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Abstract 

Currently the most common hypothesis-testing methods for predictive seasonal 
risk modeling arthropod-related infectious disease data is employing traditional 
multivariate analogues. Unfortunately, statistical programs are not stringent 
enough for seasonally quantitating error and error assumptions in the 
probability plots of regressed forecasts for accurately interpolating endemic 
transmission regions in an epidemiological study site. In this paper, we propose 
a Gaussian process in a spatial filter analyses and a Bayesian matrix for 
deriving qualitative probabilistic inferences from an ecological regressed dataset 
of noisy georeferenced riverine-based larval habitats of Similium damnosum, a 
black fly vector of onchocerciasis. Our intention was to simulate optimally 
unbiased seasonal endemic transmission-oriented explanatory covariate 
coefficients based on spatial aggregations of productive habitats within a 
riverine epidemiological study site by introducing a latent variable within a 
non-linear autoregressive equation. Autocorrelation scatterplots revealed that 
the Moran’s coefficient was 0.067, while the Gearys ratio was 0.891 in the 
forecasts. Improvement of fit of a WinBUGS hierarchical Bayesian model then 
revealed that the adjusted covariate Presence of hanging vegetation was 
statistically important to prolific sampled habitats. 

1. Introduction 

Quantitative autoregressive predictive seasonal vector arthropod-
related risk modeling is one of the most challenge areas presently in 
ecology. One of the reasons for these challenges is that vector ecologists 
and local abatement district managers commonly regress large ecological 
datasets of highly correlated multivariate vector arthropod-related biotic 
and abiotic endemic transmission-oriented explanatory covariate 
coefficients jointly in one single regression-based matrix. As such, 
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standard estimators like the unstructured maximum likelihood (ML) 
estimator or the restricted maximum likelihood (REML) estimator in 
such programs as SAS can be very unstable for deriving optimal model 
residual forecasts. In statistics, the restricted (or residual, or reduced) 
ML (REML) approach is a particular form of ML estimation which does 
not base estimates on an ML fit of information, but instead uses a 
likelihood function calculated from a transformed set of data so that 
nuisance parameters have no effect [1]. A nuisance parameter in a 
multivariate predictive seasonal vector arthropod-related risk model is 
any parameter which is not of immediate interest, but which must be 
accounted for in the analysis of those sampled estimators which are of 

interest (e.g., the variance 2σ  of a normally regressed seasonal 
forecasted vector arthropod-related georeferenced distribution where the 
mean, ,µ  is of primary interest) [2]. 

In the case of variance component estimation of an ecological dataset 
of regressed multivariate seasonal-sampled vector arthropod-related 
endemic transmission oriented explanatory covariate coefficients, the 
original dataset may be replaced by a set of contrasts calculated from the 
likelihood function. By so doing, a probability distribution of the seasonal 
multivariate vector arthropod-related regressed contrasts can be 
parsimoniously and accurately extrapolated. For example, motivated by 
the fact that the method of least-squares is presently one of the leading 
principles in parameter estimation in seasonal multivariate vector 
arthropod-related predictive risk model construction, a vector ecologist 
and/or a local abatement district manager may develop a method of least-
squares variance component estimation (LS-VCE) for statistically 
evaluating seasonal-sampled endemic transmission-related parameters. 
Thereafter, LS-VCE can provide a unified least-squares framework for 
estimating the unknown parameters in the residual forecasts of 
functional and stochastic models. Fortunately, LS-VCE has a similar 
insightful geometric interpretation as standard least-squares. As such, 
properties of the normal equations, estimability, orthogonal projectors, 
precision of estimators and non-linearity can be easily established for any 
empirical seasonal sampled multivariate vector arthropod-related 
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ecological dataset. Additionally, measures of inconsistency such as the 
quadratic form of residuals and the Wilcoxon Rank Sum (w)-test statistic 
can be generated in any current commercial statistical package (e.g., SAS 
Proc Univariate and StatXact) employing the sampled dataset, which 
would then logically lead to applying hypotheses testing for constructing 
robust stochastic multivariate endemic transmission oriented risk-based 
interpolators. 

The w test statistic is the sum of the ranks from population X [1]. 
Interestingly, the w test can be used to test the null hypothesis that two 
seasonally-sampled multivariate vector arthropod-related populations X 
and Y have the same continuous distribution. For example, a vector 
ecologist and/or a local abatement district manager may choose to regress 
an empirical ecological dataset of independent random samples 

xmxx ,,2,1 …  and ,,,2,1 ynyy …  of sizes m and n, respectively, from 

two seasonal-sampled epidemiological study site vector arthropod-related 
larval habitat populations. After merging the sampled data in 
VARCOMP each seasonal measurement then be hierarchically ranked. 
All sequences of ties can then be assigned an average rank. Assuming 
that the two populations have the same continuous distribution, then W 
would have a mean and standard deviation given by ( ) 21++=µ nmm  

and ( )[ ],121Sqrt += Nnms  where nmN +=  could optionally be used 

for testing the null hypothesis [i.e., Ho: there is no difference in 
distributions]. Conversely, a one-sided alternative hypothesis would be 
that the first population yields lower seasonal multivariate vector 
arthropod-related risk measurements. This alternative may be employed 
to determine if W is unusually lower than its expected value µ  in the 

residual forecasts targeting the seasonal endemic transmission-oriented 
explanatory covariate coefficients of statistical significance. In this case, 
the p-value may be given by a normal approximation. Thereafter, by 
letting ( )sNN ,~ µ  and computing the left-tail ( )WNP <=  using 

continuity correction for seasonally quantitating parameter significance 
levels, misspecifications may be identified. For example, W may be 
determined to be misspecified (e.g., regressed larval habitat value much 
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higher than its expected value) in the residually forecasted derivatives. 
Thus, the alternative hypothesis would yield more precise measurements 
from the regressed seasonal vector arthropod-related endemic 
transmission oriented explanatory covariate coefficients.  

Thereafter, the p-value for a robust seasonal predictive vector 
arthropod-related multivariate endemic transmission-oriented risk model 
may be provided by the right-tail ( )WNP >=  using continuity 
correction. If the two sums of ranks from each sampled larval habitat 
population, for example, are close, then a two-sided alternative may be 
employed (e.g., Ha: there is a difference in distributions). In such a case, 
the p-value may be given by twice the smallest tail value 
( ( )WNP <=∗2  if, ,µ<W  or ( )WNP >=∗2  if,  )µ>W  in the risk 
model residual forecasts for accurately statistically targeting the 
statistically significant vector multivariate arthropod-related georefernced 
endemic transmission-oriented explanatory covariate coefficients in each 
distribution. 

Thereafter, specific procedures can be employed to construct other 
statistical models for regressing the residual vector multivariate 
arthropod-related endemic transmission-oriented explanatory covariate 
coefficients. For example, the variance components procedure in SAS can 
be employed to construct a robust mixed-effects seasonal predictive risk 
models, whereby estimates of the contribution of each random effect to 
the variance of the dependent variable (e.g., total larval density count 
values) may be efficiently quantitated. This procedure may be 
particularly interesting for conducting analysis on mixed seasonal 
multivariate predictive vector arthropod-related endemic transmission 
models, such as split plots, univariate repeated measures, and random 
block designs. By calculating variance components using multiple model 
outputs, a vector ecologist and/or a local abatement district manager may 
then determine where to focus attention more efficiently (e.g., 
aggregation of prolific larval habitats based on spatiotemporal field-
sampled count data), in order to reduce the variance in the residually 
forecasted derivatives for optimally targeting unbiased seasonal endemic 
transmission-oriented explanatory regressors. 
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Four different methods are currently available for estimating the 
variance components: minimum norm quadratic unbiased estimator 
(MINQUE), analysis of variance (ANOVA), ML, and REML. These 
methods are available in a number of general-purpose statistical software 
packages, including Genstat (the REML directive), SPSS (the MIXED 
command), Stata (the xtmixed command), and R (the lme4 and older 
nlme packages), as well as in more specialist packages, such as MLwiN, 
HLM, ASReml, and CropStat. Default output for these programs would 
also include variance component estimates for residually forecasting 
robust derivatives delineating the statistically significant endemic 
transmission-oriented explanatory covariates. If the ML method or the 
REML method is employed for constructing a seasonal predictive 
multivariate vector arthropod-related endemic transmission-oriented 
model, an asymptotic covariance matrix table may be also displayed. 
Other available outputs for regressed spatiotemporal vector arthropod-
related ecological datasets includes an ANOVA table and expected mean 
squares for the ANOVA method and an iteration history for the ML and 
REML methods. 

Fortunately, estimation variance components procedures in many 
statistical programs are fully compatible with the GLM univariate 
procedures. For example, the univariate procedure in PROC GLM would 
provide regression analysis and analysis of variance for one dependent 
variable (e.g., total seasonal sampled larval density count) using one or 
more factors and/or predictor variables when constructing a robust 
predictive multivariate vector arthropod-related risk model. The factor 
variables would then divide the sampled larval habitat population, for 
example, into various smaller linear regression-based groups. Using this 
GLM procedure, a vector ecologist or local abatement district manager 
may then test null hypotheses about the effects of multiple predictor 
variables on the means of various groupings of a single dependent 
variable. Specific interactions (e.g., random) in the risk model between 
factors as well as the effects of individual factors may be then efficiently 
quantitated. In addition, the effects of the sampled explanatory covariate 
coefficients and their interactions can be determined. For a robust 
regression analysis, the independent seasonal sampled vector arthropod-
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related predictor variables can thereafter be specified as covariates in the 
model. Both balanced and unbalanced model outputs can also be tested to 
determine optimal estimators. A design is balanced if each cell in the 
model contains the same number of cases [1]. 

In addition to testing hypotheses, PROC GLM would produce 
estimates of the sampled seasonal vector arthropod-related endemic 
transmission-oriented parameters. The program would do so by 
constructing a regression model which would relate Y to a function of X 
and β  in the model where the unknown parameters would be denoted as 

,β  the independent variables as x and the dependent variable would be Y. 

The approximation could then be formalized as ( ) ( )., β= XfXYE   

To carry out the analysis robustly however, the form of the function f 
must be specified in the vector arthropod-related model. The form of this 
function would be based on knowledge about the relationship between Y 
and X that does not rely on the seasonal sampled vector arthropod-
related data. If no such knowledge is available, a flexible or convenient 
form for f can be alternatively chosen. 

Assuming that the vector of unknown parameters β  is of length k in an 
empirical sampled dataset of seasonal vector arthropod-related parameter 
estimators datasets, a regression analysis can also then provide 
information about the dependent variable Y (e.g., total spatiotemporal 
larval density count data) to specific endemic transmission oriented 
covariates (e.g., weekly rainfall). 

If N  sampled vector arthropod-related data points of the form ( )XY ,  

are observed, where ,kN <  most classical approaches to multivariate 
seasonal vector arthropod-related regression analysis cannot be performed 
since the system of equations defining the regression model  would be  
underdetermined due to insufficient  data to recover .β  If exactly kN <  
vector arthropod-related seasonal sampled  data points are observed in 
PROC GLM, for example, and the function f is linear, the equations 

( )β= ,XfY  can be solved exactly rather than approximately. This would 
reduce to solving a set of N equations with N unknowns (i.e., the 
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elements of ),β  which would then render a unique solution as long as the 
X are linearly independent in the risk model. If f is nonlinear in the 
model, a solution may not exist or conversely many solutions may exist. 
The most common situation in predictive risk mapping vector arthropod 
seasonal sampled endemic transmission oriented explanatory covariate 
coefficients is where kN >  data points are observed. In this case, there 
is enough information in the ecological sampled datasets to estimate a 
unique value for β  that best fits the multivariate vector arthropod-
related seasonal sampled datasets. Thereafter, the regression analysis 
can provide the tools for finding a solution for unknown parameters 
( )β.,e.g  that will, for example, minimize the habitat distance between 
the measured and predicted larval density count values of the dependent 
variable Y. Interestingly, under certain statistical assumptions, the 
regression analysis in PROC GLM would use the surplus seasonal 
sampled vector arthropod-related endemic transmission oriented data to 
provide statistical information about the unknown parameters β  and 
predicted values of the dependent variable Y as well. 

Thereafter, priori contrasts would be available to perform hypothesis 
testing using any dataset of empirical sampled vector athropod-related 
explanatory covariates. By so doing, an overall F test may be employed to 
quantitate exact parameter estimator significance. Post hoc tests may 
also be employed to evaluate differences among specific means. 
Estimated marginal means can also be generated to provide estimates of 
predicted mean values for the cells in seasonal-sampled vector arthropod 
related endemic transmission-oriented risk model profile plots              
(i.e., interaction plots) based on calculated means which can allow further 
visualization of the sampled estimator’s relationships to a dependent 
variable in parameter space. Residuals, predicted values, Cook’s distance, 
and leverage values can then be saved as new variables in the data file 
for checking seasonal assumptions. By doing so, weighted least square 
(WLS) would allow specification of any sampled vector arthropod-related 
predictor variable employed during the construction of the risk model. 
Thereafter, to compensate for variations in the precision of the 
georeferenced vector multivariate arthropod-related seasonal-sampled 
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measurements in the empirical ecological dataset of explanatory 
covariate coefficients, a robust uncertainty estimator can be employed for 
attaining optimal residual forecasts. 

Alternatively, REML may be employed as a method for fitting linear 
mixed robust predictive seasonal multivariate vector arthropod-related 
endemic transmission-oriented risk models in PROC GLM. In contrast to 
a simple ML estimation, REML may produce unbiased estimates of 
variance and covariance parameters in risk model residual forecasts for 
targeting endemic transmission oriented explanatory covariate 
coefficients. By doing so, a standard approach may be also employed in 
PROC GLM to further stabilize a regression-based matrix. Computing 
the REML estimator under some simple structure would only then 
require estimation of a few parameters for determining compound 
symmetry or independence in the residual forecasts. However, these 
estimators may not be consistent unless the hypothesized structure is 
correct. If the interest of the vector ecologist and/or a local abatement 
district manager focuses solely on estimation of only some specific vector 
arthropod-related regression coefficients, for example, with correlated or 
longitudinal data, a sandwich estimator of the covariance matrix may be 
alternatively employed to provide standard errors for the estimated 
coefficients. 

Sandwich estimators for standard errors are often useful when model 
based estimators are very complex and difficult to compute and robust 
alternatives are required [1]. Consider the fixed part of a seasonal vector 

arthropod-related multivariate predictive risk model ( ( ) 11ˆˆe.g., −−=β XVX r  

)YVX r 1ˆ −  where covariance matrix is given by ( ) 11ˆ −− XVX r   

( ) ( ) .ˆˆcovˆ 1111 −−−− XVXXVXYVX rr  If the vector ecologist or a local 
abatement district manager replaces the central covariance term by the 

usual (i.e., normal) model based value, -V, the formula ( ) 11ˆ −− XVX r  then 
could be obtained with sample estimates being substituted liberally. The 
sandwich estimator would then be formed in the predictive multivariate 
vector  arthropod-related  endemic  transmission model by replacing the 
estimate of the central covariance term, ( ),cov XY  by an empirical 
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estimator based on the block diagonal structure cross product matrix, 

namely, ( ) .~~,ˆ~,~~ VYYEXYYYYV rr =β−==∗  For the estimated set of 
residuals for the j-th block at level h, the sub/superscript h would be then 

given by ( ) .~ˆ 1YVZu r
j

−Ω=  Thereafter, to obtain consistent estimators of the 

covariance matrix of these residuals, comparative or diagnostic estimators 
may be chosen. By doing so, the diagnostic estimator would then be given 

by ( ) ( ) ( ) .ˆˆ 11 ΩΩ= −∗−
j

r
j

r ZVVVZuuE  Interestingly, if the predictive 

multivariate seasonal endemic transmission-oriented risk model based 
estimator VV =′  is employed for parameter estimator significance 
testing,, this estimator would reduce to the expression of the cross product 
matrix estimator .V ′  A comparative seasonal predictive multivariate vector 
arthropod-related risk model estimator then could be expressed as 

[( ) ( ) ] ( ) ( ) ( ) ( )ΩΩ−Ω+ΩΩ=−− −−∗−
j

r
jj

r
j

r ZVZZVVVZuuuuE 111 2ˆˆ  when 

the model based estimator is .V=  

Fortunately, there exists two general shrinkage approaches for 
estimating the covariance matrix and regression coefficients in most 
commercial statistical packages for robust vector arthropod-related 
endemic transmission oriented residual uncertainty modeling. The first 
involves shrinking the eigenvalues of the unstructured REML estimator. 
The second involves shrinking an unstructured estimator toward a 
structured estimator. For both cases, the multivariate seasonal-sampled 
vector arthropod-related data parameter estimator quantitation methods 
would calculate the amount of shrinkage. These estimators may then be 
determined to be consistent and thus provide asymptotically efficient 
estimates for the seasonal-sampled vector arthropod-related regressed 
coefficients. Simulations have shown improved operating characteristics 
of the shrinkage estimators of the covariance matrix and the regression 
coefficients in finite samples [1]. The final estimator chosen would then 
optimally include a combination of both shrinkage approaches in the 
multivariate vector arthropod-related residual forecasts (i.e., shrinking 
the eigenvalues and then shrinking toward structure). By doing so, 
constructive recommendations can be provided for making robust 
inferences employing a particular shrinkage estimator that could then 
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provide a reasonable compromise between structured and unstructured 
seasonal-sampled vector arthropod-related parameter estimators. This is 
of course assuming that the coefficients remain consistent under 
misspecifications of the covariance structure. With large matrices derived 
from seasonal sampled vector arthropod related empirical datasets, the 
efficiency of the sandwich estimator would however become rather 
worrisome since the independent variables would not be altogether 
perfectly correlated. Instead the estimates and their standard errors 
would be high. For example, the estimated beta weights may be larger 
than 1.0 indicating multicollinearity exists in the multivariate vector 
arthropod-related residual forecasts. 

