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ABSTRACT

The effects obcaleon the analysis of spatial data, often referreastthe
modifiable areal unit problem in spatial studisspme of the issues often encountered in
small area health models. These spatial effecdsae are also seen in the areas of
disease mapping where data are usually availaldeunts. Often there is a need to
consider the different scales of aggregation tkest vithin count data, since inferences
based on analyses can vary if we change the defirof the unit of analysis. This thesis
provides a framework that describes the distrilvutibrelative risk across a hierarchy of
multiple scales. With the help of simulation stiiere explore a methodology that
allows us to estimate and compare measures oiveeldk in Poisson-based models for
count data. The proposed method will be illustratedugh the Georgia Oral Cancer data

set (2004), which has count data at two levels:Boand Public health district.
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CHAPTER1

INTRODUCTION
Spatial health studies focus on describing and nstaeding the spatial variation in
disease risk in geographically referenced data. @tiee main focus areas is disease
mapping, where the general objective is to des¢hbeverall disease distribution on a
map ,and highlight areas of elevated or loweredatity or morbidity risk.

Disease mapping, sometimes known as ‘spatial epalegy’, is commonly
defined as the estimation and presentation of suspnmaasures of geo-referenced health
outcomes, and has a long history in public heaiththe study of diseases in human
population. The goals of disease mapping incluagka description of health risk,
hypothesis generation, geographical allocationeailth care resources, and assessment
of spatial inequalities and estimation of backgibuariability in underlying risk in order
to place epidemiological studies in context. Iredse mapping the spatial distribution of
the disease is of particular importance (Lawsor320@ne of the main questions that
arises is how best to analyze the incidence orgbeece of disease when we are given
geographical data at different levels of aggregafeng., county level data, district level
data, state level data, etc.). Different aggregdtwels in public health data are
commonly available, but seldom studied in tandere.n&ed methods for ascertaining

how regional variations in health outcomes couldtesto sub-regional outcomes in geo-



referenced data. Many studies use Bayesian hiecatechodels but do not address this
aggregation issue.

The Bayesian approach using Markov Chain MontedQ&ICMC) algorithms
produce stable estimates in the spatially arramggidns. It allows us to investigate the
unexplained heterogeneity in the disease maps\ardaccounts for the spatial and
regional variability which have substantial effeatsthe relative risk estimation. This
results in smoother estimates as the standardsaarerstabilized over space. Smoothing
makes it easier to visualize the pattern of diseéstebution.

The geographic data in Public Health studies isroétvailable at different spatial
units or at different scales of aggregation ,arcbi®monly observed in counts for a set
of regions. Spatial correlation is known to existeen these different scales and needs
to be accounted for in the analyses as it violdtesassumption of independence among
observations. Due to correlation we may also léstssical precision because the
effective sample size is reduced when the samphages redundant information. Spatial
correlation occurs when neighboring areas have samigrity in their outcome ,and
when a dependency exists between the values afableameasured at these proximal
locations. Many approaches that account for thigetation in Bayesian statistics make
use of models that are log linear in risk and #ilatw for the inclusion of uncorrelated
random effects and correlated spatial random effddte inclusion of these two
components expresses the overall spatial dependéseeved in the data.

One of the standard spatial models that is widegduand that includes these two
components is the conditional autoregressive (C@BJlel. It was first introduced and

studied by Besag et al. (1991). The CAR modeldsaase mapping technique that is



used for spatial smoothing of relative risk. Typligahis method borrows strength from
neighboring areas and helps in smoothing the ldisalase rates towards the local,
neighboring disease rates thereby reducing thawegiin the estimates (Venkatesan et al
2012). This is particularly useful when estimatthgease risk in small areas as the direct
estimates are likely to yield large variances beeaf the small sample sizes in these
areas. For example, the standardized mortalitg vafiich is a common measure of the
relative risk (calculated by dividing the obsersshths by the expected deaths) tends to
have large variances in small areas. This is bectgsexpected value is small in regions
with small population size. On the other hand theance in the SMR is small where the
expected value is large due to larger populatine.sihis makes the interpretation of the
SMR ambiguous. One approach to overcome this proidg¢o employ the CAR model
with random effects as it may help reduce the nd@yeadding random effects in the
model we are inducing a connection among the latative risks, which helps in
smoothing the risk estimates, especially wheredtes are available in counts in small
areas.

Geographic data is often aggregated to presemetudts of a study in a more
useful context and to examine if potential spatggociations or relationships exist. The
way the data has been aggregated has an influentte esults obtained from the data.
This brings us to the phenomenon of modifiable lared problem (MAUP) that
introduces a potential source of error ,and affdetgesults from spatial studies when
aggregate data is used. The MAUP has importanti¢atpdns because, if the arbitrarily

defined units of analysis change shape then tlgenfys on these units change as well.



Chapter 3 discusses the MAUP further and explamgihcan be taken into
consideration in order to prevent its effects froiasing the results.

The MAUP has two main aspects - the scale effedtla® zone effect. This thesis
addresses the scale change issue (change of sppplalem) where the results change
based on the data that are anal zed at highewer levels of aggregation. For our study
to address the scale change issue we used thei&&vey Cancer data set that consists
of aggregate data at two levels- the Public hg&lth) district level and the county level.
The PH level data is aggregated over county leatd ¢hnd each PH district contains a
unique set of counties. It is possible that theightrbe some grouping effect observed
for the counties that lie within a given PH distrihus a spatial correlation exists
between these two levels. To evaluate the two sfédets, we fitted five variations of
the Poisson model that included correlated andweleded random effects. The five
variations of the models differ in the way theilatere risks have been aggregated for the
two scales. This approach is an extension of pusvapproaches used to model
Multiscale data in small areas. All our analysigevearried out via the BRugs package,
which is one of the statistical software that inéégs R and OpenBUGS ,and comes
under the umbrella of the BUGS project.

The BUGS (Bayesian inference Using Gibbs Samplingject provides flexible
software for Bayesian analysis of complex sta@dticodels using MCMC methods.
WiIinBUGS and OpenBUGS are the two main versionsW&B that provide easy access
to fit a range of hierarchical or multilevel modéss spatial data. WinBUGS also
includes GeoBUGS, which allows mapping of the fitpmrameters. These two BUGS

packages can also be integrated with the R padkagés freely available and has the



functionality of interacting with MCMC programs. BBs which is a group of R routines
that calls OpenBUGS from R has been recently useéveral simulation studies

(Cocchi, 2010; Calogine, et al. 2012, Latouchal e2007). The features of BRugs allow
users to analyze graphical models and it can by éaplemented through R. Thus,

using the capabilities of these statistical and matational software packages, we can set

up simulation studies to develop models that bestidbe our study data.

The overall chapter structure of this thesis ifodews:

Chapter 2 presents a general introduction on Bagespatial models and focuses on
Conditional Autoregressive (CAR) models that aredufer risk estimation. In Chapter 3
we describe the scale change issue that mainkysainsspatial analysis when data are
observed at different levels of aggregation. Wecdles our methodology and
computational approaches that include the scenfotdke simulation, along with
application to the Georgia data set, in Chaptdihé. comparison of the simulation results
and some discussion are detailed in Chapter 5ré3gand tables are presented in

following sections ,and finally the appendix contathe code used for simulations.



CHAPTER 2

BACKGROUND ON BAYESIAN SPATIAL MODELING
Bayesian methods offer a flexible and robust apgrda disease mapping, spatial
analysis ,and decision making. The Bayesian apfprstaets with the formulation of a
model that we hope is adequate to describe thatsituof interesRadford 1998). The
fundamental idea involving this approach comes ftbenlikelihood, which is a data
level model that is dependent on parameters. Tha@saneters have prior distributions
and are hence allowed to be stochastic. This leadsatural parameter hierarchy. The

likelihood for data, conditional on parameters, bardefined as

L(yl6) =12, f (v:6) (1)

wheref is ap length vectop: {6, 02, .....0p} andf(.].) is a probability density function
and is a function of the observed sampie {The data are assumed to be conditionally
independent, (i.e., the sample observed valugsgiven the parameters, are
independent), which makes it possible to take tbheyrct of individual contributions.
This conditional independence is one of the impuréssumptions of Bayesian disease
mapping (Lawson 2013).

In Bayesian analysis all unknown parameters arsidered to be random

variables. Hencprior distributionsmust be defined initially for parameters, as they
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express the information available to the investighefore any data are involved in the
analysis. The prior information defines a randomalde that can take on a set of values
with specified probability.

After analyzing some data we then apply Bayestaulget a posterior distribution
for the unknown parameters, which accounts for lieehprior and the data. This
posterior distribution helps in predicting distrilauns for future observations. The
Bayesian method thus proves to be advantageousdeeitallows us to incorporate the
prior distributions that account for the uncert@stelated to the models and the
parameter values. It also allows the specificatibgpatial dependence structures within
prior distributions and hence simplifies spatiahlgsis.

One of the main goals of model-based Bayesianenfa is to calculate the
posterior distribution f(4]y,) for the parameter vectérgiven the observed dagaThis

posterior distribution can be given as:

f(0y)=CERE2 o (y10) 1(0) 2)

The posterior distribution includes both the pf{®) and the observed ddi|d). The

likelihood forf(y|f) can be given as:

fv16) =TT f (v:16) 3)



Usually a prior mean and variance is specifiechenrior distribution. The prior mean
provides a prior point estimate and the prior vazeagives us an idea of the uncertainty
around that estimate. The prior variance is sathagher value if the investigator
assumes that the point estimate may not be accamdtsets it at a lower value when the

estimate is accurate.

