between the life stages. Univariate regression models cannot account for the
dependence between tick life stages (Aitchison and Ho, |1989; |Chib and Winkelmann), 2001}
Ma et al) 2008). Since the dependence between tick life-stages may be due to biological

processes, where eggs hatch to emerging larvae, larvae to nymphs and nymphs to adults, it



is clear that numbers in a later stage will depend on previous stages in a life cycle, and cor-
relations can occur due to factors such as habitat type, sample sites and other factors which
may simultaneously affect life stages. Multilevel models are used instead of the univariate
regression models to account for the dependence between tick life stages. To our knowledge,
the models have never been applied to ecological data, particularly tick life-stage count data.
Our aim is to understand the causes and consequences of variation in the abundance as a

function of environmental and temporal covariates.

Section |I] gives a detailed description of the structure of the multilevel model and its frame-
work in modelling multivariate time series data. A brief description of model diagnostics
is given in Section [2] Section [3] details the multilevel model simulation process and results.
Section [4] describes the application of the model, where the first subsection gives a description
of the tick life-stage data, then a detailed description of multilevel Poisson and zero-inflated
Poisson model fitting, model application to data, model diagnostics, and lastly presents and

interprets model results. The conclusion is presented in the last section.

1 Model framework

Let Vi = (Yo, ..., Ys) be a J—dimensional vector of count responses observed over T
regularly spaced time points and n locations, where ¢ = 1,...,nand ¢t = 1,...,T. The
assumption of the Poisson or zero inflated Poisson (ZIP) marginal distributions for the

multilevel time series model corresponds to

Poi(A;;t); when 6; = 1; or
Yil0g, Mgt ~ (1)

ZIP(Aju,6;); otherwise,



and to include the effect for covariates we use the log-link regression model given by

log(Njit) = Bjio + Viw + 25085 + it (2)

where \;;; and 9, are the mean count and dispersion parameters for the jth component,
respectively. ;0 is a location-specific intercept for the jth component of the response

vector, z;-’l-t denotes a p;—dimensional vector of predictors, 3; is a p;—dimensional vector of
coefficients corresponding to the predictors, and &; ;; is the random effects term explaining the
dependence between the components of the response vector through the variance covariance

matrix X as follows:

git ~ N(072)7 (3)

where 0 is a J—dimensional zero vector, X' is a variance-covariance matrix with o, elements,
such that 1 < r < s < J, and under Bayesian estimation will be part of hyperparameters.
The dependence between components of the response vector can be postulated either though
&, ~ N(0,X)or&, ~ N(0,%,). Postulating correlations through the matrix X means
that the correlations between the J tick-life cycle developmental stages (which are the same
as the response vector components) are location independent whereas X; is a location-
specific variance covariance matrix. Consider 1 < r < s < J, and suppose 7 # s, then the

off-diagonal elements of X' are given as follows:

Ors = Prs\/ OrrOss,



where o, and o4 are the marginal variances and p,s is the correlation coefficient in the
matrix. To introduce location specificity we need to introduce an index 7 in the equation
above. The parameter, 7,, is the jth component specific dynamic time effect modeled as a

random walk such that:

fijt = fij(t_l) + wjzt’ (4)

where w;; ~ N(0,1/W;) denotes the error term for component j of the response vector
assumed to follow the normal distribution. W is the precision parameter based on the inverse-
gamma distribution, and the LogGamma prior is specified for log(W;) ~ LogGamma(a,b)
in the application, where a = 1 and b = 0.00005. The time effect in Equation {4| can be

modified such that:

Ve = V—1) + W, (5)

which means that the model in Equation [2[is a model where the time effect is not stage (or
response component) specific, and w; ~ N(0,1/W). This implies a model assuming shared
time effects across all locations and all components of the response vector. The second case
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Vit = Yi(t—1) t Wit, (6)

and this implies that Equation [2] is a model where the time effect is location specific and
life-cycle stage (or response component) independent, and w;; ~ N(0,1/W;) (an assumption
where the errors share the same distribution over all components of the response vector at

a given location 7). Thus, the model in Equation 2| modifies into a model assuming shared

7



time effects across all components of the response vector. Lastly, Equation [4| can be modified

to

Viit = Vjit—1) + Wyt (7)

which is a model where the time effect is assumed to have separate time evolution on each
of the components of the response vector and each location, where w;;; ~ N(0,1/W;) or
wijie ~ N(0,1/W;) (an assumption that state errors share the same distribution for all
components of the response vector or that state errors follow response component specific
normal distributions). Thus, the model in Equation [2| modifies into a model assuming
different time effects across all locations and all components of the response vector. The
dispersion parameter §; = 1 in Equation implies the assumption of the Poisson distribution
for the jth component, and §; # 1 implies the ZIP distribution for the jth component.
The variance-covariance matrix, 3/, plays a crucial role in understanding the dependence
between the components of the vector of counts where each component of the response vector
follows a univariate distribution. Consequently, the model in Equations 1| to |3| accounts for
overdispersion through the use of the ZIP model and in this case the diagonal terms of the

matrix X; for r = s in X<, <5< , 0;; > 0, so that Var[Y];] > E[Y].:]. Note that

Bl = exp(2]6; exp(0;/2) = mj,

Var[Yj ] = mju +m5 ,(exp(oj;) — 1),

7,0t



COVD/T,Z'ta }/s,it] = Myt Mg 4t (eXP(Urs) - ]-)

Moreover, the model can allow for the positive or negative dependence between the compo-
nents of the response vector (Chib and Winkelmann| 2001)). This follows from the sign of the
covariance in Equation [3| which depends directly on the value of o,,, and a negative value
of 0,5 yields a negative value of the association, while a positive value results in a positive

association between the components Y,; and Y;.

2 Model diagnostics

The models were compared using the deviance information criterion (DIC), which is obtained
by adding the posterior mean of the deviance that measures the goodness of fit to the number
of effective parameters as: DIC = D(#)+pp where D is the posterior mean deviance and pp
is the effective number of parameters in the model, which penalizes the fit for complexity of
the model. Spiegelhalter et al.|(2002) state that pp values less than zero indicate substantial
conflict between the prior distribution and the data or that the posterior mean is a poor
estimator. The best model is said to be the one with the smallest DIC value. Low values of
deviance suggest a better fit, while small values of pp suggest model parsimony as discussed

in Spiegelhalter et al.| (2002).

3 Simulation study

Suppose Y; = (Y1;, Ya;) represent a bivariate (J = 2) count data vector that is observed at

¢t = 1,...,n locations when there is no over-dispersion in the data. The data is simulated



according to the simplified model described in Equations [§] and [9] and does not assume any

temporal dependence. That is, the marginal Poisson multilevel model is given by:

log(Mji) = Bjo0 + &jis (9)

where 3;0 and ¢;; are the intercept and random effects parameters for the jth component,
respectively. The bivariate multilevel model data simulation comprises B, = (S1,0, f2,0)" and
& ~ N(0,X), with 011, 099 and p12, the elements of 3. We assume that the true parameter
values were 011 = 092 = 0.4, p12 = —0.95, and 319 = B2 = 10 and run the simulation for
n = 100, n = 500, n = 5 000 and n = 10 000 using the R-INLA package in R software
proposed by Rue et al.| (2009)) and fitted the four different bivariate multilevel model. The

bivariate multilevel model is formulated through joint modelling of the four models below.

Model 1:
Y1i|)\1i ~ POi()\u);Ym‘)\m' ~ POi()\Zi)- (10)

Model 2:
Yu‘)\u,dl ~ ZIP()\li,51);3/§i‘)\2i,52 ~ ZIP()\%(SQ)- (11)

Model 3:
Yu’)\u’;(sl ~ ZIP()\liyal)SYZi’)\Zi ~ POi()\Zi)- (12)
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Model 4:
Y1i|/\1z' ~ POi(/\lz'>;Y2i|)\2i752 ~ ZIP()\zz‘,52)- (13)

Aji is modeled as a function of £;; and 3;, as in Equation [9] We assume a Normal prior for
Bjo and the matrix X has a Wishart prior with » = 2 x J+1 degrees of freedom and identity
matrix as a prior precision matrix. We also use default hyperparameter specifications in
the inla() function from the R-INLA package. In particular we assume ;5 ~ N(0,10?)
and the precision matrix X' ~ W(r, ¥'). For computational time comparison, a fully
Bayesian inference model using Markov Chain Monte Carlo (MCMC) was fitted using the
MCMCglmm () function in the MCMCglmm R package (Hadfield, 2010). Here, we assume the
default Normal prior for 3,4, with a zero mean vector and a diagonal variance matrix with
large variances N (0,1 x 10'%) (Hadfield, 2010). We assumed a default inverse Wishart prior

for each component in the covariance matrix of the random effects.

Estimated parameters, CPU (Central Processing Unit) times between INLA and fully Bayesian
inference using MCMC, and estimated averages of posterior means are given in the subsec-

tions that follow.

3.1 Estimation using INLA

The CPU time comparisons between a fully Bayesian inference using MCMC and an approx-
imate Bayesian inference using INLA are presented in Table [IL The MCMC sampling was
run with 105 000 iterations, where 5 000 iterations were used for burn-in, and 100 iterations
were for thinning. As a result, only 1 000 posterior samples were retained from which pos-
terior summaries were calculated. It can be seen from Table [I that the computational times

quickly increase with the increase in sample size for the MCMC runs, and that INLA runs

11



faster than the MCMC, as expected in all cases. The INLA technique is approximately 20
times faster for Poisson distributions, 6 times faster for ZIP, and between 10 and 17 times
faster for Poisson and ZIP mixed distributions of counts when n is large (> 5 000) compared
to the MCMC, and its posterior estimates are closer to those obtained using the MCMC
(Table . Note that the speed under M2 - M4 is approximately double the speed under M1.
This indicates that the distributions involving the inclusion of ZIP models are expected to

run twice as slow as models including Poisson distributions.

Table 1: CPU time of model estimation using INLA and MCMC (seconds)

n INLA MCMC

(M1) (M2) (M3) (M4)

100 1 2 2 2 11

500 2 4 3 3 48
1 000 ) 10 7 7 95
5000 21 80 27 49 467

Table 2: Estimated parameters in simulated models.

| M1 M2 M3 M4
n Model ‘ Mean 95% CI Mean 95% CI Mean 95% CI Mean 95% CI True
parameter 2.5%  97.5% 25%  97.5% 25%  97.5% 2.5% 97.5% | value
on 0.48 0.34 0.69 0.47 0.34 0.69 0.48 0.34 0.70 0.47 0.34 0.69 0.40
92 0.43 0.31 0.62 0.43 0.31 0.62 0.43 0.31 0.62 0.43 0.31 0.62 0.40
100 P12 -0.86 -0.92  -0.77 -0.86  -0.92 -0.77 | -0.86 -0.92 -0.77 -0.86  -0.92 -0.78 | -0.95
Bio 9.93 8.48  11.56 9.98 8.53 11.61 9.97 8.51 11.61 9.93 8.49 11.57 | 10.00
Bao 9.18 7.89  10.63 9.18 7.88 10.63 9.18 7.89  10.64 9.18 7.88 10.63 | 10.00
o1 0.39 0.34 0.46 0.38 0.34 0.43 0.40 0.35 0.47 0.40 0.35 0.47 0.40
022 0.42 0.36 0.50 0.42 0.38 0.48 0.43 0.38 0.51 0.43 0.37 0.50 0.40
500 P12 -0.88  -0.92 -0.84 -0.88  -0.90 -0.85 -0.89  -0.92 -0.84 -0.89  -0.92 -0.86 -0.95
Bio 9.72 9.12 10.35 9.73 9.13 10.36 9.72 9.12 10.35 9.72 9.12 10.35 10.00
Bao 9.75 9.13 10.40 9.74 9.12 10.39 9.76 9.14 10.41 9.75 9.12 10.40 10.00
o1 0.42 0.37 0.47 0.40 0.37 0.43 0.41 0.37 0.46 0.42 0.39 0.47 0.40
09 0.42 0.38 0.48 0.42 0.38 0.45 0.43 0.38 0.48 0.42 0.38 0.47 0.40
5 000 P12 -0.90 -0.93 -0.87 -091  -0.93  -0.90 -0.90 -0.93 -0.87 -0.90 -0.93 -0.88 | -0.95
Bio 9.70 9.26  10.15 9.71 9.28 10.16 9.72 9.29  10.17 9.70 9.26 10.15 | 10.00
Bao 10.09  9.63 10.56 10.11 9.66 10.57 10.08  9.63 10.55 10.11  9.66 10.58 10.00
o1 0.40 0.38 0.42 0.41 0.39 0.42 0.40 0.38 0.42 0.40 0.38 0.42 0.40
[ 0.40 0.38 0.42 0.40 0.38 0.42 0.40 0.38 0.43 0.40 0.38 0.42 0.40
10 000 P12 -0.94  -0.95 -0.93 -0.95 -0.95 -0.94 -0.95 -0.96 -0.93 -0.94  -095 -0.93 -0.95
Bro 9.86 9.67  10.06 9.87 9.67  10.07 9.87 9.67  10.06 9.85 9.65 10.05 | 10.00
Bao 10.05  9.85 10.25 | 10.05  9.85 10.25 | 10.05  9.85 10.26 | 10.06  9.86 10.26 | 10.00
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For brevity, 500 replications were run for n = 5 000, and M1 model parameters were esti-
mated using MCMC and INLA. The model averages of posterior means and MSEs (mean
square errors) of 500 replicates are provided in Table . It is clear from the table that INLA
average posterior estimates are reasonably close to MCMC average posterior estimates in all
cases. As a result, this study will use the INLA method because of its fast computation time

when compared to the MCMC as well as the accuracy of its estimates.