Multicollinearity is a statistical phenomenon in which two or more 
predictor variables in a multiple regression model are highly correlated, 
meaning that one can be linearly predicted from the other(s) with a 
nontrivial degree of accuracy. In this situation, the seasonal vector 
arthropod-related regression coefficient estimates may change erratically 
in response to small changes in the model. Multicollinearity in a seasonal 
multivariate vector arthropod-related endemic transmission-oriented risk 
model would not reduce the predictive power or reliability of the 
predictive risk model as a whole, at least within the sample covariate 
coefficient themselves, but it would affect calculations regarding 
individual observational predictors. That is a regression-based predictive 
multivariate seasonal vector arthropod-related risk model with 
correlated endemic transmission-oriented predictors may indicate how 
well the entire bundle of regressed explanatory covariate coefficients 
forecasts the outcome variable, but it may not give valid results about 
any individual sampled predictor. 

Note that multicollinearity is a multivariate problem in a seasonal 
predictive vector arthropod-related risk model not a bivariate problem 
[2]. That means that a simple perusal of the bivariate correlation matrix 
may not be sufficient to eliminate consideration of the problem of 
multicollinearity in the risk model. The problem is not only that the 
independent variables may be highly correlated, but that only one 
independent variable may only be highly correlated in the model. Thus, 
vector ecologist and/or a local abatement district manager would have to 
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examine the 2R  of each independent variable regressed against the 
independent variables. Fortunately, this is easy with most statistical 
programs (e.g., SPSS) since multicollinearity diagnostics are commonly 
rendered with the model output values. For example, the tolerance 
printed on any SPSS output would be the proportion of variance in any 
seasonal sampled vector arthropod-related independent variable         
(e.g., total seasonal larval density count) which is not explained by its 
relationship with the other independent variables. As such, the final 

forecasts values would be better expressed as ,R1 2−  with the 2R  
resulting from regressing a particular seasonal-sampled vector arthropod-
related independent variable (e.g., total weekly rainfall) against all other 
independent variables. 

Fortunately, there are many clues that can be provided by the 
covariance matrix in most commercial statistical software packages about 
the robustness of the predictive regression coefficients. For example, if 
the regression coefficient values are “large”, this would indicate a 
problem of multicollinearity in the residual forecasts targeting the 
statistically significant multivariate vector arthropod-related endemic 
transmission-oriented explanatory covariates. As a rule of thumb, if any 
of the variance inflation factor (VIF) in a predictive multivariate seasonal 
vector arthropod-related risk model is greater than 10, there is a 
multicollinearity problem. In statistics, the VIF quantifies multicollinearity 
in an ordinary least squares (OLS) regression analysis by providing an 
index that measures how much the variance (i.e., the square of the 
estimate’s standard deviation) of an estimated regression coefficient is 
increased because of collinearity [1]. The OLS  a method for estimating 
the unknown parameters which minimizes the sum of squared vertical 
distances between the observed responses and the responses predicted by 
the linear approximation approximation [2]. Then, if the following linear 
model with k independent variables: ε+β++β+β+β= kkXXXY …22110  
is considered for fitting an empirical sampled seasonal dataset of vector 
arthropod-related endemic transmission oriented explanatory covariate 
coefficients, the standard error of the estimate of jβ  would be the square 

root of the .1+j   
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Further, 1+j  element of ( ) ,12 −XXs  where s is the root mean 
squared error (RMSE), may then be calculated when constructing a 
seasonal vector arthropod-related endemic transmission-oriented 
uncertainty risk model. The RMSD is a frequently used measure of the 
differences between values predicted by a model or an estimator and the 
values actually observed [1]. The RMSD serves to aggregate the 
magnitudes of the errors in predictions for various times into a single 
measure of predictive power in a seasonal predictive vector arthropod-
related model. For example, Jacob et al. [2] determined that RMSE2 is an 

unbiased estimator of the true variance of the error term, ,2σ  in a 
seasonal black fly (i.e., Similium damnosum s.l.) riverine larval habitat 
model employing multiple georeferenced field and remote sampled 
spatiotemporal parameter estimators. The authors constructed the 
regression model for determining robust predictors of onchocerciasis in a 
riverine epidemiological study site in Togo. Onchocerciasis is a parasitic 
disease transmitted to humans through the bite of a black fly of the 
genus Similium, which causes impaired lymphatics, eyes lesions, and 
blindness. In their model, X was the regression design matrix (i.e., a 
matrix such that 1, +jiX  was the sampled value of the j-th independent 

variable for the i-th S. damnosum s.l. larval habitat-related seasonal-
sampled observation whereby 1,iX  equaled 1 for all i). The authors then 

found that the square of this standard error in the model estimated the 
variance of the estimate of ,jβ  which was expressed by using 

n ( )
( )n ( )

2

2
1ˆvar ,

1 var 1j
j j

s
n X R

β = ⋅
− −

 where 2
jR  was the multiple 2R  for the 

regression of jX  against the other sampled covariate coefficients [i.e., a 

regression that did not involve the total count response variable Y ]. This 
identity separated the influences of several distinct factors on the 

variance of the coefficient estimate since 2s  revealed a greater scatter in 
the seasonal sampled S. damnosum s.l. larval habitat data around the 
regression surface which then subsequently lead to proportionately more 
variance in the coefficient estimates. 
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Further, the n seasonal sample size (i.e., 31 larval habitats) resulted 
in proportionately less variance in the coefficient estimates while 
n ( )var jX  revealed a greater variability in the sampled endemic 

transmission oriented explanatory covariate Distance from a 
georeferenced larval habitat capture point, which then lead to 
proportionately less variance in the corresponding forecasted coefficient 
estimate. The authors then determined that the remaining term 

( )211 jR−  was the VIF which reflected all other factors that influenced 

the uncertainty in the coefficient estimates. Interestingly, the authors 
noted that the VIF equaled 1 when the vector jX  was orthogonal to each 

column of the design matrix during the regression of jX  based on the 

other sampled larval habitat covariate coefficient values. By contrast, the 
VIF was greater than 1 when the vector jX  was not orthogonal to all 

columns of the design matrix during the regression of jX  based on the 

other coefficient values. Finally, the VIF was found to be invariant to the 
scaling of the seasonal-sampled predictor variables. That is, the authors 
had the ability scale each seasonal-sampled S. damnosum s.l. larval 
habitat predictor variable jX  by a constant jc  without changing the 

VIF. By estimating the regression equations, the riverine larval habitat 
model revealed that the correlations among the independent variables 
was 813 thus, multicollinear variables were present in the residually 
forecasted derivatives. 

Frameworks for coding protocol in some statistical packages (e.g., R, 
Stata) may help analyze hierarchical predictive linear vector arthropod-
related error-based model applications. These issues could include:         
(a) model development and specification, which would cover issues of 
centering, selection of predictors, specification of covariance structure, fit 
indices, generalizability, and checks on specification; (b) data considerations 
including distributional assumptions, outliers, measurement error for 
predictors and outcomes, power, and missing data; (c) estimation 
procedures including alternative procedures such as bootstrapping; and 
(d) hypothesis testing for making statistical inferences about variance 
parameters and fixed effects. For this purpose, previously two major 
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methods: expectation-maximization (EM) REML and Bayesian via Gibbs 
sampling have been combined to determine unbiased seasonal 
multivariate vector arthropod-related parameter estimators.  

Expectation-maximization REML is regarded as a very stable 
algorithm that is able to converge when covariance matrices are close to 
singular, however, it is slow. Further, convergence problems can occur 
with random regression models, especially, if the starting vector 
arthropod seasonal sampled endemic transmission-oriented risk-based 
covariate coefficient values, for example, are much lower than those at 
convergence. Average information (AI) REML is much faster for common 
problems, but it relies on heuristics for convergence. Regardless, it may 
be very slow or even diverge when regressing complex seasonal predictive 
multivariate vector arthropod-related model parameter estimators. 
REML algorithms for general models become unstable with larger 
number of traits [1]. Conversely, REML by canonical transformation is 
stable for regressing smaller sampled datasets but, in such cases only a 
limited class of models can be supported in current software platforms.  

In general, REML algorithms are difficult to program. Bayesian 
methods via Gibbs sampling are much easier to program with REML, 
especially for complex models such as predictive seasonal multivariate 
vector arthropod-related endemic transmission-oriented risk models as 
they can support much larger datasets; however, the termination 
criterion can be hard to determine. Computing speed will then also vary 
with computational optimization techniques causing some large vector 
arthropod-related endemic transmission-oriented parameter estimator 
datasets and complex models to be unsupported in a reasonable time. 

Parameter expanded and standard EM algorithms may be also 
described for reduced rank estimation of covariance matrices constructed 
from seasonal vector arthropod-related explanatory covariate coefficients 
by REML, but for model fitting only. By doing so, leading principal 
components can be then quantized in a robust seasonal predictive 
multivariate vector arthropod-related endemic transmission-oriented 
model. Convergence behaviour of these algorithms may then be 
examined. Implications for practical regression-based seasonal vector 
arthropod-related predictive risk-based analyses can then be seasonally 
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summarized. It may be shown, for example, that EM type algorithms are 
readily adapted to reduced rank estimation and convergence when 
constructing a robust seasonal predictive vector arthropod-related 
endemic transmission oriented risk model. However, as is well known for 
the full rank case, the convergence in the model would be linear and thus 
slow. Hence, these algorithms may be only useful in combination with the 
quadratically convergent average information algorithms, in particular, 
in the initial stages of an iterative solution scheme for predictive 
multivariate risk mapping seasonal sampled vector arthropod-related 
risk-based georeferenced feature attributes. Unfortunately, estimation 
based on the standard assumptions may still lead to inconsistent 
forecasts for targeting the statistically significant endemic transmission-
oriented estimators as the residual outputs may not reflect the true 
correlation coefficient values in the ecological empirical sampled dataset. 

Complications can also arise when constructing univariate statistics 
and predictive regression-based models (e.g., Poisson, Logistic) based on 
seasonal-sampled empirical arthropod-related explanatory covariate 
coefficients. For example, commonly seasonal-sampled vector arthropod-
related endemic transmission-oriented georeferenced data attributes 
tend to be limited due to zero-inflated model outputs. In statistics, a zero-
inflated model is a statistical model based on a zero-inflated probability 
distribution (i.e., a distribution that allows for frequent zero-valued 
arthropod-related seasonal observations) [2]. Because seasonal-sampled 
arthropod-related data traditionally contains excessive zero counts, these 
data are typically heteroscedastic. The existence of heteroscedastic 
residuals is a major concern in predictive linear risk modeling as it can 
invalidate statistical tests of significance that assume that the modeling 
errors are uncorrelated and normally distributed [1]. 

Further, to complicate matters, the number of important seasonal 
vector arthropod-related endemic transmission-related factors may be 
represented only by a few of the georeferenced explanatory observational 
regressors in a large empirical vector arthropod-related ecological 
dataset. That is, only a few log-transformed endemic transmission-
oriented explanatory covariate coefficients would be able to accurately 
quantitate the majority of the seasonal variation in a predictive endemic 
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transmission-oriented risk model. For example, in an empirical seasonal-
sampled dataset of vector arthropod-related larval habitat density count 
values, the estimators would not increase homogeneously at all sampled 
sites during the time-frame when the data was collected. Thus, even 
though seasonal aggregations of regressed habitat data attributes can 
reflect vector arthropod-related endemic transmission-oriented 
parameter estimator statistical significance levels, the input data must 
be properly sampled and then selected during simulation exercises to 
encompass any heterogeneous dependent variables. By doing so, a vector 
ecologist or a local abatement district manager may then extend the 
identification results for non-parametric simultaneous equations models 
as in Matzkin [3]. This would be important in situations where the 
observations on the vector of dependent variables might be limited, and 
where the number of exogeneous unobservable vector arthropod-related 
predictor variables is larger than the number of dependent variables. 

Thereafter, new identification results for non-parametric limited 
dependent variable models can be robustly determined by employing the 
empirical sampled explanatory vector arthropod-related covariate 
coefficients. Commonly, these models can be subject to simultaneity in 
latent or observable continuous variables, and may thus depend on a 
large number of unobservable seasonal vector arthropod-related predictor 
variables. Conditions can then be provided under which the distribution 
of the vector of unobservable seasonal sampled vector arthropod-related 
endemic transmission-oriented-related predictor variables, as well as, the 
functions of the unobservable and observable variables are non-
parametrically regressed. The residual results may thereafter be applied 
to a wide range of seasonal multivariate vector arthropod-related 
predictive risk models. In particular they can be applied to binary 
threshold crossing models, ordered dependent variable models and 
censored dependent variable models with continuous endogeneous 
explanatory variables with no dummy or other limited estimators. 
Models with “no structural shifts” considered in Heckman [4], for 
example, belong to this type. Examples of empirical situations that can 
be analyzed employing such unobservable sampled multivariate vector 
arthropod-related endemic transmission-oriented predictive models 
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include those that contain spatiotemporal variations in density count 
data variables (e.g., seasonal-sampled larval habitat values). Commonly, 
the construction of these models proceeds by first transforming the model 
with limited dependent variables employing a large number of 
unobservable variables transformed into ‘observable’ continuous 
dependent variables whereby, the same number of unobservable 
variables as the number of dependent variables are regressed. The 
transformed model may then satisfy the conditions of the residual 
forecasts rendered. To determine the identification of this transformed 
model, thereafter, the identification results for simultaneous equations 
models can be developed as in Matzkin [3]. As such, the identified 
elements in the transformed unobservable seasonal predictive 
multivariate vector arthropod-related endemic transmission-oriented 
regression-based risk model together with the particular structures of the 
original model can be employed for the identification of the elements of 
the original model. Such elements would be the particular functions and 
distributions generating the distribution of the unobservable vector 
arthropod-related seasonal-sampled predictor variables in the 
transformed model’s structural equations. Further, the residual endemic 
transmission-oriented outputs would be able to describe the interaction 
among the latent and observable dependent variables along with the 
observable exogeneous variables while simultaneously quantitating the 
seasonal unobservable exogeneous variables. 

Transforming the non-parametric model with limited dependent 
variables into another non-parametric seasonal predictive vector 
arthropod-related endemic transmission-oriented risk model with 
‘observable’ continuous dependent variables may then extend some of the 
original idea as in Manski [4]. In this paper, Manski showed, among 
other things, that one can identify and consistently estimate the 
coefficients of linear subutility functions in discrete choice models 
without specifying parametrically the distribution of the unobservable 
random subutilities. Two of the key elements in Manski’s [4] proof of 
identification were a scale normalization on the vector of coefficients and 
assumptions on a regression. This proof causes seasonal multivariate 
vector arthropod-related data to possess a strictly increasing distribution 
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conditional on the other regressors and a nonzero coefficient. These same 
assumptions may be then employed in a large number of distribution-free 
methods for constructing binary and multinomial robust seasonal vector 
arthropod-related endemic transmission-related predictive seasonal risk 
models. In particular, Cosslett [5] showed how these same elements may 
deliver as well as identify the distribution of the unobservable random 
term independent of the regressors. Matzkin [3] then used an additive 
regressor for strictly increasing conditional distribution and nonzero 
coefficients. Instead of the scale normalization, Matzkin specified the 
coefficient of this regressor to have the value one. By doing so, he was 
able to reveal that when the latent variable in binary threshold crossing 
or binary choice model is employed, the sum of this regressor plus a non-
parametric function of the other regressors, plus the unobservable 
random, term would enable the non-parametric function and the 
distribution of the unobservable random, term to be identifiable. Matzkin 
[3] developed the results assuming that the additive unobservable 
random term was distributed independently of the vector of all 
observable explanatory variables. Lewbel [6] then showed that the 
continuous large support regressor need only be independent of the 
unobservable variables, conditional on the other explanatory dependent 
covariate coefficients. By so doing, this model specification would allow 
any seasonal-sampled vector arthropod-related endogeneous regressor to 
be in the identification and quantitation of a variety of unobservable 
endemic transmission-oriented-related data feature attributes (e.g., 
georeferenced district location of an aggregation of prolific larval 
habitats). Further, a vector ecologist or a local abatement district 
manager may then seasonally quantitate statistical independence 
between the vector of all exogeneously determined endemic transmission-
oriented covariate coefficients and a vector of unobservable data 
attributes in the model residually forecasted estimators.  

Thereafter, the connection between quasi-likelihood functions, 
exponential family models and the non-linear weighted least squares can 
be invasively examined in a seasonal predictive vector arthropod-related 
endemic transmission oriented risk model. Consistency and asymptotic 
normality of the seasonal-sampled arthropod-related data can 
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additionally be discussed for employing second moment assumptions. 
Generally, to define likelihood in such a risk model the form of 
distribution of the observations must be quantitated, but to define a 
quasi-likelihood function only a relation between the mean and variance 
of the endemic transmission oriented observations and the quasi-
likelihood need to be employed for parsimonious uncertainty estimation. 
Unfortunately, for a one-parameter exponential family, the log-likelihood 
is the same as the quasi-likelihood [1], thus it follows that assuming a 
one-parameter exponential family would be the weakest sort of 
distributional assumption that could be efficiently constructed for a 
seasonally robust  predictive vector arthropod-related endemic 
trasnmission-oriented risk model. 