Prior information in some cases may be availaliteeeifrom previous studies or
from literature ,and it helps in making importamfierences about the unknown
parameters. It is hence advantageous to incluaepribr information in the form of prior
distribution if it is available to the investigatdn order to complete the specification of a
Bayesian model, one must specify both the pridridigtion and the likelihood. When
the two components have been specified, we calyzantie posterior distribution using
density plots and descriptive measures. On derithegposterior distribution it is
important to examine how the form of the postedistribution needs to be evaluated
(Lawson 2013). Examining the posterior distributida posterior sampling gives us an
idea about a variety of features of the postenstridution. Statistical inferences can be
made by examining the different characteristichf distribution (e.g., the posterior
mean, median or mode can give us an estimaig dhe variance of the distribution can
tell us about the uncertainty in our estimates.sTime Posterior distribution summarizes

the current state of knowledge about all the uatequantities in Bayesian analysis.

Due to complexity of spatial posterior distributspiit is often necessary to use
numerical approximation algorithms to evaluate pet@rs . In order to obtain more
precise estimates of the posterior distribution yreamalyses make use of simulation

methods that include sampling algorithms (Chen 208@ice the data are often available

8



at multiple levels in disease mapping, it is congahto have a flexible posterior
sampling procedure that allows us to examine atyadf complex models. One of the
commonly used simulation methods is Markov chaimiddCarlo (MCMC), where
samples are taken from a distribution and each kmhvalue usually depends on the
previous one, it thus forms an iterative simulatimm a Markov chain. The MCMC
methods are popular because they provide an aecestimate of the posterior parameter
guantities. Many statistical software packages 8ke5, R, SPSS, etc. now incorporate
MCMC methods to analyze probability models. WinBUiG&nother general purpose
software that uses simulation based MCMC methodis Bayesian statistical models
(Lunn, et al 2000). It examines the models as hibras with parameter nodes, and each
parameter is represented as a stochastic node Wasch distribution, a constant node, or
a logical node (Lawson 2013).

WinBUGS uses information about the likelihood amgpto sample from the
posterior distribution. On obtaining large enougmples we might be able to get a very
good approximation of the posterior distributioleTprogram in WinBUGS requires
three sections: stating the likelihood and prioceading in the observed data ,and entering
a set of initial values for the parameters thaegithe MCMC algorithm a set of starting
values for the parameters. When estimating thespostdistribution we can use a burn-
in period of initial samples that we can then didoghen estimating the posterior
distribution. This allows the MCMC sampling proceelto stabilize. Before collecting
the samples for the posterior distribution it igortant to check convergence.
Convergence helps us examine if our samples anetine correct distribution. Once

convergence has been achieved samples resemiidaaracatter about a stable mean



value (Figure 2.1). If we are running more than onain simultaneously, the trace and
the history plots show chains in different coldfgg(ire 2.2), and if all chains appear to
be overlapping one another then we can be somesghain that convergence has been
achieved. We can also look at the Brooks-GelmantR{BIGR) diagnostic that is based
on the ratio of between-within chain variances.ddnvergence the ratio of between-

within chain variances converges to 1.

beta[1]
9.0
85 r
80
75
T

1 250 500 750 1000
iteration

Figure 2.1orwergence plot for one chain

betald chains 1:2
300.0F
250.0F
200.0F
150.0F

100.0F

iteration

Figure 2.2. rMvergence plot for two chains
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At times convergence is not easily achieved; sohtleeoreasons could be that the model
may not be fitting well, there could be errors mgramming like syntax mistakes, or the
starting distribution or values are causing slow@rgence. In order to improve the
convergence process, we can standardize all thebles by subtracting them from their
sample means and then dividing by their standaatsrthis may speed up the

convergence by decreasing the posterior correldigtween parameters.

Often if the initial values are near the posteriodes convergence occurs more
quickly, so we may want to select good initial \eduOften the models just take a long
time to converge so before we implement any otbehnriique to get better convergence
we can just let the model run for a longer timeteAtonvergence is achieved, further
iterations are required to obtain samples for pastenference. Since MCMC chains are
dependent samples, the autocorrelation will infagehow many iterations are needed.
Typically the mean or the median is reported fahgaarameter of interest as the point
estimate. The 2.5% and 97.5% percentiles of theegos sample for each parameter give
the 95% posterior credible interval. Based on tirarearies of the posterior distribution,

we can address questions by investigating the sampl

2.1 Bayesian Spatial Models

The conditional nature of geographic data in diseaapping makes it suitable to a
Bayesian hierarchical model, with parameter estonaaccomplished via MCMC

methods. The spatial correlation relates to tha tlat areas close to each other in space
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will experience similar outcomes; this correlationst be accounted for in spatial
analyses. A simple way to incorporate the corrdlatecorrelated random effects in the
analysis is to include them in the model. The ram@dfects are commonly represented
asuy; andy; in spatial modelay; represents the spatial random effect that captbhees
spatial dependence between areas vamgthe independent random effect that captures
geographically unstructured heterogeneity amongsaf€ou, Zhou 2011). A flexible

way for the inclusion of these terms is to incladeg-linear term with additive random

effects (equation 4) (Lawson 2013).
exp {x; B+ u; + v;} (4)

wherex; f is the covariate component ,amcandv; are correlated and uncorrelated
heterogeneity, respectively. Both of these randtieces have separate prior
distributions. The spatial random effecusually has an intrinsic Gaussian (CAR)
distribution or a fully specified multivariate noatprior distribution whereas the
independent random effegt has a gamma or beta prior.

Often there is unobserved confounding present wihstudy area ,and it may not
always be possible to obtain prior information attbese unobserved effects. Thus, it is
necessary to include both of the correlated andmelated random effects in the model.
The sum of these effects is an important compobecduse we are interested in the total
effect of the unobserved confounding. A CAR modsldpatially correlated effects well.
It's also possible to include uncorrelated effatthe same CAR model, such a model is
called theconvolutionmodel. Theseonvolutionmodels employ a common disease

mapping technique that is used to obtain smoottivel risk estimates. This method

12



helps in reducing the variance in the estimatelsdyyowing information from
neighboring areas and aids in producing more stdilmates. This is particularly useful
for data from small geographical areas where slegstimates have larger standard
errors due to the small sample sizes as comparthe targer areas.

In WinBUGS the CAR model is fitted as the car.nd{maistribution. It requires
an adjacency vector and a list of the number ajh®ars for each region. Equation 5

gives the common syntax for the CAR distributioVWmBUGS, wherau is the spatial

u[1:m]~car.normal(adjc[],weic[],numc][],taul) (5)

random effect anchis the number of counties or Public Health distti©nce the model
has been specified and fitted, we can output paerestimates and statistics derived
from the chains such as quantiles. We can alsarotitea Deviance information criteria
(DIC) for the models which we can later use asraparison tool for the goodness-of-fit

for the models.

Using the simulation capabilities of BUGS packagéh R, we can evaluate the
statistical properties of different models unddfedent scenarios. These scenarios
include using risk estimates (or other parametimeses) in the model that are different
than the ones observed. This would give us anaflbaw the statistical properties of

models may change when put to test under varicersasios.
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CHAPTER 3
SCALE CHANGE ISSUE

The modifiable areal unit problem (MAUP) that asise spatial analysis uses units of
analysis at aggregations higher than incident IéMat MAUP often arises when
aggregate units of analysis are arbitrarily produag the study investigator. A special
case of the MAUP is the concept of ecologic fallagliere the issue arises of making
inferences at an individual level from aggregatedi addition to the inferences based
on such data, the MAUP also affects the analysdduding correlation and regression

(by sometimes inflating the coefficients (Armhei®o5)).

The MAUP can be broken up into two major effeti® scale effec@ndthe
zoning effectThe term was first introduced by Openshaw & Ta{l®79) to describe
the effects of these two problems. Huoale effects concerned with how the scale of any
given data impacts the way in which they are arelyand interpreted. Tronal
probleminvolves keeping the same scale of research langthg the actual shape and
size of the areas of research (Jones 2011). Ody seals with thecale change issue,
which is known as thehange of support problem Geostatistics. The study focus is
primarily on multiple scale analysis for diseastadssing the Georgia Oral Cancer data

set that includes 18 Public health districts an8l d&unties, as an example.
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3.1 Background on Scale Change Issue

The Change of support probleor thescale change problem concerned with different
statistical inferences and estimates that are geeteby the same data when it is
aggregated into different spatial resolutions, estly when small areas are aggregated
into a larger unit. Some studies have suggesteladstto incorporate trsxale effects

within a Bayesian framework (Louie and Kolaczyk 80Dee et al., 2009).

In a study conducted by Gelfand et. al. (2005)age3ian Kriging approach was
used for thehange of support probleasing spatio-temporal data. They investigated the
relationship between ozone exposure and pediaticra. Their data set consisted of
ozone levels in Atlanta, Georgia metropolitan ar@ae ozone measures were available
from 8 to 10 monitoring sites ,and the relevanttheautcome data was available only at
the zip level. In order to assess the associdtween pediatric asthma and ozone
exposure, the issue of the mismatch for the supgddhtese two variables (zip level scale
for asthma and ozone level scale for ozone exppbkackto be taken into account. They
used noninformative priors within the Bayesian Gears process so that their results
would resemble those of a likelihood analysis. Talksp proposed a simulation approach
that would allow prediction from points to poinpgints to blocks, blocks to points and
blocks to blocks dat@elfand 2000) using simulation based models. Ovérair

methods included the Kriging approach within they&aan framework.