Table 3: Averages of posterior means and MSEs of 500 replicates for n = 5 000

MCMC INLA True
Parameters
value
Posterior MSE Posterior MSE
mean mean

o11 0.401 0.0001037147 0.401 0.0001042946 0.40

099 0.401 0.0001043847 0.401 0.0001062165 0.40

P12 -0.947 0.0000516038 -0.941 0.0001146017 -0.95
B0 10.002 0.0094999830 9.997 0.0094975680 10.0
Ba,0 9.992 0.0092616110 9.987 0.0093305050 10.0

4 Tick life-stage modelling using multilevel model

In order to understand the dynamics and habitat type variation in the abundance of tick
life-stages, we describe the statistical analysis pertaining to tick life-stage count data using
multilevel dynamic models. In addition, the study focuses on determining factors contribut-
ing to tick life-stage abundances across different habitat types. Most of the existing research
focuses on location level counts for the different life stages of the tick cycle by investigating
the tick aggregation at different spatial ranges, determining and disaggregating the drivers
of tick density and probability of presence, and providing robust estimates of tick densi-

ties (Zannou et al.| 2021)). The association between tick life-stages and their locations is of
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interest. Furthermore, there is interest in knowing temporal effects on the distribution of

counts.

4.1 Data description

We used data collected and prepared by researchers in the Department of Biological Sciences
from Old Dominion University, Virginia, United States. Ticks were collected using standard
flagging techniques (CDCJ 2020)) along established transects and identified species and life-
stage according to (Sonenshine|, 1979). Larvae-, nymph- and adult-stage count data were
recorded for each location, habitat and habitat type through the four seasons of the year.
Eight counties and independent cities were sampled in this state, namely; City of Chesapeake,
City of Hampton, Isle of Wight County, City of Norfolk, Northampton County, City of
Portsmouth, City of Virginia Beach and York County. For brevity, all will be referred to
as counties. Data was collected at least once a month on varying days of the week and at
12 different sites in southeast Virginia from May 2009 through December 2018. The data
were collected from multiple areas referred to as habitats, and each area was designated
by a unique number ranging from 1 to 5 for different habitats. The habitat type was used
to designate the kind of area (woods, edges or grass) where the data were collected. The
number of the week (from 1 to 53) was also recorded during data collection. Week 1 is the
first week of the year, and while fewer ticks were observed in winter, the adult stage of I.
scapularis is active in winter. To help align the information from year to year, data collected
during the last week of December were recorded as week 53, which was also the first week
of January of the following year. Track records for the month and year were also kept. This
study makes use of habitat types (edges, woods and grass), time in months, and three tick

life stage counts for modelling. After removing unused variables from the raw dataset, we
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were left with 103 months out of the 116 total monthly data points. Note that the removal
of certain data points was due to life stages being collected at different months during the
first 13 months. The retained dataset consisted of three habitat types, within which there

were three tick life stages each of length 103 (months).

4.2 Exploratory data anlysis

Figure [1f depicts the monthly tick life stage counts by habitat type from June 2010 through
December 2018. The data shows strong seasonality throughout the years, indicated by peaks
during warmer seasons. The plots show that larvae counts were higher in all habitat types
relative to nymph and adult counts. The woods habitat type shows that higher tick counts
were recorded in 2012, with the larvae counts reaching approximately 30 000. However,
we observe a decline in the abundances for all life stages over the study period. The grass
habitat type had lower nymphal tick numbers from 2010 through 2014, after which there
were considerable peaks during summer seasons. We also observe a steady increase over
the study period in all stages. In the edges habitat type we observe a decline over time for
nymph and adult abundances, while larvae abundances were constant throughout the study

period.

4.3 Model framework for tick life stage data

Let Y = (Yrit, YN, Yair) be a vector of count responses for tick life stage j = L, N, A in
habitat type i = E,G, W (E = Edges, G = Grass, W = Woods) at equally spaced monthly

times ¢t = 1,...,103. The multivariate vector of tick life-stage responses Y;; is modelled
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Figure 1: Plots showing time series of tick life stage counts in each habitat type, 2009
through 2018.
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using marginal Poisson and/or zero-inflated Poisson distributions as follows:

Poi(Aj;t); when §; =1; or
Yial0g, Mgt ~ (14)

ZIP (N1, 90;); otherwise,

where \;;; is the jth tick life-stage mean count and 6; is a dispersion parameter at stage j.

The log-link is given by

log(Ajit) = Bjiro + Ve + i + 25 85 + it (15)

where 3; ;0 is the dynamic intercept, 7;; is the month time effect in the 7th habitat type, Zézt
denotes a p;—dimensional vector corresponding to the fixed effects of seasonal changes and
sinusoidal predictors cos(27t/12) and sin(27t/12) included to handle the seasonality with
period 12 (in months), &;;; is the random effects term explaining the dependence between
tick stages. The random vector parameter, &;, = (&t,Enit, Eaat)’, 1S the vector of the

unobserved random variables introduced to capture the tick-stage dependence through the

multivariate normal distribution as follows:

£ ~ N(O,Z), (16)

where 0 is a J—dimensional zero vector, X' is the variance-covariance matrix for the random
effect terms such that for r # s where {rand s € j = 1,..., J}, p,, = (pn, pra, pya)’ denotes
the tick life stage correlation vector. The month time effects vector v, = (yL+, Yn4t, Var) and
the dynamic intercept f3; ;o are assumed to be independent and evolve according to a random

walk process in the state equation of the above multilevel model. The terms also capture
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the autoregressive time series nature of the data and hence can be specified as

Ve = V(—1) T W,

while

ﬂj,it,o = Bj,i(tfl)erj,it )

where w; ~ N(0,1/W) and w,;;; ~ N(0,1/n;); that is, the errors are assumed to fol-
low the normal distribution, where W and 7; are the precision parameters based on the
inverse-gamma distribution. The reference level for the seasonal changes categorical pre-
dictor variable was taken to be winter since it is the season expected to have lower tick
activity, and hence lower abundance. It therefore makes sense to contrast other seasons to
the winter season. The type of habitat was also included in the model to assess the influence
of habitat type on tick abundance and the baseline was taken to be the edge habitat type.
Different multilevel mixed effects models taking the form in Equation were fitted and
compared using the DIC values. Model 1 denotes the multivariate model which assumes
Poisson marginal distributions for all life stages in the response vector Y;;. Models 2 to 7
assume combinations of ZIP and Poisson mixed effects for tick life stages in the response
vector. Model 8 denotes the multivariate ZIP model for tick life stage components in the
response vector. The multivariate multilevel model is formulated by introducing the vari-
ance covariance matrix and jointly modelling the response vector assuming marginal count

distributions as shown below:
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Model 1:

Yol AL ~ Poi(Apu);
Ynit| ANt ~ Poi(Anit);

YA,itP\A,it ~ POi()\A,it)

Model 2:
Yiit| Apie ~ Poi(AL);
Ynit|Anvie ~ Poisson(An it);
YaitlAait, 04 ~ ZIP(Aa,04)

Model 3:
Yi | Anie ~ Poi(Ari);
YN,z't|>\N,ita on ~ ZIP()‘N,itafsN)§
YA,it|/\A,it ~ POi()\A,it)

Model 4:

YL,it|)\L,ita5L ~ ZIP()\L,it75N);
Ynit| Anvie ~ Poi(Ant);

Yai|Aai ~ Poisson(Aa )
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Model 5:

Yol Anie ~ Poi(Aru);
YN,it|)\N,it75N ~ ZIP()\N,m(SN);

Yait| Aajit, 64 ~ ZIP(Aai, 04)

Model 6:
YL,it‘)\L,ityéL ~ ZIP<)\L,it);
Ynit|Avie ~ Poi(Anit);
YaitlAait, 04 ~ ZIP(Aa,04)

Model 7:
Yit|Arit, 0r, ~ ZIP(Apa, On);
YN,it|>\N,ita on ~ ZIP()‘N,itafsN)§
YA,it|/\A,it ~ POi()\A,it)

Model &:

YL,it’)\Lﬂ'tadL ~ ZIP()\L,ita5N>§
YN,it‘)\N,itv(sN ~ ZIP(>\N,¢t>5N)§

Yait|Aajit, 64 ~ ZIP(Aai,04)
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where j = L, N or A, and §; the dispersion parameter for the jth life stage. All models were
implemented through an approximate sampling based framework which provide a mecha-
nism for Bayesian inference based on accurate approximations to the posterior distributions
of the parameters. The approximate sample Bayesian framework requires the usual prior
specification on the parameters. We assume a Wishart prior for X', and a Log-Gamma prior
for log(WW) and log(n;). The default hyperparameter specifications assume the default prior
from the R-INLA package in R. The matrix X' has a Wishart prior with 2 x J 4+ 1 degrees
of freedom and identity matrix as a prior precision matrix. The DIC values for the fitted

model given by Equation [15] are presented in Table

Table 4: DIC values for the fitted models 1 to 8.

Model MDC]'(GJ',“) DIC PbIc

1 Poi Poi Poi 5007.80 798.47
4 ZIP Poi Poi  7513432.10 -332850.08
7 ZIP ZIP Poi 7539545.18 -308560.64

Even though we do not compare the INLA model with the MCMC model, we report that the
INLA approach took 32.3 seconds (approx half a minute) to run using R-INLA on Intel(R)
Core(TM) i7-8550U CPU 3.80 GHz with 8GB of RAM.

Models 2, 3, 5, 6 and 8 crashed when fitted to the data and therefore we show the DIC values
for model 1, 4 and 7 in Table [l It is clear from the table that model 1 fits the data well
compared to models 4 and 7 since its DIC value (5007.80) is smaller compared to the DIC

values for the other models.
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4.4 Results
4.4.1 Fixed effects and correlations

Table [5] gives the posterior means of parameters of the multivariate multilevel model. We
discover that there is a significant, strong and positive association between larvae and
nymphs, larvae and adults, and nymphs and adults with posterior correlations p;y = 0.903,
pra = 0.833 and pya = 0.858, and 95% credible intervals (CI) (0.806,0.950), (0.7163,0.891),
and (0.668,0.860), respectively.

Table 5: Estimated coefficients for covariates.

Covariates Mean SD  25% 97.5%
Habitat type (ref: Edge)
Grass 1.042 1.033 0.949 1.137
Woods 0.755 0.926 0.551 0.970
Season (ref: Winter)
Spring.L 0.927 2.000 -2.997 4.865
Spring.N 4.631 1.745 1.208 8.078
Spring. A 4.613 1.745 1.190 8.059
Summer.L 4.049 2.057 0.007 8.097
Summer.N 4.441 1.927 0.648 8.232
Summer. A 3.113 1.927 -0.680 6.904
Fall.LL 4.631 1964 0.768 8.488
Fall.N 4.205 1.888 0.489 7911
Fall. A -0.683 1.917 -4.459 3.076
Cosine term -0.111  0.174 -0.453 0.231
Sine term 0.206 0.165 -0.118 0.530
Correlations
PLN 0.903 0.037 0.806 0.950
PLA 0.833 0.042 0.716 0.891
PN A 0.858 0.063 0.668 0.933

Variation in habitat type affects tick life cycle stages abundance in a similar manner. Com-

paring the grass habitat type with the edges and woods habitat types, the model estimated
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higher and significant [1.042 and 0.755; CI: (0.949,1.137) and (0.926,0.970)] tick life cycle
stage abundances in the edges and woods habitat types, respectively. Variation in seasons
affects variation in tick abundances in a life stage specific manner during fall, but it affect
the abundance in a similar manner during summer and spring seasons. In comparison to
winter season as the reference category, the model yields significant and higher [4.631 and
0.613; CI: (1.208,8.078) and (1.190,8.059)] log mean abundances for nymphs and adults
and non-significant [0.927; CI: (—2.997,4.865)] log mean abundances for larvae in the spring
season. Higher and significant [4.049 and 4.441; CI: (0.007,8.097) and (0.648,8.232)] and
non-significant [ 3.113; CI: (—0.680,6.904)] in the summer season relative to the winter sea-
son. Higher and significant [4.631 and 4.205; CI: (0.768,8.488) and (0.489,7.911)] log mean
abundances for larvae and nymphs and non-significant [—0.683; CI: (—4.459, 3.076)] log mean
abundances for adults during the fall season as compared to the winter season. However,
seasonal variations in the data were not significantly [—0.111 and 0.206; CI: (—0.453,0.231)

and (—0.118,0.530)] strengthened by the cosine and sine terms in the model.