Fortunately, the Gauss-Newton method for calculating nonlinear 
least squares estimates generalizes easily to deal with maximum quasi-
likelihood estimates. A rearrangement of this algorithm would produce a 
generalization of the uncertainty method as described by Nelder and 
Wedderburn [8]. The uncertainty parameter estimators may then satisfy 
a property of asymptotic optimality in a seasonal predictive multivariate 
vector arthropod-related endemic transmission-oriented risk model thus, 
rendering optimal properties of Gauss-Markov estimators. In statistics, 
the Gauss-Markov theorem states that in a linear regression model in 
which the errors have expectation zero and are uncorrelated and have 
equal variances, the best linear unbiased estimator (BLUE) of the 
coefficients is given by the OLS estimator [9]. Thus, suppose 

,
1

iijj
K

j
i XY ε+β= ∑

=
 for jni ,,1=  are non-random but unobservable 

seasonal-sampled multivariate vector arthropod-related parameter 
estimators. The ijX  would then be the non-random and observable 

explanatory predictor variables, where iε  and Y are random (i.e., noise). 
By entering this model data into SAS, a vector ecologist or an abatement 
district manager can include a constant in the predictive multivariate 
arthropod-related endemic transmission-oriented model, and then, if so 
desired, choose to include the variable KX  for all observed seasonal 
sampled values n and the residual forecasts targeting the endemic 
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transmission-oriented explanatory covariate coefficients, where 1=iKX  
occurs for all the quantitated regressors. The Gauss-Markov assumptions 

would then be ( ) ∞<σ=ε 2
iV . Thereafter, employing ( ) jiji ≠∀=εε ,0,cov  

for ji ≠  would quantitate any of the noise terms drawn from an 
uncorrelated distribution rendered from the residual forecasts targeting 
the statistically significant endemic transmission oriented explanatory 
covariates. A linear estimator of jβ  is a linear combination 

,ˆ 11 nnjjj YcYc ++=β "  in which the coefficients ijc  are not allowed to 

depend on the underlying coefficients ,jβ  since those are not observable, 

but are allowed to depend on the values ,ijX  as these data are observable 

[9]. The dependence of the coefficients on each ijX  would then be 

nonlinear. Commonly, the estimator is linear in each iY  and hence, in 
each random ,iε  which is why this type of seasonal multivariate vector 
arthropod-related endemic transmission-oriented risk-based parameter 
estimator would be in the residual forecasts unbiasedly but if and only if, 

( ) jjE β=β̂  must represent the values of .ijX   

Further, by letting ∑
=
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K

j
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1
 be some linear combination of the 

coefficients, the mean squared error (MSE) of the corresponding 
predictive seasonal multivariate vector arthropod-related endemic 

transmission-oriented regression estimation [ ( ) ]
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would be the expectation of the square of the weighted sum across the 
sampled parameter estimators based on the differences between the 
estimators and the corresponding wxplanatory covariate coefficients to be 
regressed. Since commonly a vector ecologist and/or a local abatement 
district manager would assume that all the parameter estimates are 
unbiased, this MSE would be the same as the variance of the linear 
combination. The BLUE of the vector β  of parameters jβ  would then be 

associated with the smallest MSE for every vector λ  based on the linear 
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combination parameters in the predictive model. This would then be 

equivalent to the condition that ( ) ( )β−β ˆ~ VV  is a positive semi-definite 

matrix for every other linear unbiased estimator β~  in the residual 
forecasts as well. 

Interestingly, a predictive seasonal multivariate vector arthropod-
related endemic transmission-oriented risk model would be considered 

semipositive-definite (or sometimes nonnegative-definite), if 0≥∗Mxx  

for all x in nC  or, all x in nR  is employed for constructing the 
uncertainty matrix. A matrix M is positive-semidefinite, if and only if, it 
arises as the Gram matrix of some set of vectors [1]. In contrast to the 
positive-definite case, these vectors need not be linearly independent. For 

any matrix A, the matrix AA∗  is positive semidefinite, and 

rank ( ) ( )AAA ∗= rank  [1]. Conversely, any seasonal multivariate vector 
arthropod-related Hermitian positive semidefinite matrix M can be 

written as AAM ∗=  (i.e., Cholesky decomposition). In linear algebra, 
the Cholesky decomposition or Cholesky triangle is a decomposition of a 
Hermitian, positive-definite matrix into the product of a lower triangular 
matrix and its conjugate transpose [8]. However, a predictive seasonal 
multivariate vector arthropod-related risk model Hermitian matrix is 
positive semidefinite, if and only if, all of its principal minors are 
nonnegative. It is thus not enough to consider the leading principal 
minors only as is checked on the diagonal matrix with entries 0 and –1. 
Conversely, the predictive seasonal multivariate vector arthropod-related 
endemic transmission oriented risk model would be considered negative-

semidefinite, if, 0≤∗Mxx  for all x in nC  or, all x in nR  the uncertainty 
matrix. The OLS regression would then be based on the function 

( ) YXXX ′′=β −1ˆ  of Y and X, where X ′  denotes the transpose of X which 
then subsequently would minimize the sum of squares of residuals (e.g., 

predictions) using: ( ) .ˆˆ
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employing the OLS in a multivariate seasonal vector arthropod-related 
predictive model is that the least-squares estimator would be 
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uncorrelated with every linear unbiased estimator of zero (i.e., with every 
linear combination ,11 nnYaYa ++"  whose coefficients do not depend 
upon the unobservable β  but whose expected value is always zero) [1]. 

Thus, vector ecologists and local abatement district managers may 
employ a vast number of multivariate probability distributional 
approaches for quantitating seasonal-sampled vector arthropod-related 
endemic transmission-oriented explanatory covariate coefficients. 
Unfortunately, regardless of which statistical package is employed for 
constructing a seasonal predictive multivariate endemic transmission 
risk model, generally, there would be too much redundant information in 
the empirical datasets of the vector arthropod-related georeferenced 
spatial data feature attributes to construct a robust covariance matrix. 
Commonly a covariance matrix in a predictive vector arthropod-related 
model is represented as square matrix whose diagonal entries are the 
variances and whose off diagonal entries are the covariances between, 
the row/column labeling the endemic transmission oriented variables. 
For example, pseudospatially replicated data commonly arises from 
regressed seasonal-sampled larval density count values as the sampled 
productive habitats commonly share similar predictors due to spatial 
“nearness’’ [2]. As such, the multiple regression assumptions in the 
seasonal predictive arthropod-related endemic transmission-oriented 
uncertainty risk model matrix would be violated. The variation in a 
collection of  vector arthropod-related random points in two-dimensional 
space thus  may not be characterized fully by a single number, nor would 
the variances in the x and y directions contain all of the necessary 
information for efficient quantification of the sampled explanatory 
covariate coefficients. These departures from normality would include 
that the seasonal sampled arthropod-related endemic transmission-
oriented risk model residual forecast errors are normally distributed and 
that these errors have a constant predictive variance. 

Fortunately, redundant information in a seasonal predictive vector 
arthropod-related endemic transmission-oriented risk model can be 
seasonally quantitated based on projections in geospace of probability 
distributions. Spatial autocorrelation measures the correlation of a 
variable with itself through geospace [9]. The correlation among seasonal 
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sampled multivariate vector arthropod-related explanatory covariate 
coefficient values of a single variable strictly attributable to their 
relatively close locational positions on a two-dimensional surface will 
introduce a deviation from the independent observations assumption of 
classical statistics. Quantitating regressional replicated seasonal-
sampled multivariate vector arthropod-related endemic transmission-
oriented explanatory covariate coefficients in geospace using 
autocorrelation statistics may enable accurate formalized non-negative 
decomposition of the duplicated data into standard errors of prediction. 

Currently, the standard method for analyzing regional ecological 
spatial autocorrelation trends in seasonal-sampled vector arthropod-
related multivariate empirical datasets is the Mantel test. This test can 
spatially quantitate the overall relationship between distance and 
similarity between sampled sites (e.g., georeferenced vector arthropod-
related larval habitats). Typically, when performing a Mantel test, a 
matrix consisting of the measurements between all pairs of sampled sites 
(e.g., larval habitats) and a matrix consisting of the similarity between 
the sampled values across all pairs of the seasonal-sampled arthropod-
related georeferenced sites are employed for determining “hot spots”. 
Thereafter, by plotting the correlation coefficients against a known vector 
arthropod-related Euclidean distance measurement (e.g., distance 
between a sampled georeferenced larval habitats and the epidemiological 
capture point), a robust empirical predictive model could be constructed 
based on randomization or permutation tests for determining endemic 
zones of importance (e.g., hyperendemic) and their seasonal-sampled 
transmission-oriented explanatory covariate coefficients. For example, 
the correlation between two empirical vector arthropod-related larval 
habitat datasets could be calculated and the measure of correlation 
reported using the test statistic on which the seasonal predictive 
multivariate endemic transmission-oriented risk model would be based 
upon. 

In principle, any correlation coefficient could be employed for 
constructing a robust seasonal multivariate predictive vector arthropod-
related endemic transmission-oriented risk model but normally the 
Pearson product-moment correlation coefficient is most commonly used. 
A robustly quantized Pearson’s correlation coefficient generated between 



BAYESIAN MODELS FOR REGRESSING ONCHOCERCIASIS …  25

any two georeferenced vector seasonal-sampled arthropod-related 
endemic transmission-oriented observational predictors could be then 
defined as the covariance of the two estimators divided by the product of 
their standard deviations. The formula for ρ  in the seasonal predictive 
multivariate vector arthropod-related model would then be 

( ) [( ) ( )]
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a formula for r and by substituting the seasonal vector arthropod-related 
predictive risk estimates of the covariances and variances based on a 
sample into the Pearson’s correlation coefficient formula 
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could be rendered for the predictive squared correlation coefficient. 
Further, based on a sample of paired seasonal vector arthropod-related 
larval habitat spatial data feature attributes ( ),, ii YX  for example, the 
sample Pearson correlation coefficient could be written as 
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forecasts from the regressed endemic transmission-oriented seasonal-
sampled explanatory covariates. 

Presently, many statistical packages include routines for carrying out 
the Mantel test. For example, employing ade4 library, a vector ecologist 
or a local abatement district manager can perform a robust Mantel test 
in R, a free software environment for computing predictive models and 
graphics (http://www.rproject.org/). Unfortunately, to run a Mantel test 
accurately for quantitating latent autocorrelation uncertainty coefficients 
in residual forecasts for optimally targeting seasonal vector arthropod-
related endemic transmission-oriented explanatory covariate correlation 
coefficients, there would be a necessity to generate two distance-based 
matrices: one containing spatial distances and the other one containing 
distances between measured outcomes at a sample point (e.g., 
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georeferenced capture point). In the measured outcome matrix then 
entries for pairs of sampled georeferenced vector arthropod-related larval 
habitat locations with similar outcomes (e.g., larval density counts) may 
be then determined to be lower than for pairs of sampled georeferenced 
larval habitats with dissimilar values. This can be further tested 
employing the dist function in R also. Routinely, the Mantel model 
function would perform two distance correlation tests employing the 
mantel.r test. The first test would consist of calculating the correlation 
of the entries in the matrices and then permuting the matrices by 
calculating the same test statistic under each permutation. The second 
test would then compare the original test statistic to the distribution of 
test statistics in a seasonal predictive multivariate vector arthropod-
related risk endemic transmission-oriented model from the permutations 
to generate a p-value. The number of permutations would then define the 
precision with which the risk model residually forecasts p-values. 

The number of permutations in a robust multivariate seasonal vector 
arthropod-related endemic transmission-oriented predictive risk model 
can then be specified by a vector ecologist or a local abatement manager 
by employing a default of 99, for example. By so doing, a collection of n 
distinguishable vector arthropod-related seasonal-sampled objects (e.g., 
larval habitats) values can be provided by quantiting a permutation 

relationship: ( )!
!
rn

nrnP
−

=  [1]. Thereafter, based on the residual 

forecasts, the null hypothesis in the risk model may be accepted or 
rejected. Validation exercises can then be based on the covariance 
matrices, spatial distance, and sampled larval habitats distance 
measurements that may or may not be unrelated when alpha ,05.0=  for 
example. The observed correlation in the seasonal predictive vector 

arthropod-related endemic transmission-oriented risk model pseudo 2R  
may then suggest that the matrix entries are positively/negatively 
associated in geospace. Further, smaller differences in the predictive 
seasonal risk model estimators may be observed among sampled pairs of 
stations (e.g., georeferenced larval habitats) that are close to each other 
as compared with those habitats that are farther from each other. 
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Note that since this test would be based on random permutations, the 
same code will always arrive at the same observed correlation but, 
fortunately rarely of the same p-value in an ecological dataset of seasonal 
predictive vector arthropod-related endemic transmission oriented 
regression-based risk validation model residual forecasts. Instead, the 

computation would yield a Z statistic: ,
11
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would represent the distance matrices. More commonly, this statistic 
would be normalized via a standardized normal transformation where 
the mean of the seasonal predictive vector arthropod-related regression-
based uncertainty matrix is subtracted from each element. Thereafter, 
each element would be divided by the standard deviation. This then 

would yield an r statistic: [ ].1.,i.e
−

= ∑∑
n
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r ijij  The significance 

of the test statistic derived from the seasonal predictive vector arthropod-
related risk based endemic transmission-oriented model could then be 
assessed by one of two methods. Commonly, a permutation test is 
performed if the empirical datasets is small in sample size ( ).20<n  
Conversely, for large sample sizes (e.g., a seasonal predictive vector 
arthropod-related endemic transmission-oriented risk model with an 

100>n ) significance of the estimators may be determined by an 
asymptotic t-approximation where the test statistic is transformed into a 
t statistic. A significant result may then indicate spatial autocorrelation 
in the residual forecasts targeting the endemic transmission-oriented 
explanatory covariates. 

Unfortunately, Mantel tests have two disadvantages for performing a 
robust space-time seasonal multivariate predictive vector arthropod-
related endemic transmission-oriented autocorrelation-based risk 
analyses. First, the selection of critical space-time distances for data 
transformation for the Mantel test is subjective. Second, since the Mantel 
statistic is the sum of the products of space and time distances, only 
sampled coefficients linear in form should be expected in the contagious 
processes of a robust predictive vector arthropod-related risk model. 
Further, the test would not be sensitive to non-linear associations 
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between small space and time distances in the risk model residual 
forecasts. Additionally, Mantel tests have poor performance compared to 
alternative methods, including those that employ low power. As such, 
under inflated type-I error features frequently occur in vector arthropod-
related predictive risk models. A remedy for the inflated type-I error of 
three-way Mantel tests for quantitating the sampled vector arthropod-
related endemic transmission-oriented explanatory covariate coefficients 
may be performed by using permutations, however, this test may display 
considerably lower power than independent contrasts. Thus, the use of 
the Mantel tests for constructing a robust seasonal predictive vector 
arthropod-related endemic transmission-oriented risk model may render 
biased misspecified residual forecasts. This situation may be amplified in 
cases in which the seasonal-sampled data feature attributes are 
expressed as pairwise distances in the datasets of the seasonal-sampled 
vector arthropod-related data attributes (e.g., Euclidean distances 
between prolific sampled larval habitats) for targeting statistically 
significant seasonal multivariate endemic transmission-oriented 
explanatory covariate coefficients. 

The k nearest neighbour (k-NN) statistic is another technique 
whereby, the number of case pairs that are k nearest neighbours in both 
space and time are evaluated under the null hypothesis of independent 
space for constructing a robust seasonal multivariate predictive vector 
arthropod-related endemic transmission-oriented model. The test may be 
applied for quantitating nearest neighbour relationships associated to 
georeferenced endemic transmission-oriented larval habitat explanatory 
covariate coefficients, for example. The k-nearest neighbour algorithm is 
among the simplest of all machine learning algorithms [1]. In this 
algorithm, the seasonal-sampled vector arthropod-related object (e.g., 
georeferenced larval habitat) would be assigned to the class most 
common among its k nearest neighbours where, k is a positive integer. 
Thus, if ,1=k  in a predictive multivariate seasonal vector arthropod-
related risk model is assigned to the class of its nearest neighbouring 
georeferenced larval habitat endemic transmission-oriented explanatory 
covariate, the estimators may be spatially delineated based on sampled 
coefficient values. The same method can then be employed for regression 
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of the sampled explanatory uncertainty covariate coefficients by simply 
assigning the property value for a specific vector arthropod-related object 
(e.g., larval habitat capture point) as the average of the seasonal-sampled 
values, for example, based on its k nearest neighbours. The algorithm 
may be also useful for determining significant seasonal-sampled 
parameter estimators since the weight of the contributions of the 
neighbours derived from nearer sampled larval habitats neighbors may 
be deemed to contribute more to disease transmission than the more 
distant habitat neighbors. 