In addition to the Kriging procedure another commgpproach to th€hange of
support problemn linear spatial statistics is to model the sgdautocorrelation of the

variable observed at different spatial scales.dteal. (2009) presented a novel approach
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for theChange of support probleasing nonlinear Bayesian Maximum Entropy (BME)
approach which is an extension of linear spatatisics ,and that provides a nonlinear
integration of data reported at different scaldgeylapplied their approach to the
problem of mapping childhood asthma across Norttoli2e that included prevalence
data aggregated over counties together with thee alattined at the school district levels.
Their work provides a methodology that complemémésarea-to-point Kriging method
which involves integration of disease prevalenda dallected at different scales. The
data observed at large scales (at county level)madeled as soft data ,and the survey
data collected as a part of North Carolina Schath&ka Survey (NCSAS) was modeled

as hard data.

The BME approach they presented included two stageedures: the prior and
the posterior stages. The prior stage includestt@poration of general knowledge
which may include summary statistics, scientifiwdaetc., and are usually computed
from any prior information available to the invegstior (like the prior distribution). The
posterior stage includes incorporating specificidealge that contains the on-site
measurement (including the hard and soft data). @ttee three methods of analysis
they used accounted for the combination of the hadisoft data ,and were analyzed in a
linear spatial Gaussian model. They found thatriéshod led to more precise estimation
of the spatial distribution of childhood asthmavalence as compared to the other
methods they used which did not account for theake effects (of hard and soft data)

together.

An aspect of their work that can be investigatetthéssmall number problem or

small area problem that leads to noisy spatiafitigion of observed disease rates. Their
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study does not address this issue because thdgmegaf asthma among children in
North Carolina is comparatively higher than premakeof other diseases and hence is not
classified as a rare disease. The small area pnoldes been discussed widely in many
studies and most of the results point towards a&Bay framework to smooth out the
noise due to small numbers. Using a similar apgr@ascabove, with Bayesian

hierarchical modeling we can account for the dédferscale effects for disease counts in
small areas. The following section describes tlodlem formulation for my thesis and

the potential approach to address this problemdoaserevious methods.

3.2 Problem formulation

Changing the support of a variable typically creaeew variable by averaging or
aggregating over an existing one. The new varishlelated to the old one but has
different spatial and statistical properties the¢ahto be accounted for. The concept of
scale chang@lays an important role in analysis and inferenespecially when multiple
scales are present in the data. It is also impbttaaccount for the linkage or the relation
between these scales in the analysis. Many Pulgladthl policy decisions are based on
statistical associations obtained from the analysspatial data available at multiple
scales, it is therefore important to account fertthese effects in analysis. For a given
data set there could be multiple aggregation leyald generally these levels are nested
in a hierarchical way. Multiscale analysis is timegded to quantify the useful

information that may be present in the data at ntoe just one level of aggregation.
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There has been moderate consideration in previodses and literature
regarding the roles that aggregation and scaletsffgay in spatial analysis. Several
studies have used the Kriging and Cokriging apgrda@address this issue. An
alternative approach, which is an extension antatran of these methods, is to use
Bayesian Hierarchical models for Multiscale dathisTmethod allows for the spatial
dependence as well as accommodates covariatestrétethese in the models. It also
helps us deal with the problem of overdispersiomadeling count data for small areas
by allowing us to include random effects. Thesaloan effects also account for any

unobserved confounding in the data.

Louie and Kolaczyk (2006) introduced a Bayesiam@aork for count data that
helps in generating informative disease maps acnusisple scales for a given data set
and it also helps in describing the distributiordisease risk for these hierarchical scales.
They used an extension of the Poisson-based malitispatial process models for count
data in order to create disease maps. They dewklomemultiscale SMR estimation
strategies that were distinguished by whether fipetparameters are random or fixed.
Using empirical Bayes estimation, they consideneeldf hyperparameters, and using a
fully Bayesian inference, they examined the usewéfilom hyperparameters. They also
computed relative risks under a hierarchical Ba3@isson lognormal model where
Y~ Poisson(u,) and the log spatial mean is expressedlag u, = log e, + a +
u, + v) wherea is the overall log relative risk ang (with Gaussian prior) aneg (with
CAR prior) are the random effects that captureut&ructured heterogeneity and extra-
Poisson variation, respectively. They used theEM8teria (integrated mean square

error) to compare their three SMR estimators. Thesults indicated that the empirical
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Bayes estimator for SMR is better than the fully®&saan estimator where the risk is
elevated. They also noted that when the spati&tet of risk elevation were nested the
multiscale estimators are better than the log nbmaalel but when the spatial patterns

were not nested the log normal model performecdthett

In another study conducted by Louie and KolaczydO@), they presented a
framework to model multiscale incidence data thatn extension of their above study of
multiscale disease mapping. The basic idea ofstinidy was to compare Poisson models
within a collection of hypotheses to find patterm$ocalized disease variation. They
suggested that this could be accomplished computdty using specified values for the
hyperparameters and prior probabilities given lgyittvestigator for hypotheses. They
used two set of tests: one aimed at detectingrarpitieviations from uniformity and the
other test was aimed at detecting local elevatiomsk within the Bayesian framework.
The multiscale testing approach they use is ana®¢mthe Bayesian wavelet shrinkage
method that is based in coefficient by coefficiegsting in the space of wavelet
coefficients of observed data. Their methods fodusedetecting potential anomalies in
aggregate disease incidence data to find devi&toon the uniformity in relative risk
taking into account the expected counts. The metihey propose can also be used to

identify the locations and scales of isolated disedusters within a spatial region.

The framework they present on Bayesian disease imgappn be further
extended for estimating relative risk in Poissosdabmodels for count data. Our study is
motivated by their use of Poisson log normal modeksstimating the relative risk for

data available at multiple scales. Many studiesHagked at multiscale modeling of
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spatial data within the Bayesian framework, but téwuhem address the multiscale issue
in small areas (Louie and Kolaczyk 2006; Lee ¢t24l09; Louie and Kolaczyk 2004,
You and Zhou 2011). Also, the methods proposed &gynof the previous studies
involve complex statistical and computational teghes that may not always be easily
accomplished. Taking into account the need for Bmgnd more user friendly methods,
we propose the implementation of simple log lindaisson models to fit multilevel data

,and to obtain smoother risk estimates for smahsior counts.

This thesis provides a framework to address thexctffof scale on the analysis of
spatial data in particular the Georgia Oral Canle¢a ,and also presents potential ways
of describing the distribution of relative risk ass a hierarchy of multiple scales. Within
the Bayesian framework and with the help of simafastudies we explore a
methodology that allows us to estimate and compeeasures of relative risk in Poisson

based convolution models.
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CHAPTERA4

SIMULATION STUDY

4.1 Motivation

We conducted a simulation study in BRugs to illagtithe potential of our multiscale
models in integrating the two scale levels for@eorgia data set. The simulations were
conducted under two scenarios of relative risksx@mine how the fitted models perform
under these specified conditions. One of the objestof the analysis is to model the
relative risk in our study area by linking the tacale levels in the model, and also to
analyze the two scales separately in a model. @feiatluded correlated and
uncorrelated random effects observed at these gafipa levels. The addition of these
components captures the unobserved confoundingtet@ad the uncertainty related to

the models.

Some of the standard methods used to estimaté/eetegk rely on smoothing
techniques that involve additional assumptionsioluide additional model components
like random effects. In a multiscale models stugy buie et. al. (2004), a framework
was introduced that allows one to derive an intatee sequence of informative disease
and confidence maps across a hierarchy of muksipdial scales. They illustrated their
methodology using tract count data on Gastric caimc€uscany. They used the

multiscale extensions approach of the canonical SkRstic to estimate measures of
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relative risk in Poisson-based models. Most oftfevious efforts in multiscale analysis
have been directed towards incorporating some serseatial distribution so as to
control for the spatial variation in the ‘at-rigkbpulation. Our current work is an
extension to previous approaches where we fit ®pasate models for the two different

levels of the data and also fit joint models witmtextual effects.

4.2 Georgia Oral Cancer Data

The Georgia data set contains the counts of oraderadeaths as well as the expected
rates for the 18 PH districts and 159 counties f2@®4. Each of the 159 counties falls
uniquely and completely within a given PH distdcte to which we might observe some
grouping effect for the counties that lie withiwliatrict. These PH districts are the
administrative units that provide health serviddse Oral cancer deaths are the outcome
of interest. Figure 4.1 shows the 18 PH districid the 159 counties of the state of
Georgia in the US. The data can also be found erffom OASIS which gives access to

datasets from the Georgia Department of Public tHehttp://oasis.state.ga.lisl he

expected rates for this data were calculated flmarstatewide rates and were applied to
the counties and PH districts. The expected ratethé counties range from 0.089 to
38.19 with a mean of 2.59 ,and the expected ratehé districts range from 6.65 to

40.28 with a mean of 23.

This spatial data is observed over a regularly spaet of points, i.e., it has a
regular lattice structure ,and has a reasonaldglaet of counties. These counties have

relatively small areas and the disease counts aesuned in these areas. Since the
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counties have similar spatial shapes we can condiderse designs for the spatial

clusters, thus making this data a good test beddtuate the multiple scale effects.

The data is reported at two aggregation levelscthmty level and the PH district
level, withyf, i= 1,....,159 ang//", j=1,....,18. In this casg/" = ¥; . ; ¥{ whereyf is
the county level count of disease @:fd’ is the PH district level count of disease that is
aggregated over the counties. There are sevemhfmtways of linking these two scales

in the models. In our study we analyze five of éheariations that are described in the

following sections.