4.4.2 Habitat type specific non-linear month effects

Figure [2| shows the model estimated non-linear month effects, modelled as the random walk
of order one (RW1). The model estimated similar months effects across the three habitat
types. The graphs show the posterior mean (solid line) and 95% credible intervals (dotted
lines). The curves show an expected gradual increase in tick life cycle stages abundances from
January to June, and a steady decrease between June and August, slight increase between
August and September, sharp decrease from September to November, and a gradual increase

from November to December.
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Figure 2: Model estimated non-linear month effects in the edges (purple curve), grass
(green curve) and woods (orange curve) habitat types.

4.4.3 Habitat type specific trends

Figure 3| shows the model estimated dynamic intercept (5;:0), showing trends in the edges
(purple curves), grass (green curves) and woods (brown curves) habitat type for larvae,
nymph and adult tick life cycle stages. The fitted model poorly tracked the stochastic
pattern across the three habitat types for larvae. This suggest that the larvae abundance
is affected by environmental characteristics beyond those measured in this study. The top
panel (row) are the estimated larvae trends showing constant fluctuations throughout the
study period of 2009 through 2018 across the habitat types. The middle and bottom panels
shows a declining nymph and adult tick trends since 2012 in the edges and woods habitat

types, and an increasing trend in the grass habitat type.

5 Discussion

This study described the multilevel model for the vector of time series of counts using the
R-INLA technique, which is effective and computationally feasible for large datasets. The
aim of this study was to investigate the influence of environmental and temporal predictors
of tick life cycle stages abundances, determine trends and demonstrate the computational

speed of the INLA technique proposed by [Rue et al.| (2009) relative to the MCMC tech-

24



rrrrr

Figure 3: Estimated model trends in the edges (purple curve), grass (green curve) and
woods (orange curve) habitat types.

nique. The multilevel model used in this study has seen applications in prescription counts

of physicians in a large pharmaceutical company in Serhiyenko| (2015)); [Serhiyenko et al.|

(2018) and ridesourcing data in NYC by [Ravishanker et al.| (2022) among other applica-

tions. To our knowledge, these models have not been applied to ecological data, specifically
tick life stage count data. The MCMC is a large class of methods that enables inference

in highly dimensional problems with unknown quantities and is able to handle complicated

distributions. The literature on the methods is well documented in |Gamerman and Lopes|

(2006)); Robert et al.| (1999); Chen et al.| (2012), and these methods are commonly used for

computing posterior quantities through the popular Gibbs sampling methods including the

Metropolis-Hastings algorithm (Geman and Geman)| |1984; Metropolis et al (1953} |Hastings,

1970). However, the MCMC technique is computationally intensive when complex models

are involved, or when the data is large. As an alternative to the computationally intensive
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MCMC Bayesian technique, the INLA technique for approximating posterior parameters was
suggested and its feasibility demonstrated by simulating the data and estimating parame-
ters, while taking into account the time taken to complete in INLA and in MCMC before
models were applied to tick data. This study assumed tick life stage specific effects of the
covariates on the distribution of tick stages. That is, we assumed that each life stage was
affected differently from another tick life stage. However, the results in this study showed
that monthly effects are similar across the three habitat types. Seasonal changes were differ-
ent for each life stage and abundances were estimated to be higher in the grass and woods
habitat types compared to the edges habitat type. The model estimated trends revealed an
increasing trend for nymphs and adults in grassy habitat types. The results in this chapter

are similar to those in |Willis et al.| (2012) and [Lephoto et al.| (2021).

6 Conclusion

The multilevel model successfully fitted tick life stage data and revealed that assuming
common covariates effects on tick life stages may be unrealistic. However, this seems to
be the case with monthly effects as similar trends were estimated. The assumption was
unrealistic in the sense that factors such as sampling variation and different relationships
across regions contribute to different responses to the same stimuli as one moves across
regions and over a period of time. Spring and fall seasons affected life stages differently,
though the effects of summer were similar for the three tick life-stages. The model is also

beneficial in allowing for a mixture of count distributions in the vector of responses.

26



Declarations

Funding and/or Conflict of Interest/Competing Interests

This research was funded by NIH grant 1R01AI136035 as part of the joint National Institutes
of Health, National Science Foundation and the United States Department of Agriculture
(NIH-NSF-USDA) Ecology and Evolution of Infectious Diseases program. The funding body
had no role in the design of the study and collection, analysis, and interpretation of data
and in writing the manuscript. The authors would like to declare that there is no conflict of

interests.

Bibliography

Aitchison, J. and Ho, C. (1989). The multivariate Poisson-log normal distribution.

Biometrika, 76(4):643-653.

Arab, A. (2015). Spatial and spatio-temporal models for modeling epidemiological data
with excess zeros. International Journal of Environmental Research and Public Health,

12(9):10536-10548.

CDC (2020). Guide to the surveillance of metastriate ticks (Acari: Ixodidae) and their

pathogens in the United States.

Chen, M.-H., Shao, Q.-M., and Ibrahim, J. G. (2012). Monte Carlo methods in Bayesian

computation. Springer Science & Business Media.

Chib, S. and Winkelmann, R. (2001). Markov chain monte carlo analysis of correlated count

data. Journal of Business & Economic Statistics, 19(4):428-435.

27



Clark, N. J. and Wells, K. (2023). Dynamic generalised additive models (DGAMs) for
forecasting discrete ecological time series. Methods in Ecology and Evolution, 14(3):771-

784.

De Clercq, E., Leta, S., Estrada-Pena, A., Madder, M., Adehan, S., and Vanwambeke, S. O.
(2015). Species distribution modelling for Rhipicephalus microplus (Acari: Ixodidae) in
Benin, West Africa: comparing datasets and modelling algorithms. Preventive Veterinary

Medicine, 118(1):8-21.

de Oliveira, S. V., Romero-Alvarez, D., Martins, T. F., Dos Santos, J. P., Labruna, M. B.,
Gazeta, G. S., Escobar, L. E., and Gurgel-Gongalves, R. (2017). Amblyomma ticks and

future climate: range contraction due to climate warming. Acta Tropica, 176:340-348.

Estrada-Penia, A., de la Fuente, J., and Cabezas-Cruz, A. (2016). A comparison of the
performance of regression models of Amblyomma americanum (L.)(Ixodidae) using life

cycle or landscape data from administrative divisions. Ticks and Tick-borne Diseases,

7(4):624-630.

Estrada-Pena, A. and Venzal, J. M. (2007). Climate niches of tick species in the Mediter-
ranean region: modeling of occurrence data, distributional constraints, and impact of

climate change. Journal of Medical Entomology, 44(6):1130-1138.

Fan, X., Ma, R., Yue, C., Liu, J., Yue, B., Yang, W., Li, Y., Gu, J., Ayala, J. E., Bunker,
D. E., et al. (2023). A snapshot of climate drivers and temporal variation of Ixodes ovatus
abundance from a giant panda living in the wild. International Journal for Parasitology:

Parasites and Wildlife, 20:162-169.

28



Ferkingstad, E., Held, L., and Rue, H. (2017). Fast and accurate Bayesian model criticism

and conflict diagnostics using R-INLA. Stat, 6(1):331-344.

Gamerman, D. and Lopes, H. F. (2006). Markov chain Monte Carlo: stochastic simulation

for Bayesian inference. CRC Press.

Geman, S. and Geman, D. (1984). Stochastic relaxation, Gibbs distributions, and the
Bayesian restoration of images. IEEE Transactions on Pattern Analysis and Machine

Intelligence, (6):721-741.

Hadfield, J. (2010). MCMCglmm: Markov chain Monte Carlo methods for generalised linear

mixed models. Tutorial for MCMCglmm package in R, 125.

Hastings, W. K. (1970). Monte Carlo sampling methods using Markov chains and their

applications. Biometrika, 57(1):97.

Kaizer, A., Foré, S., Kim, H.-J., and York, E. (2015). Modeling the biotic and abiotic factors
that describe the number of active off-host Amblyomma americanum larvae. Journal of

Vector Ecology, 40(1):1-10.

Khana, D., Rossen, L. M., Hedegaard, H., and Warner, M. (2018). A Bayesian spatial
and temporal modeling approach to mapping geographic variation in mortality rates for

subnational areas with R-INLA. Journal of Data Science, 16(1):147.

Kjeer, L. J., Soleng, A., Edgar, K. S., Lindstedt, H. E. H., Paulsen, K. M., Andreassen, A. K.,
Korslund, L., Kjelland, V., Slettan, A., Stuen, S., et al. (2019). Predicting and mapping
human risk of exposure to Ixodes ricinus nymphs using climatic and environmental data,

Denmark, Norway and Sweden, 2016. Furosurveillance, 24(9):1800101.

29



Kopsco, H. L., Smith, R. L., and Halsey, S. J. (2022). A scoping review of species distribution

modeling methods for tick vectors. Frontiers in Ecology and Evolution, 10:893016.

Laaksonen, M., Sajanti, E., Sormunen, J. J., Penttinen, R., Hanninen, J., Ruohomaki, K.,
Sadksjarvi, 1., Vesterinen, E. J., Vuorinen, 1., Hytonen, J., et al. (2017). Crowdsourcing-
based nationwide tick collection reveals the distribution of Ixodes ricinus and I. persulcatus

and associated pathogens in Finland. Emerging Microbes & Infections, 6(1):1-7.

Lado, P., Smith, M. L., Carstens, B. C., and Klompen, H. (2020). Population genetic struc-
ture and demographic history of the Lone Star tick, Amblyomma americanum (Ixodida:

Ixodidae): new evidence supporting old records. Molecular Ecology, 29(15):2810-2823.

Lephoto, T., Mwambi, H., Bodhlyera, O., and Gaff, H. (2021). Spatio-temporal modelling

of tick life-stage count data with spatially varying coefficients. Geospatial Health, 16(2).

Lippi, C. A., Gaff, H. D., White, A. L., St. John, H. K., Richards, A. L., and Ryan, S. J.
(2021). Exploring the niche of Rickettsia montanensis (Rickettsiales: Rickettsiaceae) infec-
tion of the american dog tick (Acari: Ixodidae), using multiple species distribution model

approaches. Journal of Medical Entomology, 58(3):1083-1092.

Liu, Y., Lund, R. B., Nordone, S. K., Yabsley, M. J., and McMahan, C. S. (2017). A Bayesian
spatio-temporal model for forecasting the prevalence of antibodies to Ehrlichia species in

domestic dogs within the contiguous United States. Parasites & Vectors, 10(1):1-14.

Lynen, G., Zeman, P., Bakuname, C., Di Giulio, G., Mtui, P., Sanka, P., and Jongejan, F.
(2008). Shifts in the distributional ranges of boophilus ticks in tanzania: evidence that
a parapatric boundary between boophilus microplus and b. decoloratus follows climate

gradients. Ezperimental and Applied Acarology, 44:147-164.

30



Ma, D., Lun, X., Li, C., Zhou, R., Zhao, Z., Wang, J., Zhang, Q., and Liu, Q. (2021).
Predicting the potential global distribution of Amblyomma americanum (Acari: Ixodidae)
under near current and future climatic conditions, using the maximum entropy model.

Biology, 10(10):1057.

Ma, J., Kockelman, K. M., and Damien, P. (2008). A multivariate Poisson-lognormal regres-
sion model for prediction of crash counts by severity, using Bayesian methods. Accident

Analysis € Prevention, 40(3):964-975.

Metropolis, N., Rosenbluth, A. W., Rosenbluth, M. N.; Teller, A. H., and Teller, E. (1953).
Equation of state calculations by fast computing machines. The Journal of Chemical

Physics, 21(6):1087-1092.

Nadolny, R. M., Wright, C. L., Sonenshine, D. E., Hynes, W. L., and Gaff, H. D. (2014).
Ticks and spotted fever group rickettsiae of southeastern Virginia. Ticks and Tick-borne

Diseases, 5(1):53-57.

Neupane, N., Goldbloom-Helzner, A., and Arab, A. (2021). Spatio-temporal modeling for

confirmed cases of lyme disease in virginia. Ticks and Tick-borne Diseases, 12(6):101822.

Paull, S. H., Thibault, K. M., and Benson, A. L. (2022). Tick abundance, diversity and
pathogen data collected by the national ecological observatory network. Gigabyte, 2022:1—
11.

Quiller, L., Viljugrein, H., Loe, L. E., Meisingset, E. L., and Mysterud, A. (2016). The
influence of red deer space use on the distribution of Ixodes ricinus ticks in the landscape.

Parasites & Vectors, 9(1):1-9.

31



Raghavan, R., Barker, S., Cobos, M. E., Barker, D., Teo, E., Foley, D., Nakao, R., Lawrence,
K., Heath, A., and Peterson, A. T. (2019). Potential spatial distribution of the newly intro-

duced long-horned tick, Haemaphysalis longicornis in North America. Scientific Reports,

9(1):498.

Ravishanker, N., Raman, B., and Soyer, R. (2022). Dynamic time series models using R-

INLA: an applied perspective. CRC Press.

Requena-Garcia, F., Cabrero-Sanudo, F., Olmeda-Garcia, S., Gonzalez, J., and Valcarcel, F.
(2017). Influence of environmental temperature and humidity on questing ticks in central

Spain. Ezperimental and Applied Acarology, 71:277-290.

Robert, C. P., Casella, G., and Casella, G. (1999). Monte Carlo statistical methods, volume 2.