Importantly, employing k-NN as a common weighting scheme for 
constructing a robust predictive multivariate seasonal vector arthropod-
related endemic transmission-oriented risk model would render each 
neighbour a weight of ,1 d  where d is the distance to the neighbour. This 
scheme would be a generalization of a weighted matrix. The neighbours 
(e.g., georeferenced larval habitats) can then be taken from a set of 
objects for which the correct classification or, in the case of regression, 
the value of the property, is known. This can be thought of as the 
training set for the algorithm for efficiently quantitating an empirical 
dataset of seasonal-sampled vector arthropod-related georeferenced 
endemic transmission-oriented explanatory covariate coefficients 
although no explicit training step would be actually required. The k-NN 
would then determine sensitivity to the space-time interaction patterns 
expected and exhibited by the regressed endemic transmission-oriented 
cluster-based covariates. Fortunately, the k-NN algorithm would not 
require parameters such as critical distances between the sampled 
predictor variables to be estimated and thus, the algorithm, may be 
further employed to test various hypotheses about the spatial and 
temporal scale of any significant clustering processes. By doing so, the   
k-NN method would address significant weaknesses in the existing 
space-time predictive multivariate seasonal vector arthropod-related risk 
model cluster tests as well. In pattern recognition, the k-NN is a non-
parametric method for classifying objects based on closest training 
examples in feature space [4]. The k-NN is a type of instance-based 
learning, or lazy learning where the function is only approximated locally 
and all computation is deferred until classification [1]. As such, the         
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k-nearest neighbour algorithm would be also sensitive to the local 
structure of the seasonal-sampled latent serially correlated vector 
arthropod-related spatial data feature attributes. Further, nearest 
neighbour rules would be able to implicitly compute the decision 
boundary in the endemic transmission-oriented risk model. 

Unfortunately, the nearest-neighbor method for predicting vector 
arthropod-related data suffers severely from the “curse of 
dimensionality”. The curse of dimensionality refers to various phenomena 
that arise when analyzing and organizing data in high-dimensional 
spaces (often with hundreds or thousands of dimensions) that do not 
occur in low-dimensional settings, such as the three-dimensional physical 
space [2]. The problem of lower dimensionality in a seasonal predictive 
multivariate vector arthropod-related endemic transmission-oriented risk 
model is that when the dimensionality increases, the volume of the space 
in the model would increase so fast that the available data becomes 
sparse. This scarcity would be problematic for seasonally delineating 
statistically significant endemic transmission-oriented explanatory 
covariates accurately since this would require determining significance of 
the each model parameter estimator. Unfortunately, quantitating 
predictive seasonal-sampled multivariate arthropod-related data often 
relies on detecting areas where larval habitats form groups with similar 
properties (e.g., prolific larval density counts) in high dimensional 
geospace. Subsequently, this would then require a robust weighted 
matrix for accurate spatial regressive quantitation and precise parameter 
significance estimation. Unfortunately, due to excessive latent 
autocorrelation in the forecasts in the dataset of non-linear empirical 
sampled datasets, the georeferenced explanatory uncertainty covariate 
coefficients would be misspecified. As such, the residual forecasts can 
appear to be sparse and dissimilar in many ways preventing common 
data organization strategies from being efficient for targeting important 
endemic transmission-oriented seasonal-sampled observational 
explanatory predictors. 

Another effect of high dimensionality on distance functions concerns 
k-nearest neighbour (k-NN) graphs constructed from a regressed dataset 
of predictive seasonal-sampled multivariate arthropod-related empirical-
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sampled explanatory covariates for precisely quantitating distance 
functions. For example, as dimensionality increases in degree 
distribution, the k-NN seasonal predictive multivariate endemic 
transmission-oriented risk model residually forecasted derivatives will 
skew to the right. In probability theory and statistics, skewness is a 
measure of the extent to which a probability distribution of a real-valued 
random variable “leans” to one side of the mean which can be positive or 
negative, or even undefined [1]. Statistical analyses of the output from a 
nonlinear seasonal predictive vector arthropod-related model must then 
take into consideration that such model parameters as (i.e., mean, 
variance, autocorrelation, and skewness) can be interdependent 
quantities, particularly as the system becomes less stable [2]. 

Griffith [9] implements spatial autoregressive models employing 
SAS’s nonlinear procedure PROC NLIN. This estimation is nonlinear 
because: (i) the Jacobian term, is a function of the spatial autocorrelation 
parameter which would then appear as a divisor of each predictive 
regression risk model term; and (ii) each coefficient appearing in the 
product term is multiplied by the spatial autocorrelation parameter. In 
vector calculus, the Jacobian matrix is the matrix of all first-order partial 
derivatives of a vector-valued function [2]. For example, suppose 

mnF RR →:  is a function which takes as input real n-tuples in a 
seasonal multivariate predictive vector arthropod-related endemic 
transmission-oriented risk model which produces real m-tuples in the 
residual forecasts. A function can then be provided by m a seasonal-
sampled dataset of larval habitat component functions, ( ),,,11 nxxF …  

( ).,,, 1 nm xxF ……  Thereafter, partial derivatives of all these functions 
with respect to the seasonal arthropod-related endemic transmission- 
oriented explanatory predictor variables ,,,1 nxx …  can be organized in 
an m-by-n matrix. The Jacobian matrix J of F would then be illustrated 

as .
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 This matrix can thereafter reveal functions 



BENJAMIN G. JACOB et al. 32

of ,,,1 nxx …  whose entries can be part of a robust seasonal multivariate 
arthropod-related endemic transmission-oriented predictive regression-
based equation. The residual forecasts targeting the seasonal endemic 
transmission-oriented explanatory covariates would then be denoted by 

( )nF xxJ ,,1 …  and ( )
( ) .,,

,,
1
1

n
m

xx
FF

…
…

∂
∂  Further, according to the inverse 

function theorem, the matrix inverse of the Jacobian matrix of an 
invertible function in a predictive seasonal vector arthropod-related 
model would be the Jacobian matrix of the inverse function. 

In mathematics, specifically differential calculus, the inverse function 
theorem gives sufficient conditions for a function to be invertible in a 
neighborhood of a point in its domain [1]. The theorem also provides a 
formula for the derivative of the inverse function. An inverse function is a 
function that undoes another function [1]. If an input x into the function f 
produces an output y, in a seasonal predictive multivariate vector 
arthropod-related endemic transmission model then putting y into the 
inverse function g produces the output x, and vice versa, i.e., ( ) yxf =  

and ( ) .xyg =  More directly, if ( )( ) ,xxfg =  then ( )xf  leaves x 

unchanged in the risk model [1]. A function f in a seasonal multivariate 
predictive vector arthropod-related endemic transmission- oriented risk 
model that has an inverse function would then be invertible. The inverse 
function in the model would be thereafter uniquely determined by f 

and/or by .1−f  Instead of then considering the inverses for individual 
inputs and outputs in the predictive multivariate seasonal vector 
arthropod-related risk model residually forecasted derivatives, the 
function would instead send the whole set of inputs of the domain to a set 
of range outputs. If f is a function whose domain is the set X, and whose 
range is the set Y in the vector arthropod-related model, f would then be 
invertible in the residual forecasts for robustly statistically targeting the 
important endemic transmission-oriented explanatory covariates, but 
only if there exists a function g with domain Y and range X with the 
property: ( ) ( ) .xygyxf =⇔=  Further, since f is invertible, the function 
g would be unique in the predictive seasonal vector arthropod-related 
risk model when there is only one function g satisfying the model 
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outputs. That function g would then be the inverse of f and would then be 

denoted as 1−f  in the residual forecasts. Stated otherwise, a function is 
invertible in a predictive multivariate seasonal vector arthropod-related 
endemic transmission- oriented risk model, if and only if, its inverse 
relation is a function on the range Y, in which case the inverse relation 
would be the inverse function.  

It is important to remember that not all functions have an inverse. 
For this rule to be applicable thus, in a robust seasonal predictive 
multivariate vector arthropod-related endemic transmission-oriented risk 
model, each element Yy ∈  must then correspond to no more than one 

.Xx ∈  A function f with this property is called one-to-one, or information-
preserving, or an injective function [1]. In actuality, a function that 
preserves distinctness can never map distinct elements of its domain to 
the same element of its codomain. In other words, every element of the 
function’s codomain would be the image of at most one element of its 
domain in the risk model residual forecasts. If in addition, all of the 
elements in the codomain are in fact the image of some element of the 
domain in a seasonal predictive robust multivariate vector arthropod-
related endemic transmission oriented model, then the function would be 
a bijective function. 

Bijection (or bijective function or one-to-one correspondence) is a 
function giving an exact pairing of the elements of two sets [1]. As such, 
in a predictive seasonal vector arthropod-related risk model, every 
element of a seasonal-sampled dataset would be paired with exactly one 
element of another seasonal-sampled dataset and every element of the 
other dataset would be paired with exactly one element of the first 
sampled dataset. There can be no unpaired elements for proper 
spatiotemporal quantitation of georeferenced data variables [1]. In formal 
mathematical terms, a bijective function YXf →:  then would be one-
to-one mapping of a set X to a set Y. A bijection from the set X to the set 
Y has an inverse function from Y to X [1]. If X and Y are then finite sets 
in a seasonal predictive vector arthropod-related endemic transmission 
oriented risk model, then by bijection, they would have the same number 
of elements. For extremely large seasonal-sampled dataset (n > 100), the 
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picture unfortunately is more complicated, leading to the concept of 
including a cardinal number, which is actually a way to distinguish 
various sizes of infinite sets. A bijective function from a set to itself is 
also called a permutation [1]. Bijective functions are essential to many 
areas of mathematics including the definitions of isomorphism, 
homeomorphism, diffeomorphism, permutation group, and projective 
mapping (e.g., predictive seasonal vector arthropod-related endemic 
transmission-oriented risk modeling). 

As such, if the Jacobian of the function nnF RR →:  in a seasonal 
predictive multivariate vector arthropod-related endemic transmission- 

oriented risk model is continuous and nonsingular at the point p in ,nR  
then F would be invertible when restricted to some neighbourhood of       

p and ( ) ( )( ) [( ) ( )] .11 −− = pJpFJ FF  The spatial structuring would 
thereafter be achieved by constructing a linear combination of a subset of 
the eigenvectors of a modified geographic weights matrix, using 
( )C11I n′−  ( )n11I ′−  that appears in the numerator of the Moran’s 
coefficient (MC). 

Moran’s coefficient (MC) tests can quantitate global spatial 
autocorrelation coefficients in continuous data [1]. These spatial   
statistics can be based on cross-products of the deviations from the mean 
and can be calculated for n sampled predictive multivariate vector 
arthropod-related seasonal observations, for example, on a variable x      
at a sampled vector georeferenced larval habitat locations i, j as: 

( ) ( )

( )
,20 xx

xxxxw

S
nI

i
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jiij
ji
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−−

=
∑

∑∑
 where x  is the mean of the x variable, 

ijw  are the elements of the weighted matrix, and 0S  is the sum of the 

elements of the weight matrix: .0 ij
ji

wS ∑∑=  Moran’s I is similar but 

not equivalent to a correlation coefficient. It varies from –1 to +1. In the 
absence of autocorrelation and regardless of the specified weight matrix, 
the expectation of Moran’s I statistic would be ( ),11 −− n  in a seasonal 
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predictive vector multivariate arthropod-related endemic transmission-
oriented-related risk model which would tend to zero as the sample size 
in the empirical sampled ecological dataset increases. For a row-
standardized spatial weight matrix, the normalizing factor 0S  equals n 

(i.e., since each row sums to 1), and the statistic simplifies to a ratio of a 
spatial cross-product to a variance [2]. A Moran’s I coefficient larger than 

( )11 −− n  in the predictive multivariate seasonal residual forecasts 
targeting endemic transmission zones would then indicate positive 
spatial autocorrelation (PSA) [i.e., spatial aggregation] of a cluster based 
on similar sampled values (e.g., larval density counts); Conversely, 
Moran’s I less than ( ),11 −− n  would then indicate negative spatial 
autocorrelation (NSA) (i.e., dissimilar larval habitat values clustering in 
geospace). 

Thereafter, significance levels can be obtained by studying the matrix 
form of the MC in a seasonal multivariate predictive endemic transmission-
oriented risk model specifically employing the term ( )C11IY nTT −  
( )Y11I nT−  corresponding to the first summation the algorithm where 
I is an n-by-n identity matrix, 1 is an n-by-1 vector of ones, T is the 
matrix transpose operation, and ( )nT11I −  is the projection matrix that 
centers the vector Y [10]. The extreme eigenvalues of matrix expression 
( ) ( )nTnT 11IC11I −−  may then determine the range of the modified 
correlation coefficient in the ecological dataset of seasonal predictive 
multivariate arthropod-related endemic transmission-oriented risk model 
residual forecasts. The extreme eigenvalues of matrix expression 
( ) ( )nTnT 11IC11I −−   could then also determine the range of the 
modified correlation coefficient by using MC to quantitate latent NSA and 
PSA. 

Geary’s C statistic is based on the deviations in responses of each 

observation with one another: 
( )
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ranges from 0 (i.e., maximal positive autocorrelation) to a positive value 
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for high NSA coefficients [11]. Its expectation would be 1 in a robust 
seasonal predictive multivariate vector arthropod-related endemic 
transmission-oriented model in the absence of autocorrelation regardless 
of the specified weight matrix. If the value of Geary’s C is less than 1 in 
the endemic transmission-oriented risk model, for example, it would 
indicate PSA. Moran’s I is a more global measurement and sensitive to 
extreme values of x, whereas, Geary’s C is more sensitive to differences in 
small neighbourhoods [2]. In general, Moran’s I and Geary’s C result in 
similar conclusions. However, Moran’s I would be preferred in predictive 
seasonal multivariate vector arthropod-related risk mapping since 
Griffith [9] revealed that Moran’s I is consistently more powerful than 
Geary’s C. Regardless, there is no straightforward way to calculate 
Moran’s I and Geary’s C for spatially targeting endemic transmission-
oriented covariate coefficients by only using SAS for statistically 
targeting significant explanatory covariate covariates. 

Fortunately, freely available SAS code for the MC models, spatial 
random effects models, cluster detection, spatial diffusion, and much more 
can be found on-line (www.sas.edu). One source of code using PROC IML 
for robust autoregressive seasonal multivariate predictive vector arthropod-
related endemic transmission-oriented risk mapping can be found at the 
website of E. B. Moser at the Department of Experimental Statistics, Louisiana 
State University (http://www.stat.lsu.edu/faculty/moser/spatial/spatial.html). 
Unfortunately, the p-values calculated by “TESTOFI” and “TESTOFC” in 
the residual forecasts from a seasonal multivariate predictive vector 
arthropod-related endemic transmission-oriented risk model may be one-
sided in PROC NLIN. As such, there may be a cause for concern in 
“TESTOFC”, for proper quantitation of seasonal sampled vector 
arthropod-related data as it is calculated by using the same variance for 
two tests employing normality and randomization assumptions. Although 
the operating environment in which this particular version of SAS runs 
and the precision of the algorithms will not change, problems with the 
PROC NLIN. Model convergence can render biased error estimates. 

Recently, SAS has included many specific geographical functions for 
optimal predictive multivariate seasonal risk mapping vector arthropod-
related endemic transmission oriented georeferenced explanatory 
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covariate coefficients. The SAS/GIS and SAS/GRAPH software provide 
many mapping capabilities within SAS (see SAS/GIS 2008 and 
SAS/GRAPH 2008 for details about the software and its procedures). 
Also, SAS has implemented geostatistical procedures like PROC 
VARIOGRAM, which includes an option for computing Moran’s I and 
Geary’s C statistics using binary, row standardized or distance weighted 
matrices. Also available is spatially structured random effects 
intercept/option models based on a geostatistical semivariograms, using 
statements like repeated/sub = intercept type = SP (EXP) (U V), where 
EXP is the exponential characterization of semivariance and (U V) are 
geographic coordinate pairs. A spatially structured random effects 
intercept also can be specified for a predictive seasonal multivariate 
vector arthropod-related risk model without this built-in geostatistical 
option. As such, the residual forecasts targeting specific endemic 
transmission-oriented explanatory covariate coefficients and the other 
vital estimators including selected eigenvectors may be revealed in the 
model statement by specifying random intercept/type = VC sub = ID. 

Probably the most powerful use of SAS in spatial statistics for 
seasonal predictive multivariate vector arthropod-related endemic 
transmission-oriented risk mapping however, would be the ability to 
modify existing procedures to include spatial information in the residual 
forecasts. For example, PROC NLIN can be employed with weights to 
estimate any valid seasonal vector arthropod-related semivariogram by 
using the output of PROC VARIOGRAM. A spatial regression can then 
be specified with a variety of different methods in PROC NLIN. Further, 
PROC GENMOD can be used for generating generalized linear model 
(GLM) regression specifications from an ecological dataset of predictive 
robust endemic transmission-oriented seasonal multivariate risk model 
parameters by including eigenvector spatial filter proxy variables in the 
regression. Wang et al. [10] gives an example of wasteful commuting and 
sample SAS code using PROC LP to solve linear programming problems. 
These procedures, along with the flexibility of PROC IML, SAS’s 
interactive matrix language and the data step may enable the customized 
programming of many standardized quantitative geographical predictive 
seasonal multivariate vector arthropod-related predictive risk models, 
such as the Huff model, the Grain-Lowry model, and the doubly 
constrained gravity model. 
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Currently, the % GLIMMIX macro, available in the SAS/STAT® 
sample library, may extend the mixed model technology of PROC NL 
MIXED to a more robust generalized linear mixed model (GLMM). 
Originally available as a Webdownload for Windows and several UNIX 
platforms for SAS 9.1®, PROC GLIMMIX has been updated for SAS 9.2 
(www.sas.edu). The GLIMMIX procedure is an add-on for the SAS/STAT® 
in SAS® on the Windows platform, which is currently downloadable 
(support.sas.com). The GLIMMIX install creates an SAS® program called 
GLIMMIX_TPL.SAS. Meantime, the % NLINMIX macro, also available 
in the SAS/STAT® sample library may provide a similar framework for 
non-linear mixed seasonal multivariate vector arthropod-related endemic 
transmission-oriented predictive risk model construction.  The GLIMMIX 
procedure fits statistical models to data with correlations or noncontact 
variability especially where the response is not necessarily normally 
distributed. These generalized predictive models like linear mixed models 
would initially assume normal (i.e., Gaussian) random effects in the 
residual forecasts targeting the statistically significant vector arthropod-
related endemic transmission-oriented explanatory covariate coefficients. 
Conditional on these random effects, the seasonal-sampled data may 
have any distribution in the exponential family. This program can also 
create the templates needed to format the GLIMMIX procedure for 
constructing a robust vector arthropod-related endemic transmission-
oriented predictive uncertainty model. By doing so, SAS models can 
extend a mixed seasonal-sampled predictive endemic transmission-
oriented distribution model for more accurately delineating and 
seasonally targeting statistically significant explanatory covariate 
coefficients. 