4.3 Models Considered

We used the Bayesian modeling approach and compawddls using DIC. It is
commonly assumed that counts of a disease withall sreas have Poisson distribution
with meaned; . Soyf has a Poisson distribution with expected vade i.e., yf~
Pois(g0;) whereg® is the expected county level count of the diseask),®is the relative
risk for the counties. The counts have a joint piolity of arising based on the
likelihood L(y, 8), which are the Poisson probabilities for eachhefriegions. It also
gives information on how likely the data are gitka expected ratesy), ,and gives us

the most likely values fa# for the observed data set.
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Figure 4.1 State of Georgia, US: Public Healthratisnd country boundary map
(Lawson 2013)

A useful property of the Poisson distribution iattthe sum of independent

Poisson variables also has a Poisson distribuitioine case of this data, since Nfé"
are aggregated over tiyg, theyf H disease counts also have a Poisson distributios. T
Georgia data is defined at two scale levels, wfththe county level anyl}D " the PH

district level. The general model could thus beten asy| ~ f; (uF; ;) wherel, is the
county level, ory?" ~ f,(uf"; 1,) wherel, is the PH district level. In order to ensure

that the county level and the PH district leveks larxked, we need to model the joint
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behavior ofu{ and u}". Also since there is a dependence between the heeels of
the two scales the joint effect of their latenttfss must also be considered (Lawson
2013). To model this dependence we used five visriaiithe Poisson log-linear model

(described in Table 4.1).

The log spatial meam, andu}” for all the five models, is expressed as
loguf =logel + af + uf + vf for the county level antbg u}" = loge/" + af" +
uf™ + v for the PH district level. Here the intercepfsanda{” capture the overall
level of the log relative risk, and the terms v are the convolution of the correlated and

uncorrelated heterogeneity random effects, respaygtiThe log expected counts

(e]f’H, ef) are included as offset term to model the relatisie. The meam = ef in used

in all our models and represent the expected couish typically should be non-
negative. We thus model the log of the mean usiligear model. A common method to
get a smoother distribution for the risk is to assuhat the risk has a distribution
(termed as the prior distribution in Bayesian stats). In case of Poisson models it is
common to assume th@has a Gamma distributighawson 2013) so we used a Gamma

prior with known shape and rate parameters initreelinkages we used.

The spatial random effecta ufH) are based on the neighborhood adjacencies
and they capture the spatially correlated effeghtbin the outcome. They are assumed
to have a Gaussian CAR prior distribution in alt models i.e.,
u;“[1:159]~car.normal(adjc[] ,weightsc[], numc[],tau.u)and u""[1:18] ~

car.normal(adjph[],weightsph[],numph[] ,tau.uph)-ere we define an adjacency ksl
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which is a matrix containing lists of neighbourdabed from the mapping tool in
WinBUGS, numcontains the number of neighbours for each regiratweightswhich
contains the CAR weights which is commonly assutodae equal to 1. The
uncorrelated random effects encapsulate the exsftiation in the model and are included
with a zero mean Gaussian prior i16~N(0,7,) and VjPHC~N(0, Typn) i all five
models. These uncorrelated effects capture theuatsted heterogeneity in the

geographical areas of interest.

We use the five variations in linkages to analyateptial ways in which we can
link the two aggregation scales. Since the twoeschhve a hierarchical nature, it is
important to include the influence the two scalagehon each other, whether in the form
of shared random effects or aggregated countsolfehil we examine the simplest way
to incorporate the district effect into the coulgyel effect. The aggregated county
expected values are used to estimate the risleididitricts and the risk in counties is
estimated using the basic convolution model witbaurelated and correlated random

effects that may capture any extra-variation inrttuslel.

In model 2 we fit two convolution models for eadtlee two scales. The two
levels are joined through the aggregated countgebed values that are included in the

PH part of the model. This may account for thentpeffects within a given district.

In model 3 we link the district component to theiety component by including
the correlated spatial random effect from the ditstin the county part of the model.

This model for the county takes into account bbthdorrelated spatial effects within the
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counties and also the spatial effects from theidist We call it the shared component
model because the two model parts share the spatiddm effect component for

districts.

In model 4 we make use of the convolution modaisHe two levels. The levels
are linked by the spatial effect from the disttit's incorporated in the county
component of the model. This may allow us to aralyaw the fit statistics are affected
when the spatial effects for county are not adddatié model but only the spatial effects
for the districts that contain these respectiventies are taken into account. This model

is a variation of model 3.

Model 5 makes use of two separate models for tloesti@les and no shared
component is included in either parts of the modlkls model helps us examine how the
fit statistics and the variability @fs are affected when the influence of the linkagéhef
two scales is not taken into account. Below isrthkr detailed description of the five
models in terms of the parameters fitted and tfferént ways in which the two scales

have been aggregated (also described in Table 4.1).

1) Model 1

In model 1 we compute the relative risk for theedise through the log 6f for the

county part. We make use of the basic convolutiodehwithout covariates ,and which
includes the intercept; the uncorrelated randomctsdfintercept\(©) and the correlated
spatial random effect term(’). y; is modeled as a Poisson distribution i.e.
yi*~pois(™6,°) in all the five models consideretihe expected value of the count of the
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disease is considered to be a multiplicative fumcof the expected count and the relative
risk (&° * 6,°). This is the simplest model of the five considesince the relative risk for
the PH district part is simply aggregated overdbenty estimated effects. It does not

estimate the PH level separately.
2) Model 2

This model is similar to model 1 with respect te ttounty part of risk estimation but is
different from model 1 in the PH district part. Tieative risk ejPH) for the public health
district is estimated separately using the convmtuiodel including the intercept,
random effects termv{"") and the spatial random effects tetd’('). So4,"" has been

fitted as logg™" =(ao” +V,"™+ U;"", andy,""') has been aggregatedigls! =(Ye ©).6,"".
3) Model 3

The county component of model 3 also uses the dotiwn model for risk estimation. It
is however different from models 1 and 2 sincedbenty part includes the spatial
random effect;™" from the PH district part i.e. log =(ao™+V;+ Ui+ U;"", where
U™ is the shared component. For the PH part of theaty,"" has been fitted as the
product ofe® andég® i.e. y" =¢ ™", ;" andlog 6" =(a”+V;"*+ U™ ) remains the
same as model 2. Model 3 is thus a joint modeldahabunts for the contextual effects of

district on county.
4) Model 4

This model is similar to model 3, except that ia tounty part we have 16g=(ao*+V;"+

U™, whereU;"" is the shared component and the tekfrhas been eliminated from the
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model. Thus, only the correlated spatial effeasnfiPH district are accounted for in the

county part. The remaining parts of this modelsamme as model 3.

5) Model 5

This model is comparatively different than the otfitteed models. It can be considered as
the null model since we have two separate modelhéotwo different scale levels and
there is no linkage in these levels for this mo#el. the county part we hadg fitted

simply as l0g;°=(ao"+Vi“+U°) andy;® fitted as logu;“=log & © + log 6. For the PH

district partg,”" is fitted as9,"" =expo”"+V;"+ U;P") andy," is fitted as logy"H=log

g""+log 6. This model thus has no shared components.

The above five models evaluated differ in the wagirtd,"" andé,° have been
aggregated and estimated with the contextual sffetdng with the mean level of
outcomey;”" or ;. The analysis of these models was carried outitifrsimulations in

BRugs.

4.4 Simulation Aim

The simulations were set up to evaluate the goadokesst for the five models
representing the five variations in the linkagesheftwo scales. The goodness of fit in
this sense is to compare the proportion of the wesedisease counts in the predefined
sample to the expected counts from the sample undpecified probability model. This
includes testing the effects on the measuremetteofit statistics (in particular the DIC)
when different models are assumed for the scadetstf The summarized results of the
simulations can also be used to obtain plots tongx@ how well the two levels fit. Some
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other statistics like the variability for the reeg risk & can also be computed to compare

the five model fits.

4.5 Simulation Settings

Using the simulation facilities in R we carried ¢la¢ model fitting procedure for the five
models. We assumed in general thatPoisfi;) at the first hierarchical level and that

= (g 6), where i =counties. At the next hierarchical lewe assume tha~

Gamma(a,b), which is the prior distribution giverft with shape parameter a and rate

parameter b.

For setting up the simulations we usetirae model and ditted model. We
simulated 500 disease counts from Tinee model for the 159 counties. Thus the
simulated values (synthetic data called ysim indib@e) consisted of a 500 by 159 matrix
in R. TheTrue model form is assumed to have a Poisson distabwtith meany; ,and
w; = (ef x6). Theef, which are the expected counts for the countiestaken from
the Georgia data set ,and #jeis theTrued (relative risk) that is computed in R using
thergammafunction. We examined the model performancesvior different sets of
shape and rate parameters for the gamma distnibafi@. The first set ofg] was
computed using a shape and rate parameter of harsgcond set & was computed
using a shape and rate parameter of 3, througlgdmemafunction. The rgamma
function is defined in R agamma(n, shape, rate, scale = 1/raté)en we do not define
the scale parameter, it is assumed to be equalSo vhen we use a shape and rate

parameter of 1, the gamma distribution for the et of 87 has a mean of 1 and
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variance of 1. However when we use a shape anghaateneter of 3 the gamma
distribution for the second set &f has a mean of 1 and a variance of 0.33 (or 1/8)sT

the two set 0B have the same mean and different variances.