Springer.

Rochlin, 1., Egizi, A., and Ginsberg, H. S. (2023). Modeling of historical and current distri-
butions of Lone Star tick, Amblyomma americanum (Acari: Ixodidae), is consistent with

ancestral range recovery. FEzperimental and Applied Acarology, 89(1):85-103.

Rochlin, I., Egizi, A., and Lindstrém, A. (2022). The original scientific description of the Lone
Star tick (Amblyomma americanum, Acari: Ixodidae) and implications for the species’

past and future geographic distributions. Journal of Medical Entomology, 59(2):412-420.

Rue, H., Martino, S., and Chopin, N. (2009). Approximate Bayesian inference for latent
Gaussian models by using integrated nested Laplace approximations. Journal of the Royal

Statistical Society: Series B (Statistical Methodology), 71(2):319-392.

Sagurova, 1., Ludwig, A., Ogden, N. H., Pelcat, Y., Dueymes, G., and Gachon, P. (2019).

Predicted northward expansion of the geographic range of the tick vector Amblyomma

32



americanum in North America under future climate conditions. Enuvironmental Health

Perspectives, 127(10):107014.

Serhiyenko, V. (2015). Dynamic modeling of multivariate counts-fitting, diagnostics, and

applications. PhD thesis, University of Connecticut, Storrs, CT, USA.

Serhiyenko, V., Ravishanker, N., and Venkatesan, R. (2018). Multi-stage multivariate mod-
eling of temporal patterns in prescription counts for competing drugs in a therapeutic

category. Applied Stochastic Models in Business and Industry, 34(1):61-78.

Simpson, D. T., Teague, M. S., Weeks, J. K., Kaup, B. Z., Kerscher, O., and Leu, M.
(2019). Habitat amount, quality, and fragmentation associated with prevalence of the tick-
borne pathogen Ehrlichia chaffeensis and occupancy dynamics of its vector, Amblyomma

americanum. Landscape Ecology, 34:2435-2449.

Sonenshine, D. E. (1979). Insects of Virginia no. 13. Ticks of Virginia (Acari: Metastigmata).

Research Division Bulletin, 139.

Spiegelhalter, D. J., Best, N. G., Carlin, B. P., and Van Der Linde, A. (2002). Bayesian
measures of model complexity and fit. Journal of the royal statistical society: Series b

(statistical methodology), 64(4):583-639.

Van Niekerk, J., Krainski, E., Rustand, D., and Rue, H. (2023). A new avenue for Bayesian

inference with INLA. Computational Statistics € Data Analysis, 181:107-692.

Wang, F., Li, H., Wang, H., and Li, Y. (2023). Spatial correlated incidence modeling with

zero inflation. Biometrical Journal, 65(4):2200090.

33



Willis, D., Carter, R., Murdock, C., and Blair, B. (2012). Relationship between habitat
type, fire frequency, and Amblyomma americanum populations in east-central Alabama.

Journal of Vector Ecology, 37(2):373-381.

Wimberly, M. C., Baer, A. D., and Yabsley, M. J. (2008). Enhanced spatial models for
predicting the geographic distributions of tick-borne pathogens. International Journal of

Health Geographics, 7(1):1-14.

Wimms, C., Aljundi, E., and Halsey, S. J. (2023). Regional dynamics of tick vectors of

human disease. Current Opinion in Insect Science, 55:101006.

Zannou, O. M., Ouedraogo, A. S., Biguezoton, A. S., Abatih, E., Coral-Almeida, M.,
Farougou, S., Yao, K. P., Lempereur, L., and Saegerman, C. (2021). Models for studying
the distribution of ticks and tick-borne diseases in animals: a systematic review and a

meta-analysis with a focus on Africa. Pathogens, 10(7):893.

Zipkin, E. F. (2012). Hierarchical models for the anlaysis of species distributions and abun-
dances: development and applications. PhD thesis, University of Mayland, College Park,
MD, USA.

34



Multivariate Bayesian dynamic tick life stage time series

modelling and assessing impacts of sampled sites

Thabo Lephoto!*, Henry Mwambi!, Oliver Bodhlyera! and Holly Gaff?

1School of Mathematics Statistics and Computer Science, University of
KwaZulu-Natal, KwaZulu-Natal Province, Private Bag X01, 3201, South
Africa
2Department of Biological Sciences, Old Dominion University, Norfolk,

United States

Abstract

Background: Understanding the influence and consequences of variation in the
abundance of organisms has been a long-standing goal in ecological studies. An increase
in tick abundance and tick-borne diseases constitute a growing threat to public health.
Studies defining species’ variations within counties and addressing hierarchical dynamic
time series of tick life stage abundances remain limited. Our objective was to assess
the influence of temporal and environmental effects and identify tick hotspot areas in
sampled counties in Virginia, United States.

Methods: We proposed extending the Poisson and negative binomial Bayesian hi-



erarchical dynamic time series models that enable modelling tick life stage abundances,
finding correlations between them, determining temporal effects and identifying tick
hotspot areas. Our novel hierarchical dynamic time series model, which includes sam-
ple sites as random effects, is the first to identify tick hotspot areas and assess the
temporal and environmental influence of tick stage abundances.

Results: The results showed that higher tick abundance was expected in summer
compared to winter. The model-estimated month trend increases between January
and September, while the model-estimated year trend decreases over the study period
from 2009 to 2018. The analysis also revealed tick hotspot areas in Chesapeake, York,
Portsmouth, and Northampton counties in Virginia.

Conclusion: Although the model showed susceptibility due to small sample sizes,
we conclude that the model was successful in fitting and estimating posterior parame-
ters when applied to the tick data.

Keywords: Lone Star tick stages, multivariate analysis,tick life-stages, environ-

mental and temporal effects, tick hotspot areas.

Background

Increasing tick abundance and tick-borne pathogens constitute a growing threat to public
health (Laaksonen et al., 2017; Paull et al| 2022; Wimms et al., |2023). For example in
the USA, Nadolny et al.| (2014) recorded more than 66 000 questing tick populations in the
southeastern Virginia, comprising 7 species from a variety of habitats, with Amblyomma
americanum (Lone Star tick) constituting over 95% of the ticks collected. Our research
focused on modeling A. americanum tick life-stage abundance collected over time from three

different habitat types namely: edges, woods and grass, along 12 random sample sites. The



objective of this study was to identify abundance levels of A. americanum variations within
sample sites from eight counties in the state of Virginia, United States. We also wanted to

investigate the influence of environmental and temporal predictors and estimate time trends.

Five major tick species were reported to be active and responsible for transmitting a variety
of pathogens of both human and animals. These were Izodes scapularis, A. americanum,
Dermacentor variabilis, Amblyomma maculatum, and Haemaphysalis longicornis (Nadolny
and Gafl, 2018). The H. longicornis is of high veterinary importance for transmission of
Theileria orientalis Tkeda in cattles even though it is not a key human-biting species (Oakes
et al., 2019). The most common human-biting tick in Virginia is the A. americanum, and
it transmits several pathogens of medical and veterinary significance, including Fhrlichia
chaffeensis (the causative agent of human monocytic ehrlichiosis), Heartland virus (HRTV)
and Bourbon virus (BRBV) among others (Goddard and Varela-Stokes, [2009; Savage et al.|
2013, |2017)

Due to the effects of climate change and transportation by hosts, tick ranges remain ever-
changing. In recent years the A. americanum species has expanded its range into north-
castern and midwestern United States and nothward into Canada (Molaei et al 2019). A
recent study in Kentucky reported detection of Ehrlichia chaffeensis in 32 counties out of the
77 sampled counties in 2019 through 2020 (Pasternak and Palli, [2023). A 2011 Centers for
Disease Control and Prevention (CDC) report indicated that there were 863 human cases of
ehrlichiosis in the United States. An increase has been observed over the seven-year period,
with human cases steadily increasing to 1 832, reporting 1 799 as a result of E. chaffeensis

infection (Adams et al., [2013; |[CDC| [2021)).

A. americanum ticks have long been identified as nuisance biters because of their aggressive



questing behaviour (Hair and Howell, [1970; Merten et al., 2000; Otalora-Luna et al., 2022]).
Despite its prominence as a nuisance biter and vector of human pathogens, efforts to define
the species’ variations within counties remain limited (Benham et al 2021). Therefore, one
of the strategies to help reduce tick-borne diseases is to have an in-depth analysis of the
life stages abundance patterns and factors contributing in each of the randomly sampled
locations. The aim of this study was to unmask the heterogeneity within southeastern
counties in Virginia. Thus, we modelled tick life stage abundance variations within the
randomly sampled locations. The multivariate time series of tick counts was modelled as
a function of season, habitat type, non-linear effects of month and year, and sampling site

random effects.

In the next Section we describe the data for this study, give a modelling framework in
Section , and simulate the data in Section . We describe model diagnostics in Section , give

model results in Section , and conclude in Section .

Methods

Data description

This study used data collected and prepared by researchers in the Department of Biological
Sciences from Old Dominion University, Virginia, United States. Data collection was done
at least once a month on varying days of the week in southeastern Virginia from May 2009
through December 2018. Ticks were collected using standard flagging techniques (CDC,
2020) along established transects and species and life-stages were identified according to
(Sonenshine, (1979)). Larvae-, nymph- and adult-stage count data were recorded for each

edge, wooded and grassy habitat type in York, Chesapeake, Norfolk, Hampton, Isle of Wight,

4



Virginia Beach, Northampton and Portsmouth counties through the four seasons of the year.
The datafile included sample sites/locations which designate the area where the data were
collected. Sample sites were abbreviated JC and ST (Jacobson Track and Stephens Tract)
in Chesapeake, LA (Langley) in Hampton, BW (Blackwater Ecological Preserve) in Isle of
Wight, WS (Weyanoke) in Norfolk, KP (Kiptopeke State Park) in Northampton, HC and
PC (Hoffler Creek Wildlife Preserve and Paradise Creek Nature Park) in Portsmouth, BB
and OD (Back Bay NWR and Oceana/Dam Neck) in Virginia Beach, and CA and NN (Naval

Supply Center, Cheatham Annex and Newport News Park) in York.

Statistical modelling

For practical situations where responses arise as a vector of counts that vary across different
observational sample sites/locations, univariate Poisson regression models for each of the
components in the response vector cannot account for the association or dependence among
the components of the response vector. The dependence may be due to omitted variables
which simultaneously affect the response vector Aitchison and Ho) (1989)); |Chib and Winkel-
mann| (2001); Ma et al. (2008)), and therefore multivariate modelling approach is needed.
However, in the case of tick stages which define the components of the response vector, de-
pendence between the stages is expected, because individuals in stage k 4+ 1 depend on the
survival of individuals from stage k. Suppose the response is a J—variate vector of counts
from n habitat types at t = 1,...,T time points. A hierarchical multivariate Poisson model

is defined as follows for j=1,...,J;i=1,... ,n;t=1,...,T:

YirlAie ~ MVPs(Ai), (1)



log(Ajit) = D;',it')’j,z‘t + S;,itﬁj + Vjit, (2)

where D s = (Djt1,-- ., Djita) is an a—dimensional vector of exogenous (dynamic) location-
time varying predictors with the corresponding dynamic coefficients v, ;; = (Vjit.15 - - -, Vjiitaa)
S;it = (Sjit1,---,5 ) is an c—dimensional vector of exogenous predictors with static co-
efficients 3, = (8;1,...,Bjc), and the error term v;;; incorporates the dependence between

the components of the response vector by assuming a multivariate normal distribution with
mean 0 and variance V for each habitat type ¢ at time ¢. For identifiability, we assume that
if the model includes the habitat type and time varying intercept v; 1 = 1, then there is no

intercept ;1 = 1 in the static part.

For all ¢ and ¢, we assume that the errors v;;; ~ N(0,V};), and that the correlation
Corr(vju,ve) =11if j=~Cand pjpif j # L, j, ¢ =1,...,J. Suppose Cov(v;) =V = {Vj;}
and Corr(vy) = R = {pje}. Let M, = diag(V11,...,V,s). Note that V, R and M, are
J x J symmetric positive definite matrices, and R = M;l/QVDgl/Q. For example, if j = 2,

then the covariance matrix is:

1 Rio

V — Ull U12 — ; VT11722
_Riz 1
U12 U22 VT11722 T22

where the marginal precisions of vy ; and ve, are 71 = 1/Vi; and 799 = 1/Vh9, the correlation
between vy, and wvg; is p12 = Via//Vi1Vae. We assume that the precision matrix v
follows an inverse Wishart distribution with r degrees of freedom and scale matrix X!

that is V7! ~ IW(r, X71).



A detailed exposition of the models described in [2| can be found in |Fokianos (2015)) and
Ravishanker et al. (2022) among many others. We extend the model in [2| to include the
random effect, by, which quantify the variation in abundance that is accounted for by the
m sample sites’ variance. The resulting multivariate dynamic Poisson model is defined as

follows for j=1,...,J;i=1,....ns k=1,... m;t=1,...,T:

Yit|}\z‘t ~ MVPJ(Ait)a (3)

log(Ajiire) = D;',ikt’)’j,ikt + S;‘,iktﬁj + vkt + Ok, (4)

where D,~, S, B and v;; are defined as in[2}, and by, is the random effects term which follows
independent and identical normal distribution (iid) such that, by ~ N(0, W4, ). For j =2,

the diagonal covariance matrix Wy, is given as:

w11 0

0 W2

where the diagonal precisions of wy; and wag are 17 = 1/wy; and g9 = 1/wos.