For example, the ability to include data from non-Gaussian 
distributions rendered after regressing seasonal sampled endemic 
transmission-oriented explanatory covariates can implement low-rank 
smoothing based on SAS programming. Kalman filltering-smoothing is a 
fundamental tool in statistical time series vector arthropod-related 
predictive risk modeling. Standard implementations of the Kalman filter-
smoother would require O(d3) time and O(d2) space per time step, where 
d is the dimension of the state variable in a  high-dimensional predictive 
multivariate seasonal vector arthropod-related endemic transmission 
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oriented risk model  Although the estimators would be  approximated in 
terms of a low-rank perturbation based on a  prior state covariance 
matrix in the absence of any observation the filter would be able to 
compute distributional effects, or to define link and variance functions in 
a seasonal multivariate predictive vector arthropod-related endemic 
transmission-oriented risk model. By so doing, the model may render 
robust residual forecasts of endemic transmission-oriented explanatory 
covariate coefficients in an epidemiological interventional study site. 

Low rank radial smoothing using GLIMMIX is a semiparametric 
approach to smooth curves [SAS Institute, statistical analysis with the 
GLIMMIX procedure course notes, SAS Press]. Low rank radial 
smoothing using GLIMMIX is actually a semiparametric approach to 
smooth curves. Specifying TYPE=RSMOOTH option in RANDOM 
statement, can help implement a spline smooth approach, for example in 
a robust seasonal predictive arthropod-related endemic transmission-
oriented risk model. In such a framework, data preparation could be 
performed extremely easily by employing the OUTDESIGN= & NOFIT 
options in v9.2 PROC GLIMMIX. Thereafter, by employing PROC 
SCORE twice on the design matrix, a vector ecologist or a local 
abatement district manager can score the fixed effects design matrix X 
and the random effects design matrix Z, respectively, by adding the score 
from this radial smoothing method in any seasonal multivariate vector 
arthropod-related endemic transmission oriented predictive risk model. 
This can be formulated in SAS as: 

Proc glimmix data=train_data absconv=0.005; 

Model y = &covars /s; 

Random &z /s type=rsmooth knotmethod=equal (20); 

Run; 

Proc glimmix data=test nofit outdesign=test2; 

Model y = &covars /s; 

Random &z /s type=rsmooth knotmethod=equal (20); 

Run; 
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Pros score data=test2 score=beta fix type=prams out=score fix; 

Vary &covers; 

Run; 

Proc score data=test2 score=beta_random type=prams out=score_random; 

Var _z: 

Run; 

By doing so, the model fit by the GLIMMIX procedure would then 
extend the GLM-related seasonal multivariate vector arthropod-related 
endemic transmission-oriented predictive model by incorporating 
correlations among the responses. This can be accomplished easily by 
including random effects in the linear predictor and/or by modeling the 
correlations among the sampled endemic transmission-oriented 
observational explanatory covariate coefficients directly. Fortunately, the 
GLIMMIX procedure distinguishes two approaches; the “G-side” and    
“R-side” random effects (www.sas.edu). This terminology draws on 
common specification of a linear mixed model, for example, where the 
random effects have a normal distribution with mean 0 and variance 
matrix G. The distribution of the errors then in the predictive 
multivariate seasonal arthropod-related endemic transmission-oriented 
risk model would be normal with mean 0 and variance R. Modeling with 
G-side effects thereafter will then specify the columns of the Z matrix 
and the structure of G in the residual forecasts targeting the statistically 
significant vector arthropod-related endemic transmission-oriented 
explanatory covariate coefficients. Thus, predictive risk modeling with  
R-side effects can directly specify the covariance structure of the R 
matrix in a predictive seasonal multivariate vector arthropod-related 
risk-based seasonal analyses. 

In an SAS-derived generalized linear mixed seasonal multivariate 
vector arthropod-related endemic transmission-oriented predictive risk 
model, G-side random effects could also be constructed by adding random 
effects to any predictor. This would then lead to a model of the form 

[ ]( ) ,0_0 zxYEg +=  where again the normal distribution would have a 
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mean 0 and variance matrix, which would be G. Instead of specifying a 
distribution for Y in the seasonal multivariate predictive vector 
arthropod-related endemic transmission-oriented risk model, as in the 
case of a GLM, a distribution for the conditional response, Y may be 
specified instead as a conditional model specification. A model with only 
R-side random effects is known as a marginal model because, there are 
no random effects on which you can condition the response [1]. Thus, in a 
marginal seasonal-sampled multivariate vector arthropod-related 
predictive regression-based model, the mean [ ]( ) ( ) 0xgYEg =µ=  may be 
specified in the residual forecasts targeting the endemic transmission-
oriented explanatory covariate coefficients by quantitating the covariances 
among the Yi. The distributional assumption would remain relevant as 
the mean and the variance in the residual forecasts would be functionally 
related to most distributions in the exponential family. For example, a 
Poisson-related predictive seasonal multivariate vector arthropod-related 
regression-based risk model distribution [ [ ] [ ] ],var.,i.e µ== YEY  can be 
determined if, A is a diagonal matrix in the residual forecasts targeting 
the endemic transmission-oriented explanatory covariate coefficients 
containing the variance functions encompassed in the regression. As 
such, the variance matrix in the predictive risk model with only R-side 
random components would be [ ] .2121var RAAY =  

Thereafter, by combining G-side and R-side random effects in the 
seasonal multivariate predictive arthropod-related risk model, 
statistically significant seasonal endemic transmission-oriented 
explanatory covariate coefficients may be further quantitated. For 
example, in an epidemiological interventional study site in which 
randomly sampled vector arthropod-related larval habitats are measured 
repeatedly over time, a vector ecologist and/or abatement district 
manager may regress sampled larval habitat effects (e.g., seasonal 
density count) by including random intercepts. These would be the G-side 
components as they would contribute to any sampled observational 
predictor. For a given sampled vector arthropod-related endemic 
transmission-oriented spatial feature attribute (e.g., larval habitat density 
count), then the correlations over time can be modeled with an R-side 
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autoregressive structure. Combining these elements, the predictive risk 
model fit by the GLIMMIX procedure can then be represented as follows: 
[ ] ( ) ( ) [ ] ,2121varvar[]_1_1 RAAYGgZXgYE ==µ=−=+−=  

where ( )⋅− 1g  is the inverse link function. By so doing, the class of 

generalized linear predictive seasonal arthropod-related multivariate 
mixed models would contain several other important types of statistical 
information (e.g., random effects, identity link functions, and normality 
of distribution) in the residual forecasts for precisely targeting the 
statistically important endemic transmission-oriented covariates. 

Additionally, the GLIMMIX procedure could provide Laplace and 
adaptive quadrature estimation methods with which a likelihood-based 
empirical estimator in a robust predictive seasonal vector arthropod-
related endemic transmission-oriented model could be quantitated. 
Aspects common to adaptive quadrature and Laplace approximation for 
the seasonal vector arthropod-related predictive regression-based 
framework could then include estimated precision rates, which then 

could be denoted in a second derivative matrix { ( )}
[ ] [ ]θ′β′∂θβ∂

γθβ∂
−= ,,

ˆ,,log2 LH  

and thereafter evaluated at the converged solution of the optimization 

process. Partitioning its inverse as ( ) ( )
( ) ( )[ ],,,

,,
1 θβββ

θθβθ
− = CC

CCH  the 

METHOD=LAPLACE and METHOD=QUAD would then render seasonal 
SAS-derived multivariate predictive vector arthropod-related seasonal 
risk model spatial feature attributes for further mathematically targeting 
endemic transmission-oriented explanatory covariate coefficients. The 
GLIMMIX procedure would compute H by finite forward differences 
based on the analytic gradient of { ( )}.ˆ,,log γθβL  The partition ( )β,θC  

would then serve as the asymptotic covariance matrix of the covariance 
parameter estimates employing an ASYCOV option in the PROC 
GLIMMIX statement. The asymptotic covariance matrix is the covariance 
matrix of parameter estimates which  is also known variously as  the 

inverse of the Fisher information matrix ( )( ).denoted 1−qI  Elements 

along the diagonal can then be used to represent the variance expected of 
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each asymptotic covariance matrix parameter estimate over repeated 
sampling, and can be interpreted as indices of precision of estimation. 
Off-diagonal elements represent covariances of parameter estimates. The 
standard errors used to conduct significance tests of parameter estimates 
are simply the square roots of the diagonal elements of the matrix [1]. 
The standard errors in SAS would then report the hierarchical 
arrangement of the sampled endemic transmission-oriented parameter 
estimators by statistical significance employing the “covariance 
parameter estimates” table based on the diagonal entries. If an empirical 
standard error matrix with the EMPIRICAL option in the PROC 
GLIMMIX statement is then used for regressing the seasonal-sampled 
vector arthropod-related spatial data feature attributes, a likelihood-
based sandwich estimator could also be computed based on the subject-
specific gradients of the Laplace or quadrature approximation. The 

sandwich estimator would then simply replace 1−H  for determining the 
predictive convergence in the endemic transmission-oriented risk model. 
Thereafter, to compute the standard errors and prediction standard errors of 
linear combinations of β  and ,γ  in the seasonal arthropod-related endemic 

transmission-oriented predictive multivariate risk model, PROC GLIMMIX 
would employ an approximate prediction variance matrix. This probabilistic 

estimation matrix would then have to be formulated for [ ]′γβ ˆ,ˆ  from 
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P  where Γ  would be the 

second derivative matrix from the γ  suboptimization that maximizes 

( )γθβ ,,,yf  for the values of β  and .θ  As such, the prediction variance 

sub-matrix for the random effects would be based on approximated 
conditional MSE of the predictions. Note that even in the normal linear 
mixed model, the approximate conditional prediction standard errors 
would not be identical to the prediction standard errors obtained by the 
inversion of the mixed multivariate vector arthropod-related endemic 
transmission-oriented predictive risk model regression-based equations. 



BENJAMIN G. JACOB et al. 44

In terms of quantitating conditional fit and output statistics for 
optimal seasonal multivariate predictive arthropod-related model 
estimation however, the parameters of a mixed model must employ 
Laplace approximation or quadrature in GLIMMIX. By doing so, the 
procedure could then display fit statistics related to the marginal 

distribution as well as the conditional distribution ( ).ˆ,ˆ,ˆ φβγyp  For ODS 

purposes, the name of the “conditional fit statistics” table would be 
“CondFitStatistics” (www.sas.edu) as the marginal likelihood would be 
approximated numerically for deriving robust seasonally predictive 
arthropod-related endemic transmission-oriented multivariate model 
residual forecasts parsimoniously. These estimators would be based on 
the marginal distribution which currently is not available for robust 
seasonal predictive arthropod-related risk modeling. Instead the 
generalized Pearson Chi-square statistic in PROC GLIMMIX would 
utilize the “fit statistics” table, to report the Pearson statistic of the 
conditional distribution in the “conditional fit statistics” table. By doing 
so, the unavailability of the marginal distribution in the seasonal 
multivariate vector arthropod-related residual forecasts targeting the 
statistically significant endemic transmission-oriented explanatory 
covariate coefficients would affect the set of output   statistics produced 
with METHOD=LAPLACE and METHOD=QUAD. Unfortunately, output 
statistics and statistical graphics that depend on the marginal variance 
of the sampled arthropod-related data would not be available with these 
estimation methods. 

Alternatively, if a user-defined variance function for a seasonal 
multivariate vector arthropod-related predictive risk model is 
constructed in PROC GLIMMIX, the conditional distribution of the 
sampled endemic transmission-oriented data would then be unknown. 
Laplace or quadrature estimation would then not be possible. When 
specifying a variance function with METHOD=LAPLACE or 
METHOD=QUAD, the procedure would assume that the conditional 
distribution in the predictive endemic transmission model is normal. For 
example, consider the following statements to fit a mixed model to count 
data: 
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Proc glimmix method=Laplace; 

Class sub; 

_variance_ = _phi_ ∗_mu_; 

Model count = x / s link=log; 

Random int / sub=sub; 

Run; 

Thereafter, the variance function and the link could then suggest an 
overdispersed Poisson model. However, the Poisson distribution would 
not be able to accommodate the extra scale parameter in this situation. 
Instead, the GLIMMIX procedure would need to fit a mixed model with 
random intercepts, log link function and variance function ,φµ  assuming 
that the endemic transmission-oriented count variable is normally 
distributed. This variable would then be given by the random effects in 
the predictive risk model. Fortunately, a new bias-corrected estimator is 
available in PROC NL MIXED for generating seasonal robust 
multivariate vector arthropod-related endemic transmission-oriented 
predictive risk model residual forecasts. This would be the COVTEST 
statement in PROC NL MIXED which may enable likelihood-based 
inference about the seasonal covariance vector arthropod-related endemic 
transmission-oriented larval habitat parameters. 

As such, in this research, we investigated “default” priors for the 
variance components in PROC NL MIXED for constructing multiple 
robust seasonal predictive multivariate riverine larval habitat distribution 
models of Similium damnosum s.l., using multiple georeferenced endemic 
transmission oriented observational explanatory covariate coefficients 
spatiotemporally sampled in Nabere village, in Burkina Faso. We 
propose a new prior distribution for classical (non-hierarchical) 
multivariate vector arthropod-related endemic transmission-oriented 
seasonal predictive regression models. Our model was constructed by 
first scaling all non-binary variables to have mean 0 and standard 
deviation 0.5. Thereafter, independent student-t prior distributions on 
the seasonal-sampled coefficients were determined. As a default choice, 
we employed the Cauchy distribution with center 0 and scale 2.5, which 
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was then subsequently employed for determining a longer-tailed version 
of the distribution by assuming one-half additional success and one-half 
additional failure in a logistic regression model. Cross-validation on a 
corpus of datasets then revealed a Cauchy class of prior distributions, 
which in this research outperformed existing implementations of 
Gaussian and Laplace priors. The Cauchy distribution has no moment 
generating function, but it is closely related to the Poisson kernel, which 
is the fundamental solution for the Laplace equation in the upper half-
plane [8]. 

We then utilized this prior distribution as a default choice in our 
construction phase of our seasonal multivariate predictive S. damnosum s.l. 
riverine larval habitat endemic transmission oriented risk model. Our 
assumption was that there would be a complete separation in the 
regression model for applying more shrinkage to higher-order 
interactions for generating robust residual forecasts targeting important 
explanatory covariates. We assumed that this separation may then be 
useful in routine S. damnosum s.l. larval habitat predictive data risk 
analysis as well as in automated procedures, such as chained equations 
for missing-data imputation. We implemented the procedure to fit 
various GLMs in SAS/GIS employing the student-t prior distribution by 
incorporating an approximate EM algorithm along with iteratively 
weighted least squares. In statistics, an EM algorithm is an iterative 
method for finding ML or maximum a posteriori (MAP) estimates of 
parameters in statistical models, especially where the model depends on 
unobserved latent variables [1]. 

We then employed the PRIOR statement in an SAS/GIS environment, 
which enabled us to carry out a robust sampling-based on a seasonal 
Bayesian hierarchical regression-based analysis in PROC NL MIXED. 
The analysis produced an SAS/GIS dataset containing a pseudo-random 
sample from the joint posterior density of the variance components and 
the other regressed parameters, which was then included in a mixed 
spatiotemporal model. The posterior analysis was then performed after 
all other NL MIXED computation procedures were completed. 

An independence chain algorithm was then employed to generate a 
pseudo-random proposal from a convenient base distribution of the 
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regressed seasonal-sampled georeferenced S. damnosum s.l. riverine 
larval habitat explanatory endemic transmission-oriented explanatory 
covariate coefficient estimates. These coefficient estimates were chosen to 
be as close as possible to the posterior. The proposal was then retained in 
the sample with a probability proportional to the ratio of the seasonal- 
sampled larval habitat weights constructed by quantitating the ratio of 
the true posterior to the base density. In order to better approximate the 
marginal posterior density of the variance components in the endemic 
transmission-oriented predictive risk model forecasts, PROC NL MIXED 
transformed the sampled explanatory covariate coefficients by using 
MIVQUE (0) equations. In order to better approximate the marginal 
posterior density of the variance components, PROC NL MIXED then 
transformed the fixed-effects parameters. By doing so, uncertainty 
estimates and other non-normal error probabilities were analytically 
integrated out of the joint posterior leaving the marginal posterior 
density of the variance components in the regressed MIVQUE (0) 
equation outputs. Thereafter, the NL MIXED procedure performed the 
selected transformation employing the PTRANS option and specifying 
the TDATA= option. The density of the transformed S. damnosum s.l. 
riverine larval habitat parameters were then approximated by a product 
of inverted gamma densities. 