Thus, twoTrue model forms were established to get the simuld#d sets. For
the second set &' (with shape and rate parameter 3) | however coetpl00 disease
counts to examine the fitted models. The basic idethese simulations is that we
subject the models to different scenarios to getlaa about how these models account
for the scale effects and how well they fit givee tlata. In this case the 500 by 159
different disease counts together with the twoedéht estimates fdrue risk form the

scenarios.

The simulated data sets were then passed throedivéhmodels (considered as
fitted models, described in section 4.3) to get thedittalues for relative risé". The
results from the simulations were summarized o@érroins in case of the first set 6f
and over 100 runs in case of the second set. Thenswized results included mean DICs
(Deviance information criteria), pDs (the effectivember of parameters) and the fitted
6. The variability for thes was calculated using th¢ and thed™. Five hundred’
values were obtained for the first set of simulagiand 100 were obtained from the next
set of simulations. Thé™ were computed for the counties and the corresporsdifor
the PH districts were calculated from the aggrejateinty values. For computing the
difference between th#" and thet", | obtained an average value #rfor the counties

and the average value f@f for the districts. The difference of these values squared
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and averaged over the number of counties anddsstiihis variability between the
6Tand thet" gives an idea of how the five models differ in iy they capture the true
risk in the study area. The model with lower vaitigbis the preferred model. The
posterior average maps were obtaineddfarandv for these models. These maps

highlight the observed variation in the relativekd across the counties and the districts.

4.6 Computational approach

All of the above simulation procedures were caroatlin BRugs, which is a collection

of R functions that allows users to graph modeisgpuMCMC methods. Over the years
R has proven to be a useful source for statistioaiputing and visualization. It enables
investigators to solve complex and sophisticatedlems along with routine analysis. A
variety of statistical procedures in the form otkeges is freely available and helps us to
integrate R with other packages. One such paclsaBRugs that integrates R and

OpenBUGS.

The BRugs function can be split into two groupssthassociated with the setting
up and simulating the graphical models, and these@ated with statistical inferences.
The package implements OpenBUGS on R. Each ofrheepses - model checking,
compiling, reading in the initial values and reaydin the data - that are used to run a
model in OpenBUGS can be called from within R (Kamand Ligges 2013). A few
lines of code in R can set up these functions. RIBMIGS is another package that uses
MCMC algorithm and allows us to run simulation lhseodels. BRugs and

R2WinBUGS are similar in their basic structure ofling and running processes through
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R. But one of the advantages of BRugs over R2WinBUkKxhat it does not essentially
have to be run under Windows. Also BRugs uses [daitfiles for data input whereas
R2WinBUGS uses compound documents (Kerman and &igf&3). BRugs also carries
out the simulations at a faster rate and is ableatalle large datasets well as compared to

R2WinBUGS.

All of our simulations were carried out throughrRconnection with OpenBUGS.
Before fitting the models for simulations we penfmd a preliminary evaluation of the
models in WinBUGS (WIinBUGS and OpenBUGS providedikir statistics). This was
done to check if there are any issues with the modeompile and if the models achieve
convergence at a reasonable number of iteratidns.pFocedure is further detailed in the
Results section. The BRugsFit function in R waglusespecify the number of iterations
needed till convergence and number of samples Gmjurequired after convergence to

make inferences about the model fit.

In addition to the simulations the posterior averataps were also generated
using the map function in R along with GeoBUGS. &aggregated results of these
simulations were used to make model based infese@gapter 5 presents the

comparison and discussion of these results.

33



Table 4.1 Models Fitted

Model number

Parameters Included

County level:
log 6;° =ao*+V;+ U;°
h'=a°.6°

PPHHdistrFi)(H:t Iep:el:
e. = .

JPH_M {:q Cc
W =>ea .6

County level:
Iog Oic = OLoC+ViC+ Uic
lJ-iC: ac . eic

PH district level:

log ejPH :aoPH+V_PH+ UJ_PH’
PH c _IJH

W =0 a).6;

County level:
Iog Oic :(Xoc+ViC+ Uic+ UjPH
uic: ec . eic

PH district level:

log OjPH= GOPH_'_VJ_PH_'_ UjPH
PH_ LPH 5 PH

M =8 .0

County level:
Iog Oic :(XOC+ViC+ UjPH
w'=e°.6°

PH district level:

log ejPH: aoPH+VjPH+ UJ_PH
PH_ _PH p PH

B =89 .6

County level:
0:° =exp+Vi+ U
log 1i°=log g° + log 6;°

PH district level:
ejPH =exp©OPH+VjPH+ UjPH)
log 1" "=log "' + log6;""
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Notations used in the above models:

i —1:159 — number of counties (observed count) 159

J]-1:18 — number of PH districts

yi¢ (yc)- county level count of the disease

yi"" (yph)- PH district level count of the disease

e (ec)- expected rate/count of disease (populatioisk)- county level
g"" (eph) — expected rate/count of disease (populatioisk) - PH district level
0;° (thc)- is the relative risk (>0) (term we moda)fat county level

67" (thph)— is the relative risk (>0) (term we moftte) at PH district level
oo~ intercept for county part- gives the overall ritethe disease

o™y -intercept for district part

u° — mean level of outcome at the county level

" — mean level of outcome at the PH district level

U;° - is the spatial random effect for counties

V¢ - is the uncorrelated random effect introducethsamodel for counties.
U;"" - is the spatial random effect for PH districts

V;PH - is the uncorrelated random effect introducethenmodel for PH districts
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CHAPTERS

RESULTS AND DISCUSSION

5.1 Preliminary Analysis

In order to make a preliminary evaluation of thedmwess of fit for the five models, |
estimated the model fit statistics in WinBUGS faimagle run. This evaluation was also
done to check if the models compile and if theyied convergence before they are
fitted in BRugs for simulations. Convergence reterthe idea that eventually under
regularity conditions the sample converges to tk&ildution of interest. Thus before we
summarize the simulated parameters, it is impottaetsure that the chains have
converged. There is, however, no formal way of comhg convergence in WinBUGS;
we can’t determine for sure that the parameteicbaserged but we can determine if the

parameter has not converged.

In order to check for convergence we looked atrhee plots and the BGR
statistic plots. The trace plots of sample verBessimulation index are useful in
assessing convergence. The trace can tell us whathehains are mixing well ,and if it
has reached to its stationary distribution. Mudtiphains can also be examined to check
for convergence. We looked at two chains in cassuoinodels and observed their trace
plots. This was carried out for the parametgfsag " V%, Ui V™", U™, 6P andg

for all the five models. Since the chains for ttezé plots of these parameters appeared

36



to be reasonably overlapping each other we camastuat convergence has been

achieved.

The BGR diagnostic plot for the above parameters also assessed. The BGR
statistic assesses the variability within paralledins as compared to variability between
parallel chains. The model is converged if theorafibetween to within variability is
close to 1. The green line in the BGR plots represthe between variability, the blue
line represents the within variability ,and the lie@ represents the ratio. If the red line is
close to 1 and the blue and green lines are staiptess the width of the plot, then we can
reasonably assume that convergence has been redtiesiijures below show the trace
plots (5.1-5.5) and BGR statistic plots (5.6-5.fd)parameters like the’, ao”" of the
five models (model 1 just hag®as the intercept). These plots show the 5000 sample
collected after convergence has been achieveddit@00 iterations for all models; in
some models, more than 10,000 iterations were weiedeach convergence. After
convergence further iterations are needed to olstaimples for posterior inference. The
more the number of iterations the more precisg@tsterior estimates. We ran the
models for about 5000 iterations after convergdagget the posterior estimates and the
model fit statistics since 5000 samples seemee @ ¢pood enough number for making

inferences on the parameters.
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Figure 5.1 Model 1 trace plot and BGR plot
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Figure 5.2 Model 2: Trace plot and BGR statistic
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Figure 5.3 Model 3: Trace plot and BGR plot
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Figure 5.4 Model 4: Trace plot and BGR plot
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Figure 5.5 Model 5: Trace plot and BGR plot

Table 5.1 contains the fit statistics for the fimedels from the preliminary evaluation in
WinBUGS. It states the DICs and pDs for the PuHialth and the County part of the

models. Ideally the DIC and the pD should be snidle DIC is defined as

DIC =D +pD

where theD is the posterior mean of the deviance and is néthfrom the DIC tool in
WinBUGS. The pD is the effective number of parametsed and is also obtained from

WinBUGS along with the DIC.

The lower the DIC the better the model fit. Basadltos, the values from Table
5.1 indicate that model 1 is the best fitting moatih the lowest DIC (481.35) for both
the PH district and the counties. Models 2 (488a88%) 4 (490.67) have the next lowest
DICs for the county part and also Model 4 has tve ftowest DIC for the PH district.
However, Model 5 has a DIC only two units higheaarttihat of model 4 for the county
part suggesting an equivalently good fit. But oltarendel 1 yields the lowest DIC (10

units lower) suggesting that it is the betterrigtimodel as compared to the others.
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5.2 Simulation study results

In our simulation study all the Bayesian inferenassbased on minimum 10,000
iterations, following a 5000 iteration burn-in pEdi Using the summarized estimates
from the simulations, we can examine the perforraaidche models under the specified

conditions.

5.2.1 Simulation results féf ~Gamma(l,1)

The first set of simulations was carried outfowrith shape and rate parameter 1. The
results were summarized over 500 simulations fisrgat of conditions. In order to
examine how many iterations were needed until cayeree for each of the models, we
performed the preliminary evaluation describediearThe nBurnin option in BRugs
was set to the number of iterations observed irpteBminary evaluations. For example,
model 2 was run for nBurnin=20,000 and niter = 5008 nBurnin is the number of
iterations run till convergence and nlter is theniver of iterations used to obtain the
posterior estimates after convergence. All of ilie models used a nBurnin of 10,000 or

more and the nlter of 5000 was the same for alhtbdels.