Simulations

This section presents a simulation study to mimic the observed data generation process. We
assume a two-component outcome vector for simplicity. Let Y = (Yiu, Yoi) represent a
bivariate (J = 2) vector of counts data observed at k = 1,...,m random sample sites that

are within + = 1,...,n locations. We simulate the data according to the simplified model



described as follows:

YA ~ MVP;(Ai), ()

log()‘j,ik) = Sj,ikﬁj,ik + Vji + bk, (6)

where S and 3 represent vectors of static predictors and coefficients respectively, each simu-
lated from a multivariate normal distribution, such that § ~ N(0,V) and 3 ~ N(0,Vy).
The prior distribution for S; ~ N(0,diag(10%)) and 8 ~ N(0, diag(10%)). The error term
v;; is simulated from N(0, X;), where X; = diag(V11, Vag) and p1o = poy fori =1,...,n. We

let the precisions terms be Vj; = Voo = 0.4, and p1o = 0.90.

The errors in the random effects term b, are simulated from a multivariate normal i.i.d, that
is by ~ N(0,W,,) with W, = diag(wi1,wae), where the precision parameters are based
on the inverse-gamma distribution; that is o017 ~ IG(a1,b1) and g9 ~ 1G(ag, by) (Grilli
et al., |2015). The hyperpriors a and b are the shape and rate parameters in the gamma
distribution respectively. Since the choice of priors can have a significant impact on the
posterior distributions of the model parameters and model performance can be sensitive to
the choice of sample site-specific random effects variance priors|Gelman (2006), we considered
three hyperpriors for wy; and wsy in Wy, through the precision parameters g1; and g in

the precision matrix .Qb’kl . The hyperpriors are as follows:

e ['(1,0.0005), the default choice of the inla() function in the R-INLA package (Rue
et al., 2009);



e [°(0.001,0.001), the default choice of the BUGS software (Lunn et al., [2012)) and

e ['(0.5,0.0164) proposed by Fong et al|(2010]), corresponding to random effects by, with

marginal Cauchy distribution such that e®* € [0.1,10] with probability 0.95.

Bayesian estimation was carried out using the inla() function from the R-INLA package by
(Rue et al., 2009). The aim was to investigate the influence of n and m on the posterior
estimates. Since the tick data under study has n = 3 habitat types and m = 8 or 9 random
sample sites, we consider two scenarios in estimating the posterior parameters: In the first
scenario we allow the location type of size n to change, while the random sample site of size
is fixed at m = 10 while n = 3, 10, 20, 50, 100 and 1 000. In the second scenario, n = 5 000
and m = 10,50, 100,500,1 000 and 2 500. The second scenario investigates the effects in
the posterior parameters using the hyperprior in the inla() function by [Rue et al. (2009),
BUGS software by (Lunn et al., 2012) and that by |[Fong et al.| (2010]). We set a large value of
n = 5 000 and observe the change in the posterior parameter as m = 10, 50, 100, 500, 1 000

and 2 500. The results of the simulation are presented in Table [I]

Simulation results

Table [I] presents the results of the simulations for different values of n when m is fixed
in scenario 1, and simulations for different values of m when n is fixed in scenario 2. In
scenario 1 we note that posterior estimates are close to the true values when n > 50 and
m = 10, and that credible intervals become narrower as n increases. In scenario 2, posterior
estimates of the sample site-specific random effects are close to the true values for n > 1 000
for INLA and BUGS hyperpriors as compared to the BUGS hyperpriors. Credible intervals

are narrower throughout the values of m, and the results show that posterior estimates are



approximately equal to the true values when there is 7 = % ~ 20% of m random sample
sites that are within n habitat types locations. The results of the simulation reveal that
posterior estimates are not accurate for n < 20 and m = 10, and these sizes include the sizes
for our tick data.

Table 1: Estimated posterior parameters in the simulated model.

SCENARIO 1 (m = 10) SCENARIO 2 (n = 5000) True
Parameter INLA INLA BUGS FONG value
n Posterior 95% CI m Posterior 95% CI Posterior 95% CI Posterior 95% CI
mean 2.5%  97.5% mean 2.5%  97.5% mean 2.5%  97.5% mean 2.5%  97.5%
51 4.773  1.995 11.007 5.028 4.632 5459 | 5.024 4.743 5.323 | 5026 4.686 5.394 | 5.0
Ba 3.585  1.458 8577 4.967 4.609 5.351 | 4.964 4.628 5.326 | 4.968 4.590 5.375 | 5.0
Vi 0.232  0.087  1.089 0.410 0.386 0.435 | 0.410 0.385 0.435 | 0.411 0.387 0.437 | 0.4
Vo 3 0.220 0.083  1.002 10 0.424  0.400 0.449 0.425 0.399 0.451 0.424  0.400 0.451 0.4
P12 -0.039 -0.661 0.597 0.876  0.858 0.895 0.877  0.857 0.894 0.877  0.858 0.896 0.9
w1 0.000 0.000 0.004 0.019 0.014 0.027 0.009  0.006 0.015 0.013  0.005 0.036 | 0.01
W 0.000 0.000  0.004 0.015  0.011 0.022 0.014  0.009 0.020 0.018 0.011 0.031 | 0.01
51 3.145  1.936  4.980 5.031 4917 5.147 | 5.032 4915 5.150 | 5.032 4.915 5.150 | 5.0
Ba 2.785  1.249 5424 4.969 4.855 5.087 | 4.974 4.857 5.093 | 4.974 4.857 5.093 | 5.0
Vi 0.201  0.084  0.695 0.409 0.386 0.432 | 0.408 0.387 0.432 | 0.408 0.387 0.432 | 0.4
Vao 10 0.613 0.235  2.366 50 0.425  0.400 0.449 0.423  0.401 0.448 0.423  0.401 0.448 0.4
P12 0.304  -0.394 0.824 0.877  0.859 0.895 0.878  0.860 0.894 0.878  0.860 0.894 0.9
w1 0.000 0.000  0.004 0.001  0.000 0.001 0.001 0.000 0.001 0.001 0.000 0.001 | 0.01
wao 0.000 0.000 0.004 0.001  0.000 0.001 0.001  0.000 0.001 0.001 0.000 0.001 | 0.01
51 3.667 2.454  5.292 5.033  4.920 5.148 5.032 4914 5.152 5.030 4.903 5.159 5.0
B 3.337 2.220 4831 4.972 4.859 5.087 4.972 4.855 5.091 4.974 4850 5.100 5.0
Vi 0.383  0.185 0.974 0.407 0.384 0433 | 0405 0.382 0.429 | 0.407 0.385 0431 | 0.4
Voo 20 0.370  0.178 0.984 | 100 0.423  0.400 0.449 | 0.426 0401 0.451 | 0419 0.398 0.444 | 04
P12 0.596  0.161  0.872 0.878 0.859 0.895 | 0.876 0.858 0.895 | 0.880 0.863 0.895 | 0.9
w1 0.001  0.000  0.004 0.001  0.000 0.003 | 0.002 0.001 0.004 | 0.005 0.003 0.007 | 0.01
W 0.000 0.000  0.004 0.001 0.000 0.002 0.001 0.001 0.003 0.004  0.002 0.007 | 0.01
51 4.843 3.907  5.925 5.030 4.917 5.145 5.029 4916 5.144 5.033 4917 5.150 5.0
(2 4.189 3.240  5.317 4975  4.863 5.087 4972 4.861 5.084 4.966  4.851 5.082 5.0
Vit 0.293 0.170  0.551 0.405  0.382 0.429 0.407  0.384 0.432 0.400  0.378 0.427 0.4
Voo 50 0.463 0.277 0.841 | 500 0.421  0.398 0.446 0.422 0400 0.447 0.421  0.397 0.447 0.4
P12 0.724  0.484 0.879 0.884 0.864 0.901 | 0.880 0.862 0.897 | 0.886 0.868 0.904 | 0.9
w1 0.000  0.000  0.006 0.005  0.003 0.009 | 0.001 0.001 0.002 | 0.008 0.005 0.011 | 0.01
wa 0.000  0.000  0.006 0.003  0.002 0.005 | 0.001 0.000 0.001 | 0.005 0.004 0.008 | 0.01
B1 4.383 3.640  5.225 5.017 4906 5.131 5.029 4916 5.144 5.038  4.921 5.155 5.0
By 4.610 3.963 5.325 4.963  4.853 5.076 4973  4.860 5.087 4.962 4.849 5.077 5.0
Vi 0.517 0.359  0.775 0.402  0.378 0.426 0.405 0.382 0.431 0.397  0.374 0.430 0.4
Vas 100 0.297 0.199 0.472 | 1000 | 0.416  0.393 0.442 0.421  0.399 0.446 0.418 0.395 0.443 0.4
P12 0.738 0.555  0.867 0.895 0.871 0.926 0.882  0.858 0.904 0.890 0.872 0.907 0.9
w1 0.000  0.000  0.004 0.010  0.007 0.013 | 0.003 0.002 0.008 | 0.010 0.007 0.014 | 0.01
waa 0.000  0.000  0.004 0.009  0.006 0.012 | 0.002 0.001 0.005 | 0.010 0.007 0.013 | 0.01
51 5.028  4.632 5.459 5.029 4920 5.140 | 5.041 4.930 5.153 | 5.024 4.913 5.138 | 5.0
Ba 4.967  4.609 5.351 4.963  4.853 5.075 | 4.971 4.861 5.083 | 4.970 4.859 5.083 | 5.0
Vi 0.410  0.386  0.435 0.403  0.374 0.428 | 0.400 0.378 0.429 | 0.404 0.376 0.429 | 0.4
Vs 1000 | 0.424 0.400  0.449 | 2500 | 0.418 0.391 0.444 0.418  0.395 0.447 0.415  0.391 0.440 0.4
P12 0.876 0.858  0.895 0.889  0.870 0.908 0.887  0.868 0.904 0.894 0.873 0.911 0.9
w1 0.019 0.014  0.027 0.008  0.005 0.011 0.007  0.004 0.012 0.010  0.007 0.016 | 0.01
W 0.015 0.011  0.022 0.007  0.005 0.011 0.004  0.002 0.010 0.009  0.005 0.015 | 0.01
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Model application on tick life stage data

In order to understand the dynamic causes and consequences of variation in the abundance of
ticks, multivariate hierarchical dynamic and static count data model, which include sample
site random effects terms, were used to model the tick life-stage data. In the application,
we let Y = (larvae, nymphs, adults) be a 3—dimensional time series vector of tick counts
collected from location ¢ = 1,...,3, comprising £k = 1,...,12 random sampling sites over
t =1,...,10 years time points. Suppose that counts Y ;; follow a multivariate Poisson

(MVP) or the negative binomial distribution (MVNB). The model can be written as:

MVP j(y,1:| Nikt); when 6 = 1; and/or
Yikt|57 Aikt ~ (7)

MVNB (A, 0); otherwise,

where A;;; and d are the vectors of mean and dispersion parameters, respectively. The mean
count vector of parameters A, is linked to the dynamic and static covariates through the

log link function as follows:

log(\jikt) = By + Month; + Year;
+ B, 1(Spring = 1) + Byl (Summer = 2);; + Byl (Fall = 3)
+ B41(Grass = 2); + Bs1(Woods = 3);
+ BsCosine, + B, Sine; + vy + by,

= D;,ikﬁj,ikt + S;’,iktﬁj + vt + b, (8)

where the D, ~, S, B, v and b are defined as in [2] and [ Suppose that the number of

coefficients in the dynamic and static vectors are given by p; = ijl a; and ps = Z}]=1 b;
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respectively, and let 7;; be a p;—dimensional vector constructed by stacking the a; coeffi-
cients, «,,. That is,

T — 0t+vt (9)

where 0, is the state parameter and v, ~ N(0, V). The state equation is given as

Ht = GBt_l + oy (10)

where G is a pg X pg state transition matrix, and the state errors a; are assumed to be i.i.d
N(0, A). Thus, the hierarchical equation in [8 can be written in a more compact form as
follows:

log(Ajikt) = I i + BS ikt + . (11)

We assume multivariate normal priors for the static predictor 3; as N(0, diag(10%)), and

inverse-Wishart priors in V;, A;, and W, for v,, a; and by, respectively.

The reference category for the habitat type covariate is taken to be 1 corresponding to the
edge habitat type, while the season variable is taken to be the winter season corresponding
to low tick activity. Month and year covariates entered the model as continuous variables
and we assume that they evolve according to a random walk process, and the sample sites’

covariates were taken as random effects.

We employed Bayesian estimation using the R-INLA package by [Rue et al|(2009) given its
fast computation time compared to the MCMC counterpart. The Bayesian approach treats
parameters as unknown random variables having prior probability distributions which are
updated with data leading to posterior distributions in contrast to how likelihood methods

treat parameters as fixed constants. Here, the likelihood of the model describes the data

12



generating process given the parameters, while the prior usually reflects any previous infor-
mation about the model parameters. Consequently, when the prior knowledge is scarce then
we assume vague or non-informative priors so that the posterior distribution is driven by the

observed data (Gelman, 2006).