The density of the transformed S. damnosum s.l. riverine larval 
habitat estimators were then also approximated by product of inverted 
gamma densities. In probability theory and statistics, the inverse gamma 
distribution is a two-parameter family of continuous probability 
distributions on the positive real line, which coincidentally is the 
distribution of the reciprocal of multivariate regressed georeferenced 
predictor variables distributed according to the gamma distribution [8]. 
Gamma distribution is a two-parameter scale parameter ,θ  which has a 
shape parameter k, therefore, if k is an integer, the distribution would 
represents an Erlang distribution whereby, the sum of k independent 
exponentially distributed random variables, each have a mean of θ  

which would be mathematically equivalent to a rate parameter of .1−θ  
The gamma distribution is frequently a probability model in time series-
dependent arthropod-related infectious disease larval habitat data 
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analyses [2]. In this research, the seasonal predictive S. damnosum s.l. 
riverine larval habitat modeled the gamma distribution, which was also 
the maximum probability distribution for a random variate X in the 
model residuals forecast for which ( ) aXE =  was fixed and greater than 
zero. The residual forecasts where then quantitated by ( )( ) ( ),ln aXE ψ=  
which in this research was fixed when ( ( ))⋅/v  was the digamma function 
employing the logarithmic derivative of the gamma function. 

The digamma function is defined as the logarithmic derivative of the 

gamma function: ( ) ( ) ( )
( )x
xxdx

dxv
Γ
Γ′

=Γ=′/ ln  [8]. Meanwhile, the gamma is 

an extension of the factorial function, with its argument shifted down by 
1, to real and complex numbers [1]. That is, if n is a positive integer in a 
seasonal predictive S. damnosum s.l. larval habitat endemic 
transmission-oriented multivariate risk model, the gamma function 
would then be defined for all complex numbers except the non-positive 
integers. For complex sampled seasonal values with a positive real part 
in a predictive risk model, this function would then be defined via an 
improper integral that converges. Theoretically, this integral function 
could be extended by analytic continuation to all the seasonal-sampled   
S. damnosum s.l. endemic transmission-oriented explanatory covariate 
coefficient values in a predictive risk model except the non-positive 
integers of the function would have simple poles thereby, yielding a 
meromorphic function (i.e., gamma function). Although the gamma 
function is a component which has been employed in various probability-
distribution functions, including combinatorics, it has not been applied 
extensively to seasonal vector arthropod-related endemic transmission-
oriented predictive multivariate risk modeling. 

Additionally, in this research, to determine the seasonal-sampled      
S. damnosum s.l. riverine larval habitat estimators for the inverted 
gamma densities, PROC NL MIXED evaluated the logarithm of the 
posterior density over a digitized ArcGIS QuickBird–derived digitized 
grid-based residual algorithmic matrix using multiple sampled 
georeferenced points. QuickBird satellite (www.digitalglobe.com) is an 
excellent source of environmental data useful for analyses of changes in 
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land usage, agricultural and forested riverine climates related to 
seasonal S. damnosum s.l. riverine larval habitats and their associated 
spatial feature attributes [2]. 

PROC NL MIXED then performed a linear regression of these values 
on the logarithm of the inverted gamma density values rendered from the 
distribution of the remote-sampled endemic transmission- oriented 
explanatory predictor covariate coefficient estimates. This lead to a         
d-dimensional analogue of the inverse-gamma-normal conjugate prior for 
normalized sampling in one dimension. Popular Bayesian generalized 
hierarchical model builds upon the linear regression employing conjugate 
priors since they can be used to infer properties other than the mean 
function, such as the conditional variance or response quantiles [1]. A 
conjugate prior is an algebraic convenience, giving a closed-form 
expression for the posterior [8]. As such, we employed the conjugate prior 
to generate a robust seasonal Bayesian nonparametric mixture model to 
quantitate the sampled observational explanatory predictor variables to 
determine both the number and form of the local mean function in the 
sampled S. damnosum s.l. riverine larval habitat data. 

Further, in this research, we also decomposed the Wishart 
probability distribution of the sample covariance matrix generated in 
PROC NL MIXED by employing quantitated probability distributions of 
eigenvalues and eigenvectors in order to determine optimal non-linear                        
S. damnosum s.l. parameter estimators. Wishart distribution is a 
generalization to multiple dimensions of the Chi-squared distribution, or, 
in the case of non-integer degrees of freedom (df), of the gamma 
distribution whereby, any of a family of error probability distributions 
can be defined over symmetric, nonnegative-definite matrix-valued 
random variables [2]. Our assumption was that these distributions may 
be of great importance in the estimation of covariance matrices in time 
series-dependent robust predictive autoregressive multivariate               
S. damnosum s.l. riverine larval habitat endemic transmission-oriented 
risk modeling. In Bayesian inference, the Wishart distribution is of 
particular importance, as it is the conjugate prior of the inverse of the 
covariance matrix (i.e., the precision matrix) of a multivariate normal 
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distribution [10]. An important use of the Wishart distribution for 
spatiotemporal vector arthropod-related data analyses is a conjugate 
prior for multivariate normal sampling [1, 2]. 

We then constructed a semiparametric spatial filtering approach in 
SAS/GIS (http://ftp.sas.com) to deal explicitly with the uncertainty      
(e.g., residual heteroscedascity) in the spatiotemporal S. damnosum s.l. 
riverine larval habitat distribution model forecasts by reducing the 
number of parameter estimators. This was done by using spatially lagged 
autoregressive models. SAS/GIS is an interactive geographic information 
system (GIS) within the SAS system that has an open data model, 
meaning the information stored in both the attribute and spatial 
datasets. Further, SAS spatial datasets must conform to the topological 
rules outlined and published by the American Society for 
Photogrammetry and Remote Sensing and the American Congress on 
Surveying and Mapping (www.esri.com). These rules include topological 
completeness and topological geometric consistency. Spatial files failing 
to meet the topological criteria can cause errors, alerting a user that 
quality control is necessary, if spatial analysis is to be conducted. PROC 
GIS creates and maintains spatial datasets for use in SAS 
(www.esri.com).  

In this research, PROC MAPIMPORT imported ESRI shape-files into 
SAS. A user interface exists in the solutions menu in an interactive GIS 
window for supporting predictive multivariate seasonal vector arthropod-
related platforms [2]. Unfortunately, this interface was not very intuitive 
for producing sophisticated seasonal multivariate vector arthropod-
related endemic transmission-oriented predictive risk maps. As such, in 
this research, the riverine larval habitat modeling was performed 
employing using SAS/GRAPH. This program created various different 
types of maps in PROC GMAP: two dimensional choropleth maps and 
three-dimensional block, prism, and surface maps. SAS and ESRI have 
partnered to create a bi-directional bridge between SAS data and 
analytical tools and the ESRI mapping environment. This bridge has 
been implemented recently by the U.S. Bureau of the Census to create 
school district demographics (www.esri.com). 
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In this research, we assumed that the observed spatial patterns in 
the response variable rendered from a dataset of  regressed georeferenced                   
S. damnosum s.l. riverine larval habitat endemic transmission-oriented 
explanatory covariate coefficients could be decomposed into three 
statistically independent components including: (a) a systematic spatial 
trend component that could be specified by a parsimonious set of 
exogeneous variables; (b) a stochastic signal that reflected either an 
underlying spatial process and/or a set of missing exogeneous factors 
with an inherent spatial pattern; and (c) independent white-noise 
disturbances. An assumption in this research was that a specific subset of 
eigenvectors from a transformed spatial link matrix could be used to 
capture dependencies among the disturbances of the serially correlated 
predictive autoregressive S. damnosum s.l. riverine larval habitat 
endemic transmission-oriented risk model parameter estimators. As 
such, the residual estimates from the off-diagonal elements of a 
covariance matrix were then generated from a spatial filter eigenevector 
analysis prior by exporting the sampled data into a Bayesian 
probabilistic estimation framework using WinBUGS® 
(www.mrcbsu.cam.ac.uk/bugs/). 

Further, in this research, Bayesian statistics in WinBUGSio® and 
spatial filter eigenvectors from SAS/GIS® (http://ftp.sas.com) were 
employed for constructing robust endemic multivariate transmission-
seasonal field-operational risk maps. We developed the framework for a 
remote habitat-based surveillance system thereafter employing PROC 
NL MIXED, SAS/GIS, WinBUGSio and satellite-derived landscape-
oriented models. We then decomposed the Wishart probability 
distribution of the sample covariance matrix by employing models 
generated in PROC NL MIXED and SAS/GIS into probability 
distributions of eigenvalues and eigenvectors in order to calculate 
multiple seasonal Bayesian error estimation models using the sampled 
georeferenced S. damnosum s.l. endemic transmission-oriented 
explanatory covariates. Generalizations of the multivariate inverse 
gamma densities include Wishart distributions [8]. An important use of 
the Wishart distribution is as a conjugate prior for multivariate normal 
sampling [1]. In this research, we also generated a semiparametric 
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spatial filtering approach in SAS/GIS to deal explicitly with uncertainty 
in the S. damnosum s.l. larval habitat distribution model by reducing the 
number of data parameters using spatially lagged autoregressive models 
and simultaneous autoregressive spatial models. Residual estimates from 
the off-diagonal elements of a covariance matrix were then generated 
from the spatial filter eigenevector analysis prior to exporting the 
sampled data into a Bayesian estimation matrix by also using 
WinBUGS®. 

We employed WinBUGSio, an SAS macro program, which facilitates 
remote execution of WinBUGS from within SAS. This is an SAS macro, 
which does the data handling and input/output from WinBUGS® via 
SAS®. In this research, the program produced a column format data file 
based on the spatiotemporally-sampled georeferenced S. damnosum s.l. 
riverine larval habitat mutlivariate endemic transmission oriented 
explanatory predictor covariate coefficient estimates and also wrote a list 
format data file for constants. The macro program then wrote a script file 
to the WinBUGS directory referencing the appropriate datafile, model 
file; init file, and log file names. The script then ran WinBUGS in batch 
mode which read in the node statistics block from the log file. Although in 
this research, there was a requirement to specify the input and output 
file names and directory path as well as the statistics to be monitored in 
WinBUGS, the code checked for optimal convergence diagnostics within 
the geodatabase. We also checked for non-normal distributed random 
errors in the regression equation. Methods for regressing spatiotemporal 
vector arthropod-related larval habitat data rely on the assumption of 
normality and the use of linear estimation methods (e.g., least squares) to 
make probabilistic inferences [2]. 

In our Bayesian model, we considered the inverse-Wishart 
distribution, which is a proper conjugate prior for an unknown covariance 
matrix in a multivariate normal model. Some specific analytical results 
for the inverse-Wishart have been derived; for example, the marginal 
distribution of a diagonal block submatrix of draws from an inverse-
Wishart distribution [7]. Various alternatives to the inverse-Wishart 
have been proposed but even fewer analytical results are known for these 
families, making it even more challenging to understand precisely the 
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properties of such distributions. Consequently, analytical understanding 
of these distributions falls short of providing a full understanding of the 
inverse-Wishart distribution for any type of predictive arthropod-related 
risk modeling. 

Thereafter, in this research, we performed a non-smooth optimization 
by stabilizing the steepest descent in the riverine risk model by 
exploiting gradient and subgradient information in the model. In this 
paper, we investigated the behaviour of quasi-Newton (i.e., variable 
metric) methods, specifically, the well-known Broyden-Fletcher-Goldfarb- 
Shannon (BFGS) method, to minimize non-smooth functions, both convex 
and nonconvex in the S. damnosum s.l. riverine larval habitat model. In 
optimization, quasi-Newton methods (a special case of variable metric 
methods) are algorithms for finding local maxima and minima of 
functions [8]. Quasi-Newton methods are also a generalization of the 
secant method to find the root of the first derivative for multi-
dimensional problem [1]. In multiple dimensions, the secant equation is 
underdetermined for Quasi-Newton methods, which are often used to 
find the stationary point of a function where the gradient is 0. 

The behaviour of quasi-Newton methods on non-smooth functions has 
received no attention for predictive multivariate seasonal vector 
arthropod-related endemic transmission-oriented risk modeling. While 
any locally Lipschitz non-smooth function f can be viewed as a limit of 
increasingly ill-conditioned differentiable functions [1] via “mollifiers”, 
for example, most of them may have no consequence for the algorithm’s 
asymptotic convergence behaviour when f is not differentiable at its 
minimizer. These are commonly seen in smooth functions with special 
properties employed in distribution theory to create sequences of smooth 
functions approximating non-smooth (i.e., generalized) functions, via 
convolution however, they have never been applied for seasonal 
predictive vector arthropod-related risk modeling. 

Lipschitz continuity is an important concept in mathematical 
analysis. In modern variational analysis, it has been generalized for set-
valued mappings. Among many extensions, the pseudo-Lipschitzian 
property has been well recognized as a natural and useful one. It is now 
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called by different names, such as the Aubin property or the Lipschitz-
like property [10]. The concept has been used extensively in the study of 
sensitivity analysis of optimization problems and variational inequalities. 
It also plays an important role on developing generalized differentiation 
calculi for non-smooth functions and set-valued mappings. According to 
[9] for a set-valued mapping ,: RnRmF →→  the Aubin property 

around ( ) {( ) ( )},|,:gph, xFyRnRmyxFyx ∈×∈=∈−−  if there exist 

neighbourhoods V of Wx,−  of ,y−  and a constant 0≥A  such that 
( ) ( ) ukIBkxuFWxF −+⊆ A∩  for all ., Vux ∈  

Intuitively, then given a function in a seasonal multivariate predictive   
S. damnosum s.l. larval habitat-related endemic transmission model, 
which is rather irregular, by convolving it with a mollifier, the function 
may get “mollified”, that is, its sharp features (e.g., georeferenced) spatial 
feature attributes will be smoothed, while still remaining close to the 
original non-smooth (i.e., generalized) function. Further, when applied to 
a wide variety of non-smooth, locally Lipschitz functions, not necessarily 
convex, the BFGS method may be very effective for seasonally 
quantitating seasonal-sampled S. damnosum s.l. riverine larval habitat 
data using the gradient difference information to update an inverse 
Hessian approximation (Hk). The Hessian is updated by analyzing 
successive gradient vectors [1]. Although quasi-Newton methods differ in 
how they constrain the solution, they may be easily quantized by adding 
a simple low-rank update to the current estimate of the Hessian for 
effectively targeting endemic transmission oriented S. damnosum s.l 
related explanatory covariate coefficients. 

The most common quasi-Newton algorithms for predictive risk 
modeling are currently the SR1 formula (for symmetric rank one), the 
BHHH method, the widespread BFGS method (suggested independently 
by Broyden, Fletcher, Goldfarb, and Shannon, in 1970), and its low-
memory extension, LBFGS. The Broyden’s class is a linear combination 
of the DFP and BFGS methods. Unfortunately, the SR1 formula will not 
guarantee the update matrix to maintain positive-definiteness in a 
seasonal multivariate predictive S. damnosum s.l. larval habitat related 
endemic transmission-oriented risk model. The Broyden’s method 
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however may update the predictive matrices to be symmetric, which may 
be then employed to find the root of a general system of equations in the 
risk model rather than the gradient for updating the Jacobian or the 
Hessian. One of the chief advantages of quasi-Newton methods over 
Newton’s method is that the Hessian matrix (or, in the case of quasi-
Newton methods, its approximation), B does not need to be inverted [8]. 
Newton’s method and its derivatives, such as interior point methods, may 
require the Hessian to be inverted, in a robust seasonal predictive          
S. damnosum s.l. riverine larval habitat model, however, it may be 
implemented by solving a system of linear equations. In contrast, quasi-

Newton methods may generate an estimate of 1−B  directly for 
determining statistically significant riverine larval habitat model 
residual forecasts. 

We considered three classes of error distributions in our                     
S. damnosum s.l. larval habitat riverine larval habitat multivariate 
seasonal endemic trasnmission oriented predictive risk model as a useful 
alternative to the normal distribution: t-distributions, generalized error 
distributions, and Tukey’s contaminated normal distribution. We assumed 
that these distributions were robust in the sense that any outliers in the 
seasonal-sampled S. damnosum s.l. riverine larval habitat empirical 
ecological dataset logically would have less of an effect on the estimated 
mean (i.e., regression) function than on the residual forecasts targeting 
the statistically significant endemic transmission-oriented based 
normal/non-normal distributions. At an intuitive non-mathematical level, 
the use of heavy tailed distributions in a seasonal infectious disease 
model allows for a small number of large error residuals to be 
quantitated [8]. Further, we assumed since a normal distribution would 
force the predicted residuals to be within a few standard deviations of the 
mean, the S. damnosum s.l. larval habitat outliers could adversely affect 
the estimated mean, biasing the estimate in the predictive model by 
greatly inflating the estimated standard error of the mean. This would 
cause loss of predictability power by increasing the width of confidence 
intervals in the risk model [2]. 
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Therefore, our hypothesis in this paper was that PROC NL MIXED 
SAS/GIS, WinBUGSio, and QuickBird-derived regression-based risk 
models could account for any multivariate predicted variability in 
seasonal sampled larval habitat productivity of S. damnosum s.l. 
sampled in a riverine ecosystem study site. Our objectives in this 
research were to: (1) construct robust ecological-weighted regression 
equations and global autocorrelation statistics to identify linear and non-
linear based explanatory predictors associated to productive habitats; (2) 
quantitate latent autocorrelation uncertainty coefficients in the model 
residual forecasts using a covariance matrix rendered from an 
eigenfunction decomposition spatial filter algorithm; and (3) generate 
inverse-Wishart priors within a Bayesian probabilistic estimation 
framework for forecasting the regression -based distribution of multiple 
field and remote-sampled endemic transmission-oriented S. damnosum 
s.l. riverine larval habitat explanatory covariate coefficients 
spatiotemporally sampled in Nabere village in Burkina Faso. This 
research constitutes the first attempt to extend a conventional spatial 
autoregressive S. damnosum s.l. riverine larval habitat distribution 
model by using a regression analyses in PROC NL MIXED, an 
eigenvector model formulation in SAS/GIS and Bayesian regression 
probabilistic estimation analyses in an SAS®macro WinBUGSio 
environment for identifying observational endemic transmission 
explanatory covariates coefficients. Although the discussion is centered 
on onchocerciasis vectors, the framework and derived guidelines in this 
research may be applicable to integrated control programs for other 
vector species and arthropod-borne infectious diseases. 