The results obtained for the fit statistics frora gimulations were stored in a
matrix along with the parameter estimatesdgrao™ Vi%, Ui V77, U™, 671 Jands°.
Table 5.2 summarizes the results obtained frometeesof simulations. It consists of the
mean DIC and mean pDs for the five models andthlswalues for thé variability for
the two model components. These statistics wera@mdad over the average of 500
simulations. The average estimates for DIC inditaé Model 1 is the best fitting model

41



with the lowest mean DIC of 430.6 for County an@®.20 for the PH district part. The

next best fitting model is model 5 with a DIC ofld#r the county part and 117.9 for the

district part. The DIC for model 2 for the distrmmponent is however lower than that
for model 5. Model 3 has the highest DIC of 47@8the county component and 123.4
for the district component, suggesting that it doessfit the data as well as the other
models. Model 4 has DIC closer to model 3, with.47#br the county component and

119.1 for the district component.

The variability for@s of the county part and the district part were alsmputed
for these models. It was calculated using the fdamu

1E2(0cT — 6cF)”

Variabilit 0 =
ariability for 159

for the counties. And using the formula

Y18, (OphT — OphF)°
18

Variability for 8 =

for the district part. Her@87 is generated using the rgamma function &hdre obtained
from the fitted models. In order to get eh” anddph” we aggregated thegc” and
6cT for the counties that are located within a givatritt. Thus8” is common for all

five the models and” are computed from the simulations for the fitteodels.
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D Gl

oF)? .
MSE = 5 for counties

2
512,076

MSE = for PH district

Based on the above formulas, Table 5.2 shows tmpgted variability for thés
of the five models. All of our simulations were gad out through R in connection with
OpenBUGS. Before fitting the models for simulatioves performed a preliminary
evaluation of the models in WinBUGS (WinBUGS ande®BUGS provided similar
statistics). This was done to check if there aseissues with the model to compile and if
the models achieve convergence at a reasonableemwhiterations. This procedure is
further detailed in the Results section. The BRitgshction in R was used to specify
the number of iterations needed till convergenakrarmber of samples (nburnin)

required after convergence to make inferences aheunodel fit.

In addition to the simulations the posterior averataps were also generated
using the map function in R along with GeoBUGS. @abgregated results of these
simulations were used to make model based infesei@igapter 5 presents the

comparison and discussion of these results.

The lower the variability ford the better the estimator. The values from table
5.2 indicate that model 2 (0.003) is the best estimofg© (for the county level) and

model 4 (3.20) is the best estimatow6f' (for the PH district). Model 5 has the next
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lowest variability (0.004) fo#°. The variability for the county compone®f) is similar
for models 3 and 4 (0.007). Although model 1 hasltlivest DIC, it has the highest
variability for 8° and the third lowest variability f&"" which indicates that it may not
be a very efficient estimator of the risk. Modelar®l 5 (3.5) have a similar variability
for 8¢, 6°" and models 3 and 4 (3.2) have a similar varigtitir 6”". Although the
overall differences in these estimates are margimegl do indicate that each of these

models estimates tltis (relative risks) differently.

5.2.2 Simulation results fé&f ~Gamma(3,3)

Table 5.3 summarizes the results for this set oflitwns. The values of DIC indicate
that Model 1 is the best fitting one with the lowB$C for both the PH component
(106.4) and the county component (468.3). Modedb®dver has DIC (469.1) one unit
higher than that of the model 3 for the county paggesting that model 2 nearly fits as
well as model 1. It also has the next lowest DICte PH part (117.9). Model 4 has a
DIC (470.8) that is 2 units higher than that fordabl for counties this difference in the
DIC is not reasonably large. Models 3 and 5 haweparatively higher DICs (475.7 and
483, respectively) for both the model componenteklwvindicates that they do not fit as

well as the other models under these conditiong'or

The variability for@ indicate that model 2 (0.0012) is the best estmafd*
whereas model 5 (2.53) is the best estimato6f6r Model 5 can also be considered as

the best estimator because it has the variabil@@IB which is close to the variability
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for ¢° for model 1. Models 1, 3 and 4 have similar afility for 6° and 6°"; their
values are higher as compared to models 2 andeéseTldifferent values for variability
show similar variation in the relative risk estilmia# as observed for the previous set of
conditions ford" (consistent variation within the five values rand 6" for the two

set of conditions).

5.3 DIC plots

The DIC plots were generated for the simulatiomssilts from the models. The variation
in the shapes of these plots can be used to corttpareodels and we can examine how

well they fit the two scale levels.

5.3.1 Plots fop" ~Gamma(1,1)

The figures below show the DIC plots for the modethrough 5. These plots have been

computed over the 500 simulations.

The yphDIC curve for model 1 (Figure 5.6) indicageslight bimodal nature
whereas the ycDIC curve is more like a spike inthcglesser variability in the DICs for
counties. The DIC plots for model 2 (Figure 5.79whmore variability than the plots for
model 1. The ycDIC plot for model 2 shows a bimauture towards the end. But no
unusual skewness is seen in the yphDIC plot forehadThe ycDIC and yphDIC plots
for model 3 (Figure 5.8) seem to be incorporathmgtivo levels well (i.e. the curves

appear closer) ,and the ycDIC curve is relativetypsther as compared to model 2.
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Figure 5.6 DIC plots for Model 1
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Figure 5.7 DIC plots for Model 2
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DIC plots for Model 3 DIC plots for Model 3
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Figure 5.8 DIC plots for Model 3
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Figure 5.9 DIC plots for Model 4
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DIC plots for Model 5 DIC plots for Model 5
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Figure 5.10 DIC plots for Model 5

The ycDIC plots for models 1, 2 and 4 show slightddal natures whereas the ycDIC
plots for models 3 and 5 appear to be smoothernmiddel 1 ycDIC plot and model 4
yphDIC plot shows more variance in the DICs as camag to the other plots. Overall
these plots for the five models do not indicate stingng skewness or irregular shape for

0" ~Gamma(1,1)

5.3.2 Plots fop" ~Gamma(3,3)

The DIC plots for models 1 through 5 with shape &atd parameter 3 are included

below.
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DIC plots for Model 1 DIC plots for Model 1
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Figure 5.11 DIC plots for Model 1 (from left to hy ycDIC and yphDIC)
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Figure 5.12 DIC plots for Model 2
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DIC plots for Model 3 DIC plots for Model 3
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Figure 5.13 DIC plots for Model 3
DIC plots for Model 4 DIC plots for Model 4
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Figure 5.14 DIC plots for Model 4
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DIC plots for Model 5 DIC plots for Model 5
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Figure 5.15 DIC plots for Model 5

The yphDIC plot for Model 1 shows less variatioartthe ycDIC plot but appears to
have a smoother curve. Models 4 and 5 also showtocurves for the plots as
compared to other models, although some skewneserstowards the graph ends for
these plots. The plots from this set of simulatimmdo not show any unusual shape or

extreme skewness.

5.4 Results from Maps

All five of the models examined include correlaggtial random effects("" or U;%)
and the uncorrelated random effe(}l'ﬁ ' or i%). We generated maps for these effects

with the help of advanced features of WinBUGS v@itoBUGS to analyze the spatial
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distribution of the disease outcome (Oral Canaceeorgia. The maps for these random

effects were generated along with the analysis.

5.4.1 Maps from preliminary analysis

From the preliminary evaluation results we generateps fol:°(v), Ui° (u) V"™ (vph),
U;"" (uph),6F" (thph) ,and® (thc) from WinBUGS with GeoBUGS. The maps were
computed from the 5000 posterior converged saniptabe models 1 through 5. The

maps for the above parameters have been includibe iMap appendix.

The maps fou anduph generally appear as random patches whereas theforap
v andvphshould appear as random distribution of regionsrénfike spots as compared
to patches) which is expected to be the case \pjpinapriate models. ThﬁPH (thph) ,and
0;° (thc) parameters have been plotted on the sanfetscanake them comparable
however the same could not be done with the mapsdadv as some of the effects for
some of the regions were not clearly captured vihersame scale was used. The maps
from the initial run fov (from all models) show that the mean valuesVbrare
consistently high for counties like Burke, Gradyatham, Troupe and Upson for most of
the models. The maps indicate that the mean valuesUgr are elevated more towards
the lower counties (beginning from the mid-countidhe maps for uph and vph also
show that the mean values are elevated more fatigirécts in which the above
mentioned counties lie. The maps for thc and thpgwsthe mean level of relative risks
in the counties and the districts. Some of the tiearfsome of them mentioned above)

have a high relative risk that is captured by nodshe five models. The Albany district
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that lies in the southwest, the Augusta distridhim east, the LaGrange district in the
west and the Savannah district show elevated l@felsk through most of the models.
Overall the maps from the five models show conststesults with respect to the

elevated risk.

5.4.2 Maps fop" ~Gamma(1,1)

The maps for the simulation results were obtaihedugh the maps and RColorBrewer
libraries in R. It provides us with the Georgia obumaps. Through this function |
obtained the maps far°, V,°andd® for the five models. The results for the maps from
the simulations are similar to the results obtaifneth the initial run for the counties. The
high risk counties are shown to be spread out tilrdbe state. More elevated risk is seen
towards the south and the west of Georgia. Highkres foru andv are seen around the

counties with elevated risks.