Model diagnostics

The models were compared using the deviance information criterion (DIC), which is obtained
by adding the posterior mean of the deviance that measures the goodness of fit to the number
of effective parameters as: DIC = D(#)+pp where D is the posterior mean deviance and pp
is the effective number of parameters in the model, which penalizes the fit for complexity of
the model. |Spiegelhalter et al.| (2002) state that pp values less than zero indicate substantial
conflict between the prior and the data or that the posterior mean is a poor estimator. The
best model is said to be the one with the smallest DIC value. Low values of deviance suggest
a better fit, while small values of pp suggest model parsimony as discussed in [Spiegelhalter

et al.| (2002).

Results

To identify factors associated with tick life stage abundances, several models were fitted
assuming the Poisson and the negative binomial multivariate distributions. Since the choice
of priors can have an important impact on the posterior distributions of the model parame-
ters and the performance of the model can be sensitive to the choice of the location-specific
random effects variance priors Gelman| (2006), we consided three inverse-gamma distribution

priors for sample site random effects term b, ~ N(0, W5, ), postulated through the preci-
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sion matrix Qb;l, that is Wy, ~ IW (ry,, Q,jkl) The fitted model included the intercept,
sinusoidal terms, season and habitat type fixed effects, month and year non-linear effects,
and the abundance sample site random effects. The model was fitted using three priors of
the hyperparmeter for the variance of sample site random effects. Figure [1| displays tick
abundance variations in the posterior densities of the hyperpriors. The plots suggest that
the Rue et al| (2009) prior (black curve) was better in modelling the tick life stages since
its log-likelihood curve was higher than the other curves. However, the DIC value of the
Lunn et al| (2012)) prior was smaller for the NB model compared to other models (Table [2)),
suggesting the results of this prior to be preferred for our multivariate data. We note that

the posterior estimates of the models are similar and are presented in Table [3|

----- r(1,5e-04)
————— r(0.001, 0.001)
| r(0.5,0.0164)

log(byly)
00 01 02 03 04 05 06

/ \
T T T T T I
0 10 20 30 40 50

by
Figure 1: Sensitivity analysis on the priors of precision parameter of fitted negative bi-

nomial model. The black, red and green curves are for I'(1,0.0005), 1"(0.001,0.001) and
I'(0.5,0.0164), respectively.

Table 3| displays the posterior means and the 95% credible interval estimates from the NB

model assuming three sample sites random effects priors. Since the results from the fitted
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Table 2: Summary of Poisson and negative binomial model DIC values for different priors.

DIC
Prior Poisson  Neg.Bin
I'(1,0.0005) -206894.20 41717.78
'(0.001,0.001) -206887.00 41706.62
I'(0.5,0.0164)  -206891.10 41716.74

models are similar, we only interpret the the results from the first model M1.

The estimated effects of the predictors of the tick abundance reveal no significant effects
due to the type of habitat. That is, the model estimated non-significant and higher [0.33;
CI:(-0.04,0.69) and 0.12; CI:(-1.03, 1.28)] log mean overall tick abundances in the grass and
woods habitat types compared to the edges. However, the model estimated significant and
higher [4.24; CI:(0.92,7.56)] log mean overall tick abundances in summer season, while non-
significant [3.34; CI:(-0.14,7.96) and 2.74, (-1.14,6.50)] abundances were estimated during
spring and fall seasons. The model estimated non-significant [-0.77; CI:(-2.99,1.36) and 0.02;
CI:(-2.11)] cosine and sine sinusoidal terms. This indicates the model’s inability to capture
the seasonal patterns in the data. The model estimated a significant [5.09; CI:(2.61,12.65)]
overall sample site random effect, which indicates differing overall tick abundances within
sample sites with similar environmental and temporal conditions. The model estimated non-
significant [-0.02; CI:(-0.41,0.33) and -0.04; CI:(-0.46,0.38))] correlations between larvae and
nymph and nymph and adult ticks, while non-significant [0.03; CI:(-0.44,0.54)] correlation

was estimated between larvae and adults.

Sample sites random effects

Figure [2| shows the caterpillar plot for the estimated sampling sites random effects poste-

rior means (the dots) and 95% credible intervals. A negative posterior mean value for the
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Table 3: Posterior estimates of the negative binomial models assuming M1: I"(0.1,0.0005),
M2: I'(0.001,0.001) and M3: I'(0.5,0.0164) priors in the precision matrix §2.

Covariates M1 M2 M3
Fixed Effects Mean 95% CI Mean 95% CI Mean 95% CI
(Intercept) -4.87 (-7.67,-2.07) -4.88 (-7.91,-1.86) -4.90 (-8.14,-1.65)
Season (ref: Winter)
Spring 391 (-0.40,8.13) 3.80 (-0.68,8.37) 3.84 (-1.17, 8.68)
Summer 424 (0.73,7.75) 425  (0.51,7.99) 425  (0.16, 8.34)
Fall 2.70  (-1.42,6.66) 2.66 (-1.71,6.90) 2.60 (-2.23, 7.19)
Habitat type (ref: Edge)
Grass 0.33  (-0.03,0.69) 0.33 (-0.03,0.70) 0.33  (-0.03, 0.70)
Woods 012  (-1.03,1.28) 012 (-1.03,1.29) 0.4 (-1.03, 1.33)
Cosine term 077 (2.99, 1.36) -0.84 (-3.35, 1.57) -0.80 (-3.70, 1.71)
Sine term 0.02  (-2.12,2.11) -0.02 (-2.46, 2.36) -0.05 (-2.75, 2.55)
Random Effects
by 5.00 (2.61,12.65) 4.82 (275, 877) 534  (2.04, 12.37)
Correlations
PLN -0.02  (-0.41,0.33) 0.00 (-0.24,0.25) 0.08 (-0.35, 0.54)
pLA 0.03  (-0.44,0.54) -0.01 (-0.26,0.23) 0.04 (-0.39, 0.50)
PNA -0.04 (-0.46,0.38) 0.03 (-0.38,0.46) 0.02  (-0.41, 0.46)

sampling site random effects implies that lower variations are estimated, while a positive
value implies higher variations are estimated within the sampling site. The model estimated
significant higher tick variation in Stephens tract (ST), Jacobson tract (JC), Newport News
Park (NN), Kiptopek (KP) and Hoffer Creek Wildlife Preserve (HC) and significant lower
abundances in Paradise Creek Nature Park (PC) and Weyanoke (WS). Non-significant lower
variations were estimated in Blackwater Ecological Preserve (BW), Oceana Dam/Neck (OD),
Back Bay (BB) and Langley (LLA), while non-significant higher abundances were estimated
in Cheatham Annex (CA). The results from the model suggest that ST and JC sampled
sites in Cheasapeake county, CA in York county, and KP Portsmouth county and KP in
Northampton county had higher tick variations, while lower variations were estimated in PC
sampling site in Portsmouth county and in WS sampling site in Norfolk county. On the
other hand, non-significant lower variations were estimated in Virginia Beach, Isle of Wight,

Hampton and York counties. The A. americanum is found throughout the southeastern
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United States, and its populations extend west to central Texas and north to Iowa (Childs

and Paddock, [2003).

Sampled Site
O w r O I
9 @ » > 0O

ror ——] 5
WS - |—.—| :
75‘.0 72‘.5 OTO 2?5

by

Figure 2: Caterpillar plots for predictors of the random effects of sampling locations with
posterior means (dots) and 95% credible intervals in Virgnia, USA.

Non-linear effects

Figure [3| shows the shared trend effects of months and years over the study period, 2009 -
2018. The month trend plot shows that the log of mean tick abundances increase during
the first six months (January to June), then decrease between June and July, increase be-
tween July and September, decrease between September and November, and increase from
November to December. The year trend plot shows a steady decline in the log of mean tick
abundances between 2009 through 2012, followed by a sharp decrease from 2012 through
2015, and then a steady decline from 2015 to 2017, after which a steady increase from 2017

through 2018 can be observed.
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Figure 3: Estimated shared month and year time trends for larvae, nymph and adult tick
life stages.

Discussion

This study used hierarchical dynamic Poisson and negative binomial count data models to
investigate the influence of temporal and location specific effects on the distribution of A.
americanum abundance in Virginia, United States. The model included the sampling sites
random effects term to assess tick abundance variations within the sample sites. The pro-
posed model was investigated through simulations at different locations and sample site sizes.
It is worth noting that for small samples sizes the random effects model proposed may be
susceptible to bias (Grilli et al., [2015). Furthermore, the model was fitted to the tick data
and results showed that there were no significant effects of habitat types. We also noted that
credible intervals were wider as a result of small n = 3 and m = 12 values. However, summer
season effects were significant and positive indicating an expected increase in tick abundance
during summer seasons. This aligns with the results in (Childs and Paddock! (2003); Kennedy
et al.|(2021)); Lephoto et al.| (2021); ?, where the larvae life stage abundance peaks in August,
the nymph stage in July, and the adult stage in June. The evidence of sample site abundance

variations was detected in Chesapeake, York, Portsmouth, Northampton, and Norfolk coun-
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ties suggesting potential disease hotspots. These results confirm the results in (Gaines et al.|
2014; Cohen et al., 2010)). The estimate of non-linear effects of the model showed an upward
monthly tick abundance trend from January to June, a dip between June and July, steady
peak between July and September, a sharp decrease between September and November, and
a steady peak from November to December. However, the year tick abundance trend showed
a steady decrease between 2009 and 2011, a steep decrease between 2011 and 2012, and a
sharp decrease from 2012 through 2018. These trends are well documented in Davidson et al.
(1994)); Kollars Jr et al.| (2000); Mangan et al,| (2018). Similar non-linear effects of month

and year were noted from our previous work using the same dataset (Lephoto et al., 2021]).

Conclusion

In this study, we investigated the effects of dynamic, static and random sample site effects
on the distribution of Lone Star tick abundance using the hierarchical dynamic Poisson and
negative binomial count data models. The simulation study showed that the proposed model
accurately captured the data for larger sample sizes. We conclude that application of the
proposed model to data did not fit well, and wide credible intervals were obtained. Although
the model showed insignificant relationships between tick abundance and the habitat type,
the model was able to reveal that significant higher tick abundances were expected in summer
compared to winter seasons. The model revealed that there were significant variations due

to the random sample sites.
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Abstract

There is a vast amount of geo-referenced data in many fields
of study including ecological studies. Geo-referencing is usually
by point referencing; that is, latitudes and longitudes or by areal
referencing, which includes districts, counties, states, provinces
and other administrative units. The availability of large geo-refer-
enced datasets for modelling has necessitated the development
and application of spatial statistical methods. However, spatial
varying coefficients models exploring the abundance of tick
counts remain limited. In this study we used data that was collect-
ed and prepared by researchers in the Department of Biological
Sciences from the Old Dominion University, Virginia, USA. We
modelled tick life-stage counts and abundance variability from 12
sampling locations, with 5 different habitats (numbered 1-5), three
habitat types; namely: woods, edges and grass; collected monthly
from May 2009 through December 2018. Spatio-temporal Poisson
and spatio-temporal negative binomial (NB) count data models
were fitted to the data and compared using the deviance informa-
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tion criteria (DIC). The NB model outperformed the Poisson mod-
els with all its DIC values being smaller than those of the Poisson
model. Results showed that the covariates varied spatially across
counties. There was a decreasing time (in years) effect over the
study period. However, even though the time effect was decreas-
ing over the study period, space-time interaction effects were seen
to be increasing over time in York County.

Introduction

Infectious agents that are transmitted by tick bites cause tick-
borne diseases, such as Rocky Mountain spotted fever, Lyme dis-
ease, Ehrlichiosis, tularaemia, babesiosis, Colorado tick fever, and
relapsing fever (Talleklint and Jaenson, 1998; Bowman et al.,
2004; Bratton and Corey, 2005). Ticks are a highly specialized
group of obligate, bloodsucking and non-permanent ectoparasitic
arthropods that feed on mammals, birds and reptiles in most
regions of the Earth. They are characterized by having relatively
large body sizes among the acari; ingesting enormous quantities of
vertebrate blood, digested tissues, or lymph; laying 200 to 23,000
eggs; and having moulting and reproduction regulated by blood
ingestion (Anderson, 2002).

In Europe, ticks have spread and become established in areas
that were previously not considered to be favourable for them. The
reason is not only directly due to climate change, but also due to
continuous changes in vegetation, landscape features and human
social habits which are leading to new areas of contact between
ticks, their pathogens and the interface between animals and
humans (Salman, 2012). Télleklint and Jaenson (1998) attribute
these changes to climate change, which has led to the Ixodes rici-
nus species being detected in northern Sweden where they have
now colonized relatively high altitude ranges in the mountains. In
African countries, Asia, the Near East and parts of Europe, serious
outbreaks of Crimean-Congo haemorrhagic fever have been
reported. This fever is said to mainly be the result of tick-bites by
Hyalomma marginatum, which is the most common tick species in
Mediterranean-type environments and in the African steppes, but
neither found in America nor Australia with absence of reported
cases there to date (Salman, 2012).