2. Material and Methods 

2.1. Study site 

This research was conducted in Nabere village in Burkina Faso. The 
study site area consists of extensive plains, low hills and valleys, high 
savannas, and a desert area in the north. Nabere village has three 
distinct seasons: warm and dry (November-March), hot and dry (March-
May), and hot and wet (June-October). Annual rainfall varies from about 
1,000mm to less than 250mm. The terrain is mostly flat to dissected 
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undulating plains with hills at the peripheral of the study site. Most of 
the study site region lies on a savanna plateau, 198-305m above sea level, 
with fields, brush, and scattered trees. 

2.2. A PROC cluster-based classification 

A 5km buffer was placed around known 5 georeferenced 
epidemiological breeding sites using the Landsat Thematic data in 
ArcGIS 10.1®. We then created buffer polygons around the georeferenced 
spatiotemporal-sampled S. damnosum s.l riverine larval habitats input 
features of the 5 sample sites. FLEXIBLE|FLE in SAS 9.2® (Carey, 
North Carolina) was then used to request the flexible-beta method. The 
clustering methods in SAS presently include average linkage, the 
centroid method, complete linkage, density linkage (including Wong’s 
hybrid and k-th nearest-neighbour methods), ML for mixtures of 
spherical multivariate normal distributions with equal variances but 
possibly unequal mixing proportions, the flexible-beta method, 
McQuitty’s similarity analysis, the median method, single linkage, two-
stage density linkage, and Ward’s minimum-variance method 
(http://ftp.sas.com). PROC CLUSTER then displayed the table of 
eigenvalues of the covariance matrix for canonical variables. Generally, 
in a PROC CLUSTER table, output the first two columns list each 
eigenvalue and the difference between the eigenvalue and its successor, 
while the last two columns display the individual and cumulative 
proportion of variation associated with each eigenvalue (www.sas.edu). In 

our model, the squared multiple correlations, ,R2  was the proportion of 
variance accounted for by the S. damnosum s.l. riverine larval habitat 

clusters. The approximate expected value of 2R  was then given in the 
column labelled “ERSQ”. The next three columns displaced the values of 
the cubic clustering criterion (CCC), pseudo F (PSF), and t2 (PST2) 
statistics. These statistics were useful in determining the number of         
S. damnosum s.l. clusters in the data. A method of judging the number of 
clusters in a dataset in PROC CLUSTER is to look at the pseudo F 
statistic (PSF) (www.sas.edu). 

The CLUSTER procedure hierarchically clustered the seasonal- 
sampled S. damnosum s.l. observations using SAS data. The data was 
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then analyzed by using the S. damnosum s.l. sampled geocoordinates and 
squared Euclidean distances measurements within a flexible-beta 
method in PROC CLUSTER. 

The PROC CLUSTER statement started the procedure which 
specified a clustering method based on Annual Biting Rates (ABR) values 
and then optionally specified each georeferenced varying and constant 
explanatory S. damnosum s.l. endemic transmission oriented covariate 
within the clusters. The ABR then estimated the number of infective 
bites a person receives during one-year period. It was calculated by 
multiplying the ABR with the proportion of infective mosquitoes in the 
biting population. The agglomerative hierarchical clustering procedure 
then used the sampled observations to create multiple clusters based on 
the georeferenced spatiotemporal reverine larval habitat data in a 
georeferenced riverine larval habitat cluster by itself. Clusters were then 
merged to form a new cluster that replaced the two old clusters. Merging 
of the two closest clusters was repeated until only one cluster was left 
(Figure 1). 

 

Figure 1. Hierarchical ABR-stratified cluster-based analyses using 
georeferenced S. damnosum s.l. riverine larval habitat sites. 
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In this research, beta was set at –100 for both cluster-based analyses 
in SAS PROC CLUSTER. The flexible-beta method began by specifying 
METHOD=FLEXIBLE. PROC CLUSTER then created an output            
S. damnosum s.l. riverine larval habitat empirical dataset that revealed 
a cluster hierarchy of the sampled data feature attributes based on the 
ABR values. Since in this research, the georeferenced parameter 
estimators were deemed to be equally important, we employed the STD 
option in PROC CLUSTER to standardize the cluster-based varying and 
constant endemic transmission oriented explanatory predictor covariate 
coefficients to mean 0 and standard deviation. Covariates with large 
variances tend to have more effect on the resulting spatial clusters than 
variables with small variances but, if all coefficients are considered 
equally important in a model, the STD option in PROC CLUSTER can 
standardize the sampled variable (www.sas.com). In this research, the 
STDIZE procedure standardized the spatiotemporal-sampled                   
S. damnosum s.l. larval habitat parameter estimators in the SAS dataset 
by subtracting the georeferenced larval habitat location measures and 
then dividing them by a scale measure. Finally, a unique identifier was 
incorporated for each cluster. 

In order to reduce the likelihood of chaining among the ABR cluster-
based varying and constant S. damnosum s.l. endemic transmission 
oriented explanatory predictor covariates, a partition that best 
represented the sampled parameter estimates was identified. This was 
performed by finding the intersection between a manageable number of 
interpretable cluster-based varying and constant explanatory covariates 
and then quantitating them with large jumps in the normalized              
S. damnosum s.l. larval habitat distance measurements, in PROC 
CLUSTER. The cluster-based parameter estimates were then plotted 
against GIS-based Euclidean distance measurements which revealed a 
clear flattening of the curve in the overlain data indicating that adequate 
separation of the cluster-based varying and constant endemic 
transmission-oriented explanatory covariate coefficients could not be 
achieved beyond a specific georeferenced larval habitat point. The 
number of spatiotemporal-sampled S. damnosum s.l. riverine larval 
habitat clusters in the data was also determined by preliminary 
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evaluations with varying numbers of cluster solutions aimed at avoiding 
trivial error by plotting the georeferenced larval habitat data in 
discriminant function space and by seeking adequate separation among 
group centroids. In order to compute meaningful standardized rates, the 
individual sampled riverine larval habitat observational predictors were 
then aggregated geographically into high-low ABR stratified clusters. 
The final model revealed that among the highest density ABR-based 
clusters was the Nabere epidemiological study site. 

2.3. Environmental data analyses 

We generated univariate statistics and regression models by using 
the data stored. We also generated a misspecification term for 
constructing a spatial autoregressive model. Multiple data layers were 
then created using different coded values for the various S. damnosum s.l. 
riverine larval habitat spatial feature attributes. Distance measurements 
and canopy coverage measures were then calculated by using the 
QuickBird data and the field-sampling information (Table 1). 

Table 1. Environmental sampled within cluster based varying and 
constant covariates of S. damnosum s.l. in the Nabere study site as 
entered in SAS® 

Variable Description Units 

GCP Ground control points Decimal-degrees 

FLOW Flowing water Presence or absence 

DISCAP Distance from capture point Meters 

ELEV Elevation Meters 

AQVEG Aquatic vegetation Percentage 

HGVEG Hanging vegetation Percentage 

FLVEG Floating vegetation Percentage 

MMB Man-made barriers Type (e.g., damns) 

DISHAB Distance between habitats Meters 

2.4. Regression analyses 

The relationship between sampled immature S. damnosum s.l. 
habitat and each individual sampled endemic transmission-oriented 
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predictive risk-related-explanatory covariate was then investigated by 
single variable regression analysis by using PROC MIXED. Since 
parasite prevalence data are binomial fractions, a regression model was 
used, as is standard practice for the analysis of such data [1, 2]. A 
Poisson regression analyses was then used to determine the relationship 
between S. damnosum s.l. habitat larval count data and the sampled 
habitat characteristics. 

The regression analyses assumed independent counts (i.e., Ni), taken 
at sampled habitat locations .,,2,1 ni …=  The S. damnosum s.l. habitat 

larval counts were described by a set of variables denoted by matrix ,iX  
where a p×1  vector of covariate coefficient indicator values for a 
sampled larval habitat location i. The expected value of these data was 
given by ( ) ( ) ( ),exp β=µ iiiii n XXX  where β  was the vector of non-
redundant parameters in the S. damnosum s.l. larval habitat model 
where the Poisson rates were given by ( ) ( ) ( ).iiiiii n XXX µ=λ  In this 
research, rates parameter ( )ii Xλ  was both the mean and the variance of 
the Poisson distribution for each sampled S. damnosum s.l. larval habitat 
location i. The dependent variable was total seasonal sampled larval 
density count. The Poisson regression model assumed that the sampled 
S. damnosum s.l. larval habitat data was equally dispersed, that is, that 
the conditional variance equaled the condition mean. The procedure used 
ML estimation to find the regression coefficients. The data was then log-
transformed before analyses to normalize the distribution and minimize 
standard error. 

There was considerable overdispersion in the regression-based model; 
thus, we used a negative binomial model to determine parameters 
associated to the seasonal-sampled S. damnosum s.l. larval habitat data. 
Overdispersion is often encountered when fitting very simple parametric 
models such as those based on the Poisson distribution [10]. If over-
dispersion is a feature in a vector larval habitat distribution model, an 
alternative model with additional free parameters may provide a better 
fit [9]. In this research, a Poisson mixture model with a negative binomial 
distribution was used, where the mean of the Poisson distribution was 
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itself a random variable drawn from the gamma distribution; thereby, 
introducing an additional free parameter in the spatiotemporal-sampled 
S. damnosum s.l. larval habitat distribution model. The family of 
negative binomial distributions is a two-parameter family, which uses 
several parameterizations for treating overdispersion data [1]. The 
Poisson distribution has one free parameter and does not allow for the 
variance to be adjusted independently of the mean [8]. In this research, a 
parameterization technique was employed such that two variables p and 
r with 10 << p  and .0>r  Under this parameterization, the probability 
mass function (pmf) of the ecological-sampled S. damnosum s.l. riverine 
larval habitat predictor variables with a NegBin ( )pr,  distribution took 

the following form: for ( ) == prkfk ,;  ( ) ,2,1,01
1

kr pp
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and r were the sampled parameters. Under this parameterization, we 

were able to generate: ( ) ( ) ,exp
11!lim
λ

⋅⋅λ=∞ kkg
k

r  which was the mass 

function of a Poisson-distributed random variable with Poisson rate .λ  In 

other words, the alternatively parameterized negative binomial 
distribution generated from the regressed riverine larval habitat 
explanatory covariates converged to the Poisson distribution, and r 
controlled the deviation from the Poisson. This made the negative 
binomial habitat model suitable as a robust alternative to the Poisson 
model for modeling the S. damnosum s.l. seasonal-sampled endemic 
transmission-oriented risk-related-explanatory covariates. 
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In this research, the negative binomial distribution of the sampled 
explanatory covariates arose as a continuous mixture of Poisson 
distributions, where the mixing distribution of the Poisson rate was a 
gamma distribution. The mass function of the negative binomial 
distribution of the predictor variables then was written as 

( ) ( ) ( )( ) λ−λ⋅λ= ∫
∞

dpprGammakPoissonkf 1,
0
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2.5. Spatial analyses 

Initially, a misspecification perspective for the estimation models was 
generated assuming that the spatiotemporal S. damnosum s.l. riverine 
larval habitat endemic transmission-oriented predictive risk-based-model 

using ∗ε+β= Xy  (i.e., regression equation) for quantitating autocorrelated 

disturbances .∗ε  In this research the autocorrelation coefficients were 
decomposed into a white-noise component, ,ε  and a set of unspecified 
and/or misspecified models that had the structure .
	�

∗ε=

ε+γ+= EXBy  

White noise is a univariate or multivariate discrete-time stochastic 
process, whose terms are independent and identically distributed (i.i.d.) 
with a zero mean [2]. In this research, the misspecification term was .γE  

Quantification of the topographic patterns rendered from the distribution 
of the sampled georeferenced S. damnosum s.l. larval habitat 
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explanatory covariates was required to describe independent key 
dimensions of the underlying spatial processes in the habitat data for 
defining a spatial pattern in the misspecification term. 

A spatial autoregressive model was then generated that employed a 
sampled S. damnosum s.l. riverine larval habitat variable, Y, as a 
function of nearby sampled habitat Y endemic transmission oriented 
explanatory covariate coefficient indicator value I (i.e., an autoregressive 
response) and/or the residuals of Y as a function of nearby sampled 
habitat Y residuals (i.e., an SAR or spatial error specification). For larval 
habitat modeling, the SAR model furnishes an alternative specification 
that frequently is written in terms of matrix W [9]. As such, in this 
research the spatial covariance of the sampled dataset was a function of 

the matrix ( ) ( ) ( ) ( ),11 WIWICDICDI ρ−ρ−=ρ−ρ− −− T  where T 
denoted matrix transpose. The resulting matrix was symmetric and was 
considered a second-order specification as it included the product of two 

spatial structure matrices ( )..,i.e WWT  This matrix restricted positive 
values of the autoregressive parameter to the more intuitively 
interpretable range of .1ˆ0 ≤ρ≤  

In this research, distance between sampled larval habitats was 
defined in terms of an n-by-n geographic weights matrix, C, whose ijc  

values were, 1 if the sampled S. damnosum s.l. riverine larval habitat 
locations i and j were deemed nearby, and 0 otherwise. Adjusting this 
matrix by dividing each row entry by its row sum rendered C1, where 1 
was an n-by-1 vector of ones, which subsequently converted the 
regression-based matrix to matrix W. The resulting SAR model 
specification, with no sampled larval habitat covariates present (i.e., the 
pure spatial autoregression specification), took on the following form: 

( ) ,1 ε+ρ+ρ−µ= WY1Y  where µ  was the scalar conditional mean of Y, 
and ε  was an n-by-1 error vector whose parameters were statistically 
i.i.d. normally random variates. The spatial covariance matrix for 
analyzing the sampled georeferenced explanatory covariates coefficients 

was thereafter [( ) ( )]1Y1Y µ−′µ−E  [( )( )] ,21σρ−′ρ−=∑= −WIWI  



BAYESIAN MODELS FOR REGRESSING ONCHOCERCIASIS …  65

where ( )•E  denoted the calculus of expectations, I was the n-by-n 

identity matrix denoting the matrix transpose operation, and 2σ  was the 
error variance. 

We then employed a Hessian matrix. As in Newton’s method, we used a 
second order approximation to find the minimum of a function ( )xf  in the 
predictive S. damnosum s.l. larval habitat model. We then employed a 

Taylor series of ( )xf  to iterate ( ) ( ) ( ) ,2
1 xBxxxfxfxxf TT

kkk ∆∆+∆∇+≈∆+  

where ( )f∇  was the gradient and B was an approximation to the Hessian 
matrix. In mathematics, the Hessian matrix or Hessian is a square matrix 
of second-order partial derivatives of a function [1]. In this research, this 
matix described the local curvature of a function of the sampled 
variables. Given the function ( ),,,, 21 nxxxf …  if all second partial 
derivatives of f exist and are continuous over the domain of the function, 
then the Hessian matrix of f is ( ) ( ) ( ),xx fDDfH jiij =  where 

( )nxxxx ,,, 21 …=  and iD  is the differentiation operator with respect to the 
i-th argument [9]. The matrix rendered in SAS was 
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The Hessian matrix is related to the Jacobian matrix by 
( ) ( ) ( ) ( )xfJxfH ∇=  [9]. The determinant of the above matrix was Hessian 

[1]. Hessian matrices are used in large-scale optimization problems within 
Newton-type methods because they are the coefficient of the quadratic 
term of a local Taylor expansion of a function [7]. Thus, in the predictive 

multivariate larval habitat risk model, ( ) ( )xxx ffy T ≈∆+= 2
1  

( ) ( ) ,, xx ∆∆+∆+ HJ xxx  where J was the Jacobian matrix, was a vector 
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(i.e., the gradient) for the scalar-valued functions. The full Hessian 
matrix can be difficult to compute in practice; in such situations, quasi-
Newton algorithms have been developed that use approximations to the 
Hessian [9].  