5.4.3 Maps fop' ~Gamma(3,3)

The maps from this set of simulations capture igiein the Northern counties as well as
the Southern counties. These results are alsoasitithe earlier results from maps.
Baldwin and Wilkinson counties are consistentlynsag counties with elevated risk.
Along with these counties, Grady, Thomas and Brauksities in the south also appear
as areas with higher risk. The northern countles Rabun, Union and Towns are also

seen as having higher risk for oral cancer deaths.
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5.5 Discussion

In this thesis we have presented a Bayesian agptoanodel count data at multiple
scales. Multiscale models have been extensiveld usspatial epidemiology and other
fields of Geostatistics as they help to addressdthaée issudy allowing us to incorporate
linkages between the scales. The following sestfmovide a brief discussion of the

results and their implications.

5.5.1 Inferences based on Preliminary Analysis@intulations

The results for the preliminary analysis indicdtattmodel 1 is the best fitting one with
the lowest DICs for both model components. Sinmiésults are observed from the two
set of simulations fof”. In case of the preliminary analysis the DIC fardul 1 differs

by 7 units from the next lowest DIC for the coungmponent and by 5 units from the
district component. This is a significant differeria the DICs as a difference of 2-3 units
is considered as significant. Even in cas@?bf-Gamma(1,1)the difference in the DIC
of model 1 and other models is greater than 1Gundicating a better fit for model 1. In
case o ~Gamma(3,3)however, the DIC for model 1 is not very differémtm that of
model 2 for the county part but the yphDIC diffegsmore than 10 units. But the overall
results suggest that best fitting model is thetbaé simply aggregates the county
estimated effects and does not estimate the PHideparately ,and that we can obtain a

better DIC for county data by including a PH dittevel in the analysis.

The variability for@ obtained from the simulations however show différesults

regarding the efficiency @ as an estimator in the five models. The resuits f
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6"~Gamma(1,1)suggest that model 2 is a better estimator ofdlagive risk for the
counties and model 4 is the better estimator & in the districts. The variability fer
for the PH part from this set of simulations aré very different for the five models.
Furthermore the variability fa? for the models 3 and 4 are similar for the counéied
model 1 has a higher variability fr as compared to the other models. This indicates
that model 1 may be not the best estimatdt, @ven though it is the better fitting model

in this set of simulations.

The results fromd” ~Gamma(3,3pre similar to the ones obtained from
0'~Gamma(l,1)Model 2 is still the better estimator for thekrigith the lowest
variability for risk for the county component anadel 5 is the best estimator for the risk
in this case for the district component. In additibe variability ford for model 5 is
close to that of model 2 suggesting that it is quielently good estimator for the risk.
This result is somewhat unexpected as the mearf@I@odel 5 is higher for these
simulations. The variability in risk for models 1a8d 4 are nearly same for b@;ﬁ”
andg’. This implies that there is not much variatiorihie estimator of risk for these

three models.

The two sets of simulations have the same mea#! fout different variances. The
results for DIC from the two sets of simulations filodels 3 and 4 indicate that these
models have the same fit for both set of simulatifmm the county as well as district
components (since they have similar DICs). Whemagels 1 and 2 have higher DICs
from 6'~Gamma(3,3ps compared to the first set of simulations, andeh5 has a lower

DIC for '~Gamma(3,3}han the first set of simulations. The variabifity thed is also
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lower for the second set of simulations which ipested as the second conditiorgbf

has a lower variance.

The overall pattern of our results for the modesfatistics indicates that Model 1
is consistently the better fitting model of thedfifitted models. However this model may
not be the best estimator of the relative risk as$ the highest variability for the relative
risks. This could be because the spatial effecistwdiccount for the unobserved
confounding in the risk for PH districts is not émkinto account. Model 2 seems to be the
better estimator of risk in the counties and moBedsid 5 are seen to be better estimators

for districts.

5.5.2 Inferences based on DIC plots and Maps

The DIC plots capture the overall variation obtdifer the DICs from the simulations.
These plots do not give much information aboutltést fitting model but indicate how
well the levels fit within one another. They alfastrate the extreme values for the DICs
using the specified conditions of relative riskgeneral the plots seem to have similar

shapes for the two set of simulations.

The results obtained from the maps for all thresyem®s are somewhat consistent,
in that they show areas of high risk that appeanast of the maps generated. The map
appendix also contains a map for the number ofaaater deaths in Georgia for the
counties from 2004 obtained from Oasis site (FiguBd). The maps obtained from the
preliminary evaluations (Figures 5.15-5.20) areame accordance with this map. They
indicate that the risk is high in the counties #m&surrounding areas where there have
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been more number of deaths. Some counties likenfiiod, Thomas, Murray are
observed to be consistently high in the risk of oeencer. Based on the report of the State
of Oral Health for children in Georgia (2007) aliideath rate from oral cancer is seen
mostly in rural areas some of which are also intédid@n our maps (Grady, Thomas,
Rabun counties). Some of the potential reasonsidmeithe lack of access to dental
health care facilities and the socioeconomic stattisese counties. A more detailed
report about the incidence, mortality and trendsrad cancer in Georgia can be found

through the National Cancer Institute.

Our thesis presents a Bayesian approach for mageiiritiscale data commonly
available in environmental Public Health studielse Thodels proposed in our research
allow us to include all data at different levelsagfgregation. The aggregation issue
within a multiscale Bayesian framework has not bemmsidered in many previous
studies. Using the goodness of fit criteria to eatd the scale effect we found that model
1 provides the best fit for this data even whetetksinder different conditions. This
model however shows more variability in the estedaisk for the study area. The
differences in the variability fa? is however not very large among the five models
considered. Thus given these small differencesameapply model 1 to other potential
multiscale data sets to get an optimal explanaifaach scale. Our overall results thus
indicate that the best method to analyze multisdata includes the use of simple models
where we may not need to estimate the risk seppiateach level, but we can account

for the aggregate effects from the smaller leveldhe higher levels.
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5.6 Further aspects of the study

The expected counts that were used in our modeis alEained from the Georgia data.
We also examined the models when larger expectedtsavere used. These counts were
computed using the functie@t<-rnorm(159,4.5,1)n R ,and the remaining parameters
were used from the preliminary evaluation modelss procedure was carried out to
analyze the model performances when higher expecieats are used. The models were
fitted for a single run in WinBUGS. Table 5.4 prdes the estimates for DICs and pDs
from these models. These estimates indicate thdehiohas the best fit with the lowest
DIC which is 12 units lower than the next lowesChbr model 5. The overall DIC is

seen to increase for the five models when highpeeted values are used.

The models investigated in our study do not incladg covariates other than the
random effects. It would be interesting to exantireemodel fits when more variables are
added (It may lower the DICs for the models). Femthore it could also be of interest to
apply these models to larger areas or to get n@apdigeases that are not rare or small in
counts. These additional avenues of research dmufdrther used to substantiate the

scale change effects.
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Table 5.1 Results from a single run in WinBUGS:

Results from a single run in WinBUGS
Model pD DIC
numbers
yc yph yc yph
1 41.84 5.19 481.35 104.03
2 26.37 | 12.79 | 488.89| 11552
3 3.54 3.56 496.05| 113.81
4 10.026 | 6.43 490.67| 109.39
5 11.354| 7.33 492.68 113.16

Table 5.2 Results from simulations using the coodithetaT<-rgamma(159,1)

Results fromd" ~Gamma(1,1)

Model pD DIC Variability for6
numbers
yc yph yc yph yc yph
1 60 7.10 430.6 100.40 0.00819 3.34
2 65.50 15.24 450.1 117.3 0.0037 3.59
3 64.38 14.60 476.8 123.4 0.0072 3.23
4 31.73 12.77 471.4 119.1 0.0075 3.20
5 62.31 13.77 441 117.9 0.0049 3.51
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Table 5.3 Results from simulations using the coonithetaT<-rgamma(159,3). These
were obtained over the average of 100 simulations.

Results fromd" ~Gamma(3,3)
Model pD DIC Variability for6
numbers
yc yph yc yph yc yph
1 24.25 4.60 468.3 106.4 0.007 3.14
2 41.76 12.80 469.1 117.9 0.0012 2.93
3 25.27 15.49 475.7 123.7 0.0069 3.17
4 33.6 11.78 470.8 119.70 0.0068 3.27
5 20.81 14.53 483 123.6 0.0013 2.53

Table 5.4 Results from a single run in WinBUGSHmgher expected values
ec<rnorm(159,4.5,1)

Results from a single run in WinBUGS for ec<-
rnorm(159,4.5,1)
Model pD DIC
numbers
yc yph yc yph

1 78.24 | 1298 | 538.41| 103.94
2 93.76 | 17.48 | 592.74| 123.25
3 9454 | 16.32 | 556.70| 124.12
4 96.43 | 16.33 | 562.70| 129.95
5 81.57 | 14.27 | 550.98| 130.21
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Appendix A. Map appendix

Maps for a single run (Figures A.1-A.5)
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Figure A.1 (left to right) Maps for v, u, thc, thpdr model 1
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Figure A.2 (left panel are county level maps agtitrpanel are the district level maps;
from left to right) Maps for u, uph, v, vph, thedathph for Model 2
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Figure A.3 (left panel are county level maps agtitrpanel are the district level maps;
from left to right) Maps for u, uph, v, vph, thedcaithph for Model 3
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Figure A.5 (left panel are county level maps agtitrpanel are the district level maps;
from left to right) Maps for u, uph, v, vph, thodaithph for Model 5
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Maps for simulation results frofl ~Gamma(l,1}Figures A.6-A.10)