Amblyomma americanum (lone star tick) is a major human-
biting tick in eastern, southern and mid-western U.S. (Goddard
and Varela-Stokes, 2009). As in much of the world, tick-borne dis-
eases are an emerging public health threat in this part of the U.S.
(Sayler et al., 2017). According to Stromdahl and Hickling (2012),
people who live and usually visit state parks and national forests
in North America are at a higher risk of exposure to tick bites and
their associated pathogens than those whose activities keep them
outside of these areas. In this part of the U.S., there are only five
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tick species, i.e. A. americanum L., A. maculatum Koch,
Dermacentor variabilis Say, Ixodes scapularis Say, and

Rhipicephalus sanguineus, that commonly bite humans
(Stromdahl and Hickling, 2012; Nathavitharana and Mitty, 2015).
According to Childs and Paddock (2003), A. americanum is the
primary vector for Ehrlichia chafleensis and E. ewingii, and it is
associated with southern tick-associated rash illness and a number
of other diseases. Despite its prominence as a nuisance biter and
vector of human pathogens in the U.S., there is a lack of efforts to
define the species’ geographical range. This deprive us of informa-
tion not only about identification of human populations at risk for
A. americanum and its associated pathogens, but also in determin-
ing the landscape, host assemblage and environmental conditions
that are favourable for the establishment and rapid reproduction of
this tick species. It has emerged as one of the most important tick
vectors in the U.S. transmitting pathogens to both humans and
domestics animals (Childs and Paddock, 2003; Mixson et al.,
2006; Goddard and Varela-Stokes, 2009; Fritzen et al., 2011).
Hendricks et al. (2017) state that domestic dogs and cats are poten-
tially effective sentinel populations for monitoring occurrence and
spread of Lyme disease.

The focus of this study was to develop statistical models to
model tick count data that include areal referencing. We wished to
know whether the lone star tick life stage counts vary over time,
across, and between, counties in south-eastern Virginia in the U.S.
The lone star tick abundance is largely influenced by the availabil-
ity of suitable animal hosts for the life stages and by the availabil-
ity of habitats with physiographic features that offer protection for
hosts and guard against desiccation of the tick (Childs and
Paddock, 2003). Spatial and spatiotemporal statistics can reveal
important environmental and temporal characteristics, for exam-
ple, by incorporating time, space, and space time covariate interac-
tions into the model. The main objective of this research was to use
spatiotemporal analysis to explore environmental and temporal
relationships with tick life-stage count data using data collected
from 2009 through 2018. The knowledge and information
unpacked are as essential in tick-related disease surveillance, as it
is for effective planning and decision-making. This study could
also be of interest with respect to the use of the INLA package in
the R statistical software as compared to the Markov Chain Monte
Carlo (MCMC) in the WinBUGS statistical software package.

Materials and methods

Data source and study area

We used data collected and prepared by researchers in the
Department of Biological Sciences from Old Dominion University,
Virginia. U.S. Ticks were collected using standard flagging tech-
niques (CDC, 2020) along established transects and identified
species and life-stage according to (Sonenshine, 1979). Larvae-,
nymph- and adult-stage count data were recorded for each different
location, habitat and habitat type throughout the four seasons of the
year. Eight counties and independent cities were sampled in this
state, namely; City of Chesapeake, City of Hampton, Isle of Wight
County, City of Norfolk, Northampton County, City of
Portsmouth, City of Virginia Beach and York County (Figure 1).
For brevity, all will be referenced as counties. Data collection was
done at least once a month on varying days of the week and at 12
different sites in southeast Virginia from May 2009 through

[Geospatial Health 2021; 16:1004]

December 2018 (H. Gaff unpublished data). The data were collect-
ed at random from multiple areas referred to as habitats, and each
area was designated by a unique number ranging from 1 to 5 for
different habitats. The habitat type was used to designate the kind
of area (woods, edges or grass) where the data were collected. The
number of the week (from 1 to 53) was also recorded during data
collection. Week 1 is the first week of the year, and while fewer
ticks were observed in winter, the adult stage of 1. scapularis is
active in winter. To help align the information from year to year,
we recorded data collected during the last week of December as
week 53, which was also the first week of January of the following
year. We also kept track of the month and year for the data collec-
tion. The ten-year study period was grouped into two-year succes-
sive periods such that 2009 and 2010 were grouped together, 2011
and 2012, 2013 and 2014, 2015 and 2016 and 2017 and 2018. This
predictor variable was used to capture residual spatial effects on
the abundance of tick counts. The paired time segmentation was to
help find out if there were times when counts were significantly
high or low compared with the rest of the data. The above-men-
tioned variables were used as predictors of tick life-stage count
outcome data to find relationships using count regression models.

press

Model descriptions

Various statistical models have been developed to model count
data. In this study, we applied the Poisson and the negative bino-
mial distribution models. The classical Poisson model, which
assumes that mean and variance of the count responses are equal,
is often of limited use when the empirical data sets exhibit over-
dispersion or have more zeros than expected. This can be
addressed by introducing a dispersion parameter in this model or
by extension to models that can account for excessive zeros in the
data (Zeileis et al., 2008). As mean and variance are identical in the
standard Poisson model, this means that the dispersion parameter
is fixed to 1. In the presence of over-dispersion, the Poisson model
underestimates the variance and render all model-based tests more
conservative. Violation of the equal mean and variance assumption
indicates correlation in the data, which may affect both standard
errors of the parameter estimates and the model. In this study, the
tick count data showed greater proportion of zeros than that of pos-
itive counts, which is an indication of zero-inflation and over-dis-
persion.

The negative binomial (NB) distribution is commonly used to
model over-dispersed count data. A dispersion parameter in the NB
model caters for over-dispersion allowing the variance to be
greater than the mean while also accommodating the unobserved
heterogeneity in the data. In addition to over-dispersion, it is com-
mon that many empirical count data sets exhibit more zero obser-
vations than would be expected by the classical Poisson model. A
model capable of capturing both properties is the zero-inflated
Poisson (ZIP), which assumes that zero counts occur with some
probability, while a Possion (A) random variable is observed with
probability 1 — p. The ZIP distribution model approaches the clas-
sical Poisson distribution when p — 0. It is worth noting that zero
observations arise from both the zero-component distribution and
the classical Poisson distribution. The zero-component distribution
accounts for the inflated zeros that are observed in addition to
zeros that are expected to be observed under the classical Poisson
distribution. A more detailed account of the development of zero-
inflated models can be found in (Lambert, 1992).

Let y;,, be a tick count for life-stage m (m=1: larvae; m=2:
nymphs; and m=3: adults) in habitat-type k, habitat j and location i
modelled by the multi-hierarchical Poisson model. Under the
Poisson model, we assume that the dependent variable y,,, is
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Poisson-distributed, i.e.:

Yijem ‘ Wyjpom ~ pOisson(‘u’ijkm)

where p;,, is the mean tick count in the respective life-stage, habi-
tat type, habitat and location.

Let Xy, = (O Xjmts Xytmas---» Xyjtmp) DE @ vector of p continu-
ous predictors with the first component accounting for the constant
apd W in = (“{ymu Wiknzs+ -5 Wiam) b€ a vector of r categorical pre-
dictors. The link function 4(-) relates the mean t,, to the predic-
tors as follows:

h(tuijkm) = XJﬁm + W’ym (l)

where W = W, and X = X,,; while A(-) is the log link function,
B, an m-dimensional vector of regression coefficients for continu-
ous predictors; and y,, a vector of the categorical predictors.

In order to cater for non-linear effects of the continuous covari-
ates, the spatial autocorrelation, and temporal effects in the data,
we incorporated the random walk model of order 2 (RW2); the
convolution models; the linear trend over years; and the space-time
interactions into the model such that (Eq. 1) becomes:

h(tuijkm) = ﬁOm + Zpi:rﬁ(si’ xi/k)n) +.f;nantlr (m) +.fs‘pat (Sim) +4}§)ear(t) +4f1jr
(S, 1) 2

where the function f(S, x;,,) represents the space-covariate inter-
action; £, (m) a non-linear twice differentiable smooth function
for the continuous month covariate effect; and the functions f;,,
(Sin)s frear (£) and f;, (S, 1) functions for space, time (years) and
space-time interaction, respectively. The convolution model
assumes that the spatial effect can be decomposed into two; name-
ly, the spatially structured and spatially unstructured components.
This means that £, (S;,) = £, (Si) + funser (i) where m =1, 2 or 3
(Manda and Leyland, 2007; Ngesa et al., 2014; Okango et al.,
2015).

The spatially structured random effects account for the unob-
served covariates, which vary spatially across counties, while the
spatially unstructured random effects account for the unobserved
covariates that are inherent within counties or correlations within
counties, for example, the climate and common cultural practices
among other things. The spatially structured random effects are the
spatial autocorrelations and they are technically defined as the cor-
relation computed among the values of a single geo-referenced
variable that is attributable to the geographic proximity of the
objects, to which the values are attached (Cliff and Ord, 1981).
Moreover, f,,, (f) represents random time effects which can be
modeled as a first-order random walk (RW1) or a first-order
autoregressive process (AR1), while f; (S,, #)is a space-time inter-
action.

In the presence of over-dispersion, the Poisson model is
replaced by the negative binomial model, where the variance
depends on the mean as u(1 + u¥), and where ¥is an over-disper-
sion parameter, which measures the extent at which variance devi-
ates from the mean. We assumed that a tick count variable y;,, fol-
lows a negative binomial distribution, such that

yijkm | Auijkm ~ NB(.“” lII)

The mean function E(y;,,) = W, relates to the predictors in the
same way as that of the Poisson distribution model in Eq. 1. In this
study, a full Bayesian estimation approach was used, where param-
eters were assigned prior distributions.

OPEN aACCESS

Model diagnostics

The models were compared using the deviance information
criterion (DIC), which is obtained by adding the posterior mean of
the deviance that measures the goodness of fit to the number of
effective parameters as: DIC = D (6) + p,, where D is the posterior
mean deviance and p), is the effective number of parameters in the
model, which penalizes the fit for complexity of the model.
Spiegelhalter et al. (2002) state that p,, values less than zero indi-
cate substantial conflict between the prior and the data or that the
posterior mean is a poor estimator. The best model is said to be the
one with the smallest DIC value. Low values of D suggest a better
fit, while small values of p,, suggest model parsimony as discussed
in Spiegelhalter ez al. (2002).

Fitted models

Four spatio-temporal models were fitted in the R statistical
software, version 3.5.1 using the ‘/NLA’ package to predict the
effects of the ecological covariates on the distribution of larvae,
nymph and adult tick counts in the eight previously mentioned
counties of Virginia, U.S. Preparation, organization and merging of
the data with the map was done using the QGIS software, version
3.6.3-Noosa (QGIS, 2009). The first approach modelled the space-
covariate effects f(S;, x;,,), non-linear effects of the month covari-
ate, f,,.0 (M), the temporal time effects £, (f) and the space-time
effects f;, (S, #). This model (M1) does not consider the spatially
structured and spatially unstructured random effects and the three
life-stage counts were modelled independently as follows:

Mi: 10g(uijkm) = ﬁOm + Zip:l f(Si’ xijkm) +ﬁnonrh (m) +.fyear (t) +‘f1rt (Si= t)
3)

where m equals 1 for larvae; 2 for nymphs; and 3 for adults with
respect to counts. The second model (M2) is the same as M1 but
with spatially unstructured effects to cater for the unobserved
covariates that are inherent within the counties. The spatially
unstructured effects were specified by the identically and indepen-
dent distributed (iid) with the normal distribution.

M2: log(uijkm) = log(“[jkm) = ﬁOm + Zlilf(sf’ x[jkm) +f(m0nth) +f1‘mslr
(8) * frear (O + (S, 1) “4)

The third model (M3) is the same as M1 but with spatially
structured effects which cater for any unobserved covariates which
vary spatially across counties, specified by the conditional autore-
gressive model (CAR).

M3: 10g(ty6,) = 102(tt1) = Bon + X | F(S, Xyen) + fmonth) + £,
(S) + o () + 1S, 1) 5)

The fourth model (M4) is the same as M1 with a convolution
of spatially unstructured and spatially structured effects, which are
specified by the iid normal distribution and CAR model respec-
tively.

M4: IOg(Aui/'km) = lOg(Mijkm) = Bon + Z; 1S, xi/km) + f(month) + £,
(S) + L (S) + frear () + 13 (S;5 0) (6)

We used the Poisson and the negative binomial count data dis-
tributions and compared them using the DIC. We then interpreted
the results from the best performing models based on the DIC.
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Assessment

Before presenting the study results, we first performed an
exploratory data analysis and also compared all the models using
the DIC. We compared spatio-temporal Poisson models with their
corresponding spatio-temporal negative binomial models.

Exploratory data analysis

Table 1 shows environmental and time predictor variables used
in this study. Table 2 shows the number of positive and zero counts
in the data. It is obvious that the data have more zero counts than
positive counts for all tick life stages.