In vector calculus, the Jacobian matrix is the matrix of all first-order 
partial derivatives of a vector-valued function [9]. Specifically, suppose 

mnF RR →:  is a function which takes as input real n-tuples and 
produces as output real m-tuples. Such a function would be given by m 
real-valued component functions, ( ) ( )nmn xxFxxF ,,,,,, 111 ………  [2]. 
In this research, the partial derivatives of all the functions with respect 
to the variables nxx ,,1 …  was organized in an m-by-n matrix whereby, 

the Jacobian matrix J of F, was 
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The matrix entries were then functions of ,,,1 nxx …  which were then 

denoted by ( )nF xxJ ,,1 …  and ( )
( ) .,,

,,
1
1

n
m

xx
FF

…
…

∂
∂   

The Jacobian matrix revealed that the function F was differentiable 
at a sampled S. damnosum s.l. riverine larval habitat point 

( ),,,1 nxxp …=  which was slightly stronger than the derivative of F at 

p in the linear transformation mn RR →  represented by the matrix 
( ).,,1 nF xxJ …  This linear transformation was the best linear 

approximation of the function F near the sampled larval habitat point p. 
Since nm =  in our Jacobian matrix, it was a square matrix and its 
determinant was function of ,,,1 nxx …  which was the Jacobian 
determinant of F. The matrix about the local behaviour of F was then 
thought of as a local expansion factor for multiple volumes. It was used 
for performing variable substitutions in the riverine larval habitat multi-
variable integrals.  
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The gradient of the approximation with respect to ,x∆  we noted was 
then ( ) ( ) .xBxfxxf kk ∆+∇≈∆+∇  Thereafter, by setting this gradient to 

zero, the Newton step: ( )kxfBx ∇−=∆ −1  was rendered. The Hessian 
approximation B was chosen to satisfy ( ) ( ) xBxfxxf kk ∆+∇=∆+∇  (i.e., 
secant equation). We then noted that in more than one dimension, B was 
underdetermined in the matrix. In one dimension, solving for B and 
applying the Newton’s step with the updated value was equivalent to the 
secant method. The various quasi-Newton methods differ in their choice 
of the solution to the secant equation (in one dimension, all the variants 
are equivalent) [11]. Most methods for predictive risk modeling seek a 
symmetric solution ( )BBT =  whereby, the variants are motivated by 
finding an update 1+kB  that is as close as possible to ,kB  that is, 

,minarg1 VkBk BBB −=+  where V is a positive definite matrix. In 

this research this solution was defined by the norm. We used the 
Broyden’s method. In numerical analysis, Broyden’s method is a quasi-
Newton method for the root-finding algorithm in k variables [8].  

Newton’s method for solving the equation ( ) 0=xf  then was applied 
to the Jacobian matrix, J, at every iteration. However, computing this 
Jacobian was a difficult operation. The idea behind Broyden’s method is 
to compute the whole Jacobian only at the first iteration, and to do a 
rank-one update at the other iteration [9]. 

An approximate initial value of xIB ∗=0  was then used to achieve 
rapid convergence. The unknown kx  was then updated applying the 
Newton’s step, which was calculated by using the current approximate 
Hessian matrix ( ),1

kkkkk xfBxB ∇α−=∆ −  with α  chosen to satisfy the 
Wolfe conditions; .1 kkk xxx ∆+=+  The gradient was then computed at a 
new S. damnosum s.l. larval habitat point ( ),1+∇ kxf  and 

( ) ( ),1 kkk xfxfy ∇−∇= +  which in this research was used to update the 

approximate Hessian ,1+kB  or directly its inverse 1
11

−
++ = kk BH  using 

the Sherman-Morrison formula. The Sherman-Morrison formula 
computed the inverse of the sum of an invertible matrix A and the outer 
product, ,Tuv  of vectors u and v. 
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Next, an autoregressive model specification was generated. The 

model was written as: ,
1

titi
p

i
t XcX ε+ϕ+= −

=
∑  where pϕϕ ,,1 …  were 

the field and remote-sampled S. damnosum s.l. larval habitat parameters 
of the model, c was a constant, and tε  was the white noise. When coupled 
with regression and the normal probability model, an autoregressive 
specification results in a covariation term characterizing spatial 
autocorrelation by denoting the autoregressive parameter with ρ  at a 
conditional autoregressive covariance specification [1]. In this research 
this specification involved the matrix ( ),CI ρ−  where I was an n-by-n 

identity matrix. In an autoregressive expression; however, the response 
variable is on the left-side of the equation, while the spatial lagged 
version of this variable is on the right side [9]. Therefore, one of the main 
objectives in this research was to bring the spatially unlagged 
endogeneous variable, y, exclusively on the left-hand side of the 
regression equation in order to decorrelate the sampled georeferenced    
S. damnosum s.l. larval habitat endemic transmission-oriented predictive 
risk-related explanatory covariate coefficients. In this research, this was 

accomplished by expanding the matrix term: ( ) ,
0

1 kk

k
VVI ρ=ρ− ∑

∞

=

−  as 

an infinite power series, which was feasible under the assumption that 
the underlying spatial process in the sampled ecological datasets was 
stationary. The simultaneous autoregressive error model was then 
rewritten as .ε+βρ−β=ρ− VXXVyy  Substituting this transformation 
rendered 

( ) ( )[ ],1 ε+βρ−βρ−= − XVXVIy  
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The misspecification term ( )∞=ερ∑ ,,1 …kV kk  meanwhile 

remained uncorrelated with the exogeneous variable, X, as the standard 
OLS assumption of the disturbances, ,ε  were uncorrelated with the larval 
habitat predictor variables generated from the parameter estimates. The 
spatial lag model was then expressed as ( ) .ε+β=ρ− XyVI  Substituting 

the transformation generated: ( )ε+βρ= ∑
∞

=
XVy kk

k 0
 and +β= Xy  

( ) .
1

ε+ε+βρ∑
∞

= ��� 
��� 	�
termcationmisspecifi

kk

k
XV  The misspecification term ( )ε+βρ∑ XV kk  

( )∞= ,,1 …k  included the exogeneous variables X. Consequently, the 
exogeneous variables were correlated with the misspecification term. 
Under this condition, standard OLS results for the basic regression 

model ∗ε+β= Xy  generated from the sampled georeferenced larval 
habitat endemic transmission oriented explanatory covariates provided 

biased estimates β̂  of the underlying regression parameters .β  

2.6. Eigenvector analyses 

The correlation, or lack thereof, between the exogeneous variables 
and the misspecification terms of both S. damnosum s.l. larval habitat 
endemic transmission-oriented predictive risk models were then used to 
design spatial proxy variables, so that the properties of either model 
could be satisfied. We considered two different projection matrices, 

( ) ( ) TTIM 1111
1

1
−

−≡  and ( ) ( ) .
1 TT

X XXXXIM
−

−≡  The projection 
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matrix ( )1M  is a special case of the more general projection matrix ( )XM  

[11]. The general projection matrix ( )XM  included a constant unity 

vector 1 and multiple additional exogeneous variables. The set of 
eigenvectors { }SARnee ,,1 …  was then extracted from the quadratic form 

{ } ( ) ( ) ( ) ,2
1,,1 



 +≡ X

T
XSARn MVVMevecee …  (2.1) 

which in this research was designed orthogonal to the exogeneous 
variable X. The projection matrix ( )XM  imposed this constraint. In 

contrast, the set of eigenvectors { }Lagnee ,,1 …  was extracted from 

{ } ( ) ( ) ( ) .2
1,, 111 



 +≡ MVVMevecee T

Lagn…  (2.2) 

These two different sets of eigenvectors established a basis for 
constructing a spatiotemporal S. damnosum s.l. larval habitat regression-
based distribution model. Both expressions were then solely defined in 
terms of exogeneous information. This model feature enabled us to also 
use the eigenvector spatial filtering approach for predictions of the 
endogeneous variable y. The associated sets of eigenvalues { }Lagnλλ ,,1 …  

and { } ,,,1 SARnλλ …  with ,1+λ≥λ ii  range were then used for properly 

standardizing adjacent link matrices V that were related to irregular 
spatial tessellations generated from the sampled georeferenced                
S. damnosum s.l. larval habitat endemic transmission  oriented 
explanatory covariate coefficients. 

The components of each eigenvector, ,ie  where then mapped onto an 
underlying spatial tessellation which exhibited a distinctive topographic 
pattern ranging from PSA (i.e., similar values of log-transformed larval 
count data aggregating in geospace) for ( ),IEi >λ  to NSA (i.e., 

dissimilar log-values aggregating in geospace) for ( ).IEi >λ  Each 

eigenvector was mapped where ( )IE  was the expected value of Moran’s I 
under the assumption of (a) spatial independences and (b) as outputs from 
related projection matrices ( )1M  or ( ),XM  respectively. We noted that 
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the associated Moran’s I autocorrelation coefficient, of each eigenvector ie  

generated was equal to its associated eigenvalue ( )[ ]i
TT

ii eVVe +=λ  

( ),2 i
T
i ee  but only if V was scaled to satisfy ( )[ ] .211 nVV TT =+  Moran’s 

autocorrelation is often denoted as I is an extension of Pearson’s product 
moment correlation coefficient which can be used to measure the amount 
of autocorrelation in an ecological-sampled datasets of seasonal sampled 
multivariate vector arthropod-related habitat weighted estimators [2]. In 
previous research, Jacob et al. [11] employed the Pearson’s correlation 
coefficient for spatially summarizing autocovariance between two 
sampled malarial mosquito Anopheles. arabiensis larval habitat predictor 
variables to define the covariance of any sampled explanatory covariate 
coefficients divided by the product of their standard deviations using 

( ) [( ) ( )] .,cov
,
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YX
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YXEYX
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=
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=ρ   The formula defined the 

sampled larval habitat population correlation coefficient. In this   research, 
substituting estimates of the covariances and variances provided the sample 

correlation coefficient denoted by 
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An equivalent expression rendered the correlation coefficient as the mean 
of the products of the standard scores. Based on paired S. damnosum s.l. 
larval habitat data ( ),,.,i.e ii YX  the sample Pearson correlation coefficient 

was ,1
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i
n

i s
YY

s
XX

nr  where X
X

i sXs
XX and,,−  was the 

standard score, sample mean, and sample standard deviation, 
respectively. The eigenvectors yielded distinct risk-oriented map pattern 
descriptions of latent spatial autocorrelation in the larval habitat data. 
This was interpreted as synthetic map variables that represented specific 
natures (i.e., positive or negative) and degrees (i.e., negligible, weak, 
moderate, and strong) of potential spatial autocorrelation. For the 
immature Similium, two counteracting spatial autocorrelation effects 
were conceptualized (i.e., common factors leading to PSA and competitive 
factors leading to NSA materializing) at the same time, with a possible 
net effect being global detection of near-zero spatial autocorrelation. If a 
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parsimonious set of eigenvectors is to be selected for eigenvectors 
depicting near-zero spatial autocorrelation should be avoided, since such 
a set of latent vectors associated with a matrix equation fail to capture 
any geographic information [9]. 

In this research, the eigenvector spatial filtering approach added a 
minimally sufficient set of eigenvectors as proxy-variables to the set of 
linear predictors, in the S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented predictive risk-related model by inducing mutual 
independence in the sampled parameter estimator datasets. The 
regression residuals represented spatially independent variable 
components. The spatial pattern in the eigenvectors was synthetic. In our 
model, positive global autocorrelation in the local patterns of the larval 
habitat parameters exhibited only positive local autocorrelation and vice 
versa for negative global autocorrelation. The eigenvectors ie  and je  

within each set of eigenvectors, were mutually orthogonal as the 

symmetry transformation ( )TVV +2
1  was a quadratic form as revealed 

in Equations (2.1) and (2.2). 

As mentioned previously, the eigenvectors of specification (2.1) were 
orthogonal to the exogeneous variables X of the regression model 
constructed employing the sampled georeferenced S. damnosum s.l. 
larval habitat explanatory covariates; whereas, the eigenvectors of 
specification (2.2) were orthogonal only to the constant unity vector 1 in 
X. This orthogonality had implications for modeling the spatial mis-
specification terms in the larval habitat model and allowed us to link 
each collection of eigenvectors to its specific autoregressive model by 
letting SARE  be a matrix whose vectors were subsets of { } .,,1 SARnee …              

A linear combination of this subset was then approximated by employing 
the misspecification term of the simultaneous autoregressive version of 
the S. damnosum s.l. riverine larval habitat distribution endemic 
transmission-oriented predictive risk-related-model 

( )..,i.e
1

ερ≈γ ∑
∞

=

kk

k
SAR VE  (2.3) 
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The linear combination γSARE  remained orthogonal to exogeneous 
variables X and, consequently, the estimated field and remote-sampled 

explanatory predictor variables β̂  were unbiased. Furthermore, as a 

property of the OLS estimator, the estimated term γSARE  was also 

orthogonal to the residuals .ε̂  The model ε+γ+β= ˆˆˆ SAREXy  then 
decomposed the endogeneous variable y into a systematic trend 
component, a stochastic signal component and some white-noise 
residuals. The term γ̂SARE  removed variance inflation in the MSE term 
attributable to spatial autocorrelation. 

Alternatively, for the spatial lag model (2.3), LagE  was a matrix of 

those eigenvectors that were a subset of { } .,,1 Lagnee …  The 

approximation of the misspecification term became kk

k
Lag VE ρ≈γ ∑

∞

=0
 

( ).ε+βX  Since γLagE  is correlated with the exogeneous variables X, its 

incorporation into the S. damnosum s.l. larval habitat predictive risk 

model corrected the bias of estimated plain OLS parameters β̂  in the 

spatial lag analyses. The model ,ˆˆˆ ε+γ+β= LagEXy  generated from the 

sampled georeferenced riverine larval habitat explanatory covariates was 
a decomposition of the spatial lag model into a systematic trend 
component, a stochastic signal component and some white-noise 
residuals. However, for the sampled S. damnosum s.l. riverine larval 
habitat endemic transmission-oriented predictive risk model, the trend 
and the stochastic signal were no longer uncorrelated and the MSE was 
deflated. 

The set of eigenvectors { }Lagnee ,,1 …  of the spatial lag model (2.3) 

was then calculated independently of the exogeneous variables X. In this 
research, this calculation was dependent on the underlying spatial link 
matrix V. We found that, this filtering approach was more adaptable to 
an explanatory specification search of relevant exogeneous variables and 
spatial predictions with changing predictor variable values in the model. 
In contrast, for the simultaneous autoregressive S. damnosum s.l. 
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riverine larval habitat model (2.2), the eigenvectors { }SARnee ,,1 …  

depended through the projection of ( ),XM  on the exogeneous variables X. 

Thus, any change in the underlying model structure required a 
recalculation of the eigenvectors for generating the tessellations. Spatial 
filtering of either the spatial lag model or the simultaneous 
autoregressive model with a common factor constraint thereafter, only 
required identification of only one set of selected eigenvectors, namely, 

SARE  or ,LagE  respectively [2]. The relevant set of eigenvectors was 

then applied simultaneously to all the field and remote-sampled 
georeferenced S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented predictive risk-related explanatory covariates in 
both models. For the generic autoregressive model (2.1); however, spatial 
filtering was applied individually to each sampled explanatory predictor 
covariate coefficient. The generic specification of autoregressive spatial 
models then associated a specific spatial lag factor with the endogeneous 
y variable and other specific spatial lag factors for each additional 
exogeneous variable [9]. In this research, we used the eigenvectors 
{ }Lagnee ,,1 …  to filter spatial autocorrelation in the generic 

autoregressive S. damnosum s.l. larval habitat model employing each 
sampled parameter estimator. 

The next step was to identify suitable and parsimonious subsets of 
eigenvectors SARE  or LagE  from either sampled S. damnosum s.l. 

riverine larval habitat endemic transmission-oriented predictive risk 
model specification (2.1) or (2.2). A particular subset of eigenvectors is 
suitable, if the residuals ε̂  of the resulting spatially filtered model 
become stochastically independent with respect to the underlying 
sampled habitat spatial structure V [11]. In addition, parsimony in the 
model estimation in this research was defined as the smallest possible 
subset of eigenvectors which led to the spatial independence in the           
S. damnosum s.l. larval habitat distribution model residuals being 
identified. The spatial patterns of different eigenvectors expressed 
independent and filter spatial autocorrelation of the regression model 
residuals which in this research was explicitly formalized by a 
georeferenced vector. This methodology has been used for extrapolating 
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georeferenced explanatory covariates associated to prolific larval 
habitats. For example, in Jacob et al. [11], an eigenfunction 
decomposition algorithm was used along with a forward stepwise 
regression to add eigenvectors to regression-based malarial mosquito 
Anopheles gambiae s.l. and West Nile Virus mosquito Culex 
quinquefasciatus aquatic larval habitat models for targeting prolific 
habitats in Gulu, Uganda until the spatial autocorrelation in the 
resulting residuals ê dropped below a critical level. The measures of 
clustering of An. gambiae s.l. and Cx. quinquefasciatus aquatic larval 
habitats were then reported. In this research, results from SAS PROC 
GENMOD for all the S. damnosum s.l. riverine larval habitat model 
autocorrelation eigenvectors were selected by the stepwise negative 
binomial regression procedure. Positive and negative spatial 

autocorrelation spatial filter component pseudo- 2R  values were then 
reported by using GLMM estimation results from SAS PROC NLMIXED.  

2.7. Bayesian matrix 

In this research, we began with a “prior distribution”, which was 
based on the relative likelihoods of the sampled georeferenced                  
S. damnosum s.l. larval habitat “Bayesianized” endemic transmission-
oriented predictive risk-related explanatory covariates. In practice, it is 
common to assume a uniform distribution over the appropriate range of 
values for the prior distribution [9]. We calculated the likelihood of the 
observed distribution as a function of the parameter estimator values, 
which multiplied this likelihood function by the prior distribution which 
was then normalized to obtain a unit probability over all possible values 
(i.e., posterior distribution). The mode of the distribution was then the 
parameter estimate and “probability intervals”. These intervals 
represented the Bayesian analogue of confidence intervals in the 
regression-based distribution model. 

In our Bayesian formulation, the specification of the S. damnosum s.l. 
riverine larval habitat model was completed by assigning priors to all 
unknown parameters. We used our dataset of spatiotemporal-sampled 
observations where each ix  for ni ,,1 …=  was assumed to be 

distributed according to some distribution ( ).|θixp  In this research, θ  
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was a parameter