Figure A.6 (from left to right) Maps for u, v, tiier Model 1

68



Figure A.7 (from left to right) Maps for u, v, tiier Model 2
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Figure A.8 (from left to right) Maps for u, v, tiiar Model 3
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Figure A.9 (from left to right) Maps for u, v, tiier Model 4
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Figure A.10 (from left to right) Maps for u, v, thar Model 5
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Maps for simulation results frofl ~Gamma(3,3Figures A.11-A.15)

Figure A.11 (from left to right) Maps for u, v, ther Model 1
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Figure A.12 (from left to right) Maps for u, v, thar Model 2
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Figure A.13 (from left to right) Maps for u, v, thar Model 3
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Figure A.14 (from left to right) Maps for u, v, ter Model 4
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Figure A.15 (from left to right) Maps for u, v, thar Model 5
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Figure A.16 Map obtained from Oasis Public Healtld Public Policy Data analysis
(shows the number of Oral Cancer Deaths in Ge@&giaties for 2004)
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Appendix B. R and WinBUGS codes

Codefor models 1-5

HHHHHHHHHHH M O | LHHHHHHHHHHHH I
model{

##county level

for (i in 1:m){

yc[i]~dpois(muc]i])

mucli]<-ec]i]*thcfi]

log(thc[i])<-a0+Vv[i]+uli]

v[i][~dnorm(0,tauV)
rescli]<-(yc[i]-muc[i])/sqrt(mucfi])
as[i]<-ecfi]*thcf[i]}
u[1:m]~car.normal(adjc[],weic[],numc[],taul)
for( k in 1: nsumc)y{weic[k]<-1}
a0~dnorm(0,tau0)

tau0~dgamma(4,0.005)

# #PH district level

for(i in 1:m){

phc2[i]<-phc]i]}

for (jin L:p{

thph{j]<-mph[jl/eph(j]
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yph([j]~dpois(mph(j])
as2[j]<-inprod(Labell,j],as[])
mph(j]<-as2[j]
res[j]<-(yph[j]l-mphil)/sart(mph[j])
num23J[j]<-numphl(j]

eph2[jl<-eph[j]

yph2[j]<-yph(il}

for (k in 1 :nsumph){adjph2[k]<-adjph[K]}
tauV~dgamma(4,0.005)

tauU~dgamma(4,0.005)}

FHHEEHHARRR R EHATIN O e | 2EHHFEHEF I HH s
model{

##county level

for (i in 1:m){

yc[i]~dpois(muc]i])

mucli]<-ec]i]*thcfi]

log(thc[i])<-a0+Vv[i]+uli]

V[i]~dnorm(0,tauV)
rescli]<-(yc[i]-muc[i])/sqrt(mucfi])
phc2[i]<-phc]i]}
u[1:m]~car.normal(adjc[],weic[],numc[],taul)
for( k in 1: nsumc)y{weic[k]<-1}
a0~dnorm(0,tau0)

tau0~dgamma(4,0.05)
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##PH district level

for (jin L:p{
yph[j]~dpois(mphj])
ephl[j]<-inprod(ec[],Labell,j])
mph[jl<-eph1[j]*thp(j]
log(thp(j])<-aOph-+vph(j]+uphj]
res[j]<-(yph[j]-mphii])/sqrt(mphij])
vph[j]~dnorm(0,tauVPH)}

for (k in 1 :nsumph){weiph[k]<-1}
uph[1:p]~car.normal(adjph[],weiph[],numph[],tauph)
tauph~dgamma(4,0.05)
tauVPH~dgamma(4,0.05)
tauV~dgamma(4,0.05)
tauU~dgamma(4,0.05)
aOph~~dgamma(4,0.05)

tauOph~dgamma(4,0.05)}

FHHHEHHARRR R EHATIN O e | STHHFIEHEF I s
model

##county level

for (iin 1:m){

yc[i]~dpois(mucfi])

mucfi]<-ec]i]*thcfi]

log(thcli])<-a0+V[i]+u[i]+uph[phc]i]]

V[i]~dnorm(0,tauV)
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rescli]<-(yc[i]-mucli])/sqrt(mucfi])
phc2[i]<-phc]i]}
u[1:m]~car.normal(adjc[],weic[],numc[],taul)
for(k in 1: nsumc){weic[k]<-1}
a0~dnorm(0,tau0)

tau0~dgamma(2,0.001)

##PH district level

for (j in 1:p{

yph[j]~dpois(mphj])
label2[j]<-inprod(ec[],Labell,j])
mph[j]<-eph[j]*thp(j]
log(thp[j])<-a0ph-+vph[j]+uph(j]
resfj]<-(yph[j]-mphii])/sqrt(mphij])
vphlj]~dnorm(0,tauVPH)}

for (k in 1 :nsumph){weiph[k]<-1}
uph[1:18]~car.normal(adjph[],weiph[],numph[],tauph)
tauph~dgamma(2,0.001)
tauVPH~dgamma(2,0.001)
tauU~dgamma(2,0.001)
tauvV~dgamma(2,0.001)
a0Oph~dnorm(0,tauph0)
tauphO~dgamma(2,0.001)}
FHHEEHHARRR R EHATIN O e | AP HEF T s
model{

##county level
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for (iin 1:m){

yc[i]~dpois(muc]i])
mucfi]<-ecfi]*thcfi]
log(thc]i])<-a0+v[i]+uph[phc]i]]
V[i]~dnorm(0,tauV)
rescli]<-(yc[i]-muc[i])/sqrt(mucfi])
phc2[i]<-phc]i]}
u[1:m]~car.normal(adjc[],weic[],numc[],taul)
for(k in 1: nsumc){weic[k]<-1}
a0~dnorm(0,tau0)
tau0~dgamma(2,0.01)

##PH district level

for (j in 1:p}{
yph([j]~dpois(mph(j])
mph(i]<-eph[j]*thp(j]
log(thp[j])<-a0ph-+vph[j]+uphlj]
res[j]<-(yph[j]l-mphil)/sart(mph[j])
vph[j]~dnorm(0,tauVPH)}

for (k in 1 :nsumph){weiph[k]<-1}
uph[1:18]~car.normal(adjph[],weiph[],numph[],tauph)
tauph~dgamma(2,0.01)
tauVPH~dgamma(2,0.01)
tauU~dgamma(2,0.01)
tauvV~dgamma(2,0.01)

aOph~dnorm(0,tauph0)
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tauphO~dgamma(2,0.01)}
HHHHHHHHHHHH M O d e | SHHHHHHHHHHHHHH I
model{

##PH district level

for(iin 1:18)

yphli]~dpois(muphli])
log(muphli])<-log(eph[i])+log(thphl[i])
thph[i]<-exp(aphO+uphli]+vphli])
vph[i]~dnorm(0,tau.vph) }

##county level

for(jin 1:159){

yc[i]~dpois(muc(j])
log(mucfj])<-log(ec(j])+log(thcfj])
thc[j]<-exp(acO+uclj]+vc[j])
vc[j]~dnorm(0,tau.vc)

phc2[j]<-phcfj] }

for (k in 1 :nsumph){weiph[k]<-1}
uph[1:18]~car.normal(adj[],weiph[],num[],tauph)
tau.vph~dgamma(5,0.08)
tauph~dgamma(5,0.08)
aphO~dnorm(0,tauph0)
tauphO~dgamma(5,0.08)

for (o in 1 :nsumc){weic[o]<-1}
uc[1:159]~car.normal(adj2[],weic[],num2[],tauc)

tau.vc~dgamma(5,0.08)
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tauc~dgamma(5,0.08)
acO~dnorm(0,taucO)

taucO~dgamma(5,0.08) }

General code used for all smulations:

library(BRugs)

setwd()

thetaT<-rgamma(159,1)

##for the next condition thetaT values changed 59(3)
##data entered

attach(data)

storel<-matrix(0, nrow=4, ncol=100) ##stored th€ @hd pD statistics in a matrix
# ysim values generated using the code below
ysim<-matrix(nrow=159,ncol=10)
mu<-rep(1,length=159)

for (jin 1:10)1

for (iin 1:159){

ysim[i,j]<-rpois(1,muli])

muli]<-(ec][i]*thetaT[i])}}

####code to set model simulations###
mu<-rep(1,length=159)

ycS<-rep(1,length=159)

yc<-rep(1,length=159)

yph<-rep(1,length=18)

for(i in 1:159){muli]<-(ec[i]*thetaT][i])}

85



for (j in 1:10)

for (i in 1:159){

# Poisson likelihood for true model

ysim[i,j]<-rpois(1,muli])

ycS[il<-ysim(i ]

ycli]<-ycSIiJ}

for( k in 1: 18){yph[k]<-ycS[]%*%Label[,k]}

datal$yc<-yc

datal$yph<-yph

HiHHHHHHHHH A BRUQS FIt funClion###HHHHHHH I

parametersToSave=c("thph","thc","deviance","a0";;3ygph","thc","thph","muc","mph",
"v","u")

asd<-BRugsFit(modelFile="model_1.txt", data=dat#sFNULL, numChains = 2,
parametersToSave,

nBurnin = 20000, niter = 5000, nThin = 1,DIC = TRUE
storel[1,j]<-asd$DICJ[1,3]

storel[2,j]<-asd$DIC[1,4]

storel[3,j]<-asd$DIC[2,3]

storel[4,j]<-asd$DIC[2,4]}

####storing values for DIC and pD

ycDIC<-storel[1,]

ycPD<-storel[2,]

yphDIC<-storel[3,]

yphPD<-storel[4,]
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