Our records show that the larvae were more abundant in the
environment than the nymph and adult stage ticks at all times. As
seen in Figure 2, the blue bars for larvae are on average, approxi-
mately 7 and 14 times taller when compared with the orange and
grey bars for the nymph and adults, respectively, during the study
period from 2009 through 2018.

Model comparisons

Table 3 shows the DICs for four spatio-temporal Poisson and
NB models, where the model with the smallest DIC is the one with
the best fit. As seen, all the spatio-temporal NB models have lower
DICs compared to the corresponding spatio-temporal Poisson

ral Poisson models in our case. We show the choropleth maps
(Figures 2-4) of all the models with the smallest DICs for the fitted
larvae, nymph and adult tick count data, respectively. The choro-
pleth maps show the space-covariate interaction effects for the
selected counties in Virginia. A yellow shade was used if the
effects are greater and black or dark shade if the effects were lower.

cepress

Larvae

The effect of location on the log mean tick counts was highest
in Hampton County followed by York and Chesapeake counties
(Figure 3). The effect was lower in Norfolk, Portsmouth and Isle
of Wight counties. Virginia Beach County showed the lowest effect
of the location variable. The effect of habitat was almost the same
across all the counties except for Isle of Wight County. The effect
of change in weeks was evident in York and Norfolk counties. The
effect of habitat type on the log of mean larvae tick counts was
high in Chesapeake County. The effect of change in season was
very low in Isle of Wight County compared to other counties.

Table 1. Predictor variables and their types.

models. M1 showed the best fit for the tick larvae count data com- Habitat Environmental
pared to the all the other models, which also suggests that unob- Habitat type Environmental
served covariates vary significantly over time. Similarly, M4 X -

showed the best fit for the nymph and adult tick count data. The Location Environmental
differences in the DIC values suggest that the spatio-temporal NB Year Time
model would be the best model compared to the spatio-temporal Month Time
Poisson model. This outcome also suggests that unobserved Season Time

covariates vary spatially across counties and over time.

Table 2. Tick counts in the data, 2009-2018.

Results
Larvae 726 3767
Space-covariate effects Nymphs 1770 2723
Spatio-temporal NB models out-performed the spatio-tempo- Adults 1365 3128

Table 3. Deviance information criteria values for spatio-temporal Poisson and negative binomial models.

Larvae 145020 281147.18 7179 12563.79 13.31
Nymphs 20637 1 29982.53 79.52 - -

Adult 10509 13990.35 62.55 - -

Larvae 145020 277483.97 73.81 12591.82 9.64
Nymphs 20637 2 30176.78 67.67 14203.41 49.58
Adult 10509 14308.39 62.55 10101.87 47.52
Larvae 145020 295800.95 71.16 12600.72 10.82
Nymphs 20637 3 34093.74 65.24 14518.67 4597
Adult 10509 14317.57 62.60 10101.87 47.52
Larvae 145020 277468.27 73.88 12591.73 9.64
Nymphs 20637 4 30176.53 67.64 14202.29 49.36
Adult 10509 14308.23 62.55 10100.97 4713

DIC, deviance information criteria; NB, negative binomial.
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Nymphs

The effect of location on the log mean nymph counts was high
in Hampton County and very low in Norfolk County compared to
the others (Figure 4). The effect of habitat was very low in Isle of
Wight County, and low in Northampton County followed by
Chesapeake, Hampton and Portsmouth counties. However, there
was high effect of habitat in Norfolk County. The effect of change
in week was very low in York County and Northampton County
but high in Portsmouth County. The effect of habitat type on the
log nymphal counts was evident in Chesapeake County but low in
Isle of Wight County. The effect of change in seasons was very low
in Isle of Wight County, while a higher effect can be observed in
York, Hampton and Norfolk counties (Figure 4).

Adults

The effect of location on the log mean adult counts was high in
York County, while it was generally low in other counties. The
effect of habitat was high in Norfolk and Hampton counties, but it
was a very low in Isle of Wight County. The effect of change in
week was also evident in the latter. A very low effect in this respect
can be observed in York County (Figure 5). The effect of habitat
type was very high in Chesapeake County and very low in York
County compared with other counties. The effect of change in sea-
son was very high in Norfolk County and very low in Isle of Wight
County. Other counties had low effects as compared to the effect in
the latter.

Map of Virginia Sampled Counties

A

[ sampled counties
[ Other counties

Ag

Figure 1. Map of Virginia with names of counties where ticks were sampled.

Tick counts over time
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m Larvae 5242 9724 10356 25058 21420 14824 15202 14572 11665 16957
# Nymphs 204 1618 3444 4682 2187 3527 1238 _ 1853 1048 _ 836
w Adults 341 1301 1464 2437 1328 1227 770 883 471 287

m Larvae ® Nymphs = Adults

Figure 2. Tick counts of larvae, nymph and adult species in Virginia, USA 2009-2018.
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The non-linear effects of the month

Figure 6 shows non-linear associations between time (month)
and larvae, nymph and adult tick counts. These figures give the
posterior mean (black line in the figure) of the smooth function and
their corresponding 95% credible intervals (red and blue lines).
From the figures it is evident that there is a non-linear relationship
between month and tick counts.

We could confirm the general changes along the seasons in the
study area. Thus we report the probability of observing larvae

Habitat on Larvae

Location on Larvae

0.15
{010
0.05
0.00
0.05
0.10
015

Week on Larvae

increases between January and April, fluctuates between April and
June and then starts to increase even further between June and
August. After those chances of observing larvae decrease until
December. The chances of observing nymphs increase slightly
between January and February, the number of larvae increases
abruptly between February and June, then decreases again between
June and August followed by a steady decrease between August
and September. From there, it decreases sharply between
September and December. The chances of observing adults
increases steadily between January and February, then increases

Habitat type on Larvae

Season on Larvae

0.010 0.00
0.005 0.02
0.000 0.04
-0.005 -0.06
-0.010 0.08
0.015 010
-0.020 012
-0.025 014

Figure 3. Choropleth maps showing the space-covariate effects on larvae.
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Habitat type on Nymphs
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-0.009
-0.010
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Figure 4. Choropleth maps showing the space-covariate effects on nymphs.
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Figure 5. Choropleth maps showing the space-covariate effects on adults.
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Figure 6. Non-linear effects of month variable on larvae, nymphs and adults 2009-2018.
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abruptly from February to May, steadily between May and June
and decreases sharply between June to September. The probability
then starts to increase steadily from September to December.

Space-time effects

Larvae

Figure 7 shows the mapped estimated residual spatial effects on
the abundance of larvae counts between 2009 and 2018. The residual
spatial effects that represent unobserved spatial factors either not
measured in the surveys or abducting the effects of cultural patterns
are evident. High effects were observed in Portsmouth, Chesapeake
and Hampton counties in 2009/2010 while the other counties
showed low residual spatial effects. Three counties showed
decreased residual spatial effects in the period 2011/2012 and these
effects were evident in Norfolk and Northampton counties. In the
period 2013/2014 the effects were evident in Hampton, Portsmouth,
Chesapeake and York counties. The effects were high in

Chesapeake, Norfolk and York counties 2015/2016, while they were
very low in Portsmouth County. During 2017/2018 all counties,
except for Isle of Wight and Portsmouth counties, showed high
effects on the abundance of larvae.

Nymphs

The effects on the nymph abundance decreased over the whole
study period, particularly in York County (Figure 8).

Adults

Residual spatial effects on the distribution of abundance of
adult ticks increased between 2009 and 2016 in York County, while
all other counties showed a decrease of spatial residual effects
throughout the study period 2019 to 2018. In York, a decrease in
residual spatial effects was only observed after 2015/2016 study
period. Higher residual spatial effects were evident in Norfolk
County during the periods 2009/2010, 2011/2012 and 2013/2014,
respectively (Figure 9).

Year 2011

Year 2013 2014

Year 2015 2016 __ Year 2017 2018 _

Figure 7. Choropleth maps showing residual spatial effect of larvae tick abundance 2009-2018.

Year 2009 2010 | Year 2011 2012

Year 2013 2014

Year 2015 2016 | Year 2017 2018

1.0
05
0.0
05
-1.0
-15

Year 2017 2018

Figure 9. Choropleth maps showing residual spatial effect of adult tick abundance 2009-2018.
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Temporal effects

For larvae, there was a steady decreased in the mean count
between periods 1 and 5, then a steady increase from period 4. The
graph indicates that larvae abundance declined between 2009 and
2016, after which there was a steady increase in the abundance lar-
vae ticks. The graph indicates that nymph abundance increased
between periods 2009 and 2012 then declined between 2012 and
2016, after which there was a steady increase in the abundance of
nymph ticks. For adults, the abundance was constant from 2009
through 2012, after which a gradual decline was observed from
2012 until 2018 (Figure 10).

Discussion

This study applied the Poisson and NB count data models to
tick count data with the aim to explore the influence of environ-
mental and temporal predictors on the distribution of tick counts in
Virginia, U.S. We relaxed the assumption that the relationship
between the predictors and the response variables in a regression
model are constant across the study region and over time. This
assumption is unrealistic for spatial processes as factors such as
sampling variation and different relationships across regions, for
example, attitudes, preferences, culture and others, contribute to
different responses to the same stimuli as one moves across regions
and over time. A frequent approach to spatial modelling dates back
to the work by Besag et al. (1991) which was extended by
Bernardinelli et al. (1995) to include a linear term for space-time
interaction. Many studies have relaxed this assumption, e.g.,
Assungao et al. (1999) introduced a Bayesian space-varying
parameter model to examine micro-region factor productivity and
the degree of factor substitution in the Brazilian agriculture;
Gamerman et al. (2003) developed a flexible modelling approach
for space-varying regression models; and Okango et al. (2015)
modelled the HIV and HSV-2 viruses using spatially varying coef-
ficient models. The Bayesian spatio-temporal process model was
used to allow covariates to vary spatially and over time. We spec-
ified the CAR prior for the structured random effects; autoregres-
sive of order one (AR1) prior for the temporal random effects; and
normal iid priors for the unstructured random effects. Non-linear
effects of the month variable on tick counts were also evident. As
a result, an assumption of linear relationship would have led to

Nymphs

# o

T2

misleading results and consequently to wrong interpretations.

The exploratory data analysis showed that more larvae counts
were observed compared with nymphs and adult tick counts. We
found that the effects of covariates on tick counts varied spatially
across counties and over time. Spatio-temporal models were pow-
erful, in a sense that they were capable of revealing county specific
effects of each covariate, county space-time effects and the effects
of change in time on the distribution of life-stages of lone star
ticks. We were able to show that tick abundance has been increas-
ing over the study time in Virginia, which confirms the previous
results by Lantos et al. (2015) that observed the significant expan-
sion of Lyme disease distribution in Virginia between 2000 and
2014, particularly southward into the Virginia mountain ranges.

It is clear that change in temperature affect tick numbers, such
that they decrease in winter (Linske et al., 2020). We confirmed
this unsurprising fact and noted also that larvae count remained
low up to May. Non-linear effects of the month showed that
nymphs and adults were observed in spring and summer, meaning
that the distribution of larvae would be expected to increase later
that summer and thus adults the following spring. This happens in
locations early summer thus determining the distribution of larvae
and adults in late summer and spring the following year, respec-
tively (Stein et al., 2008).

Our study also revealed that the effects of habitat type were
high in Chesapeake County. This could be because of the abundant
white-tailed deer population found in forests, farms, parks and
backyards throughout the Chesapeake Bay Watershed. The lone
star tick is said to be very aggressive and specific when looking for
hosts (Goddard and Varela-Stokes, 2009), but they are unspecific
during each life-stage, as this species is found on humans, domes-
ticated animals, ground-dwelling birds as well as on small and
large wild animals (Sonenshine and Stout, 1971; Kollars, 1993).
The white-tailed deer feeds on fruits and vegetation that are avail-
able to them each season, which makes it simple for ticks to attach
and feed from these animals. During warm seasons (summer and
spring), these animals feed on green plants, during fall they feed on
nuts, acorns and crops and in winter they feed on woody vegeta-
tion, such as bark, twigs and buds of hardwood and pine trees,
where indeed ticks are found (Willis et al., 2012).

Limitations

The failure to account for excess zeros in the discrete distribu-
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Figure 10. The temporal year random effect for the cumulative best fitting model. Black line = the estimated posterior mean; blue and

red lines = the upper and lower 95% credible interval.
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tions was a problem. The study focused only on the univariate
independent models rather than joint multivariate modelling of
counts. In the future, zero-inflated models should be developed
and applied to the data. Covariate-time-space interaction effects
could also be incorporated. This interaction is able to show the
effects of predictors of tick life-stage counts in space and over
time. Due to limited data, the study only looked at three environ-
mental and two time predictor variables.

pagepress

Conclusions

Tick counts are influenced by environmental factors and sea-
sonal changes. There is no dominant weekly influence or observ-
able change in the number of ticks due to the changing weeks. We
conclude that tick numbers depend on the type of habitat where
they are closer to their hosts and the time when their hosts are more
likely to be targeted. Grassy and wooded places are the most liked
by ticks as hosts feed and live in such places. Larvae counts are to
be expected during summer between June and August, while
nymphs are found in abundance between February and May, while
adult counts appear mainly between February and May.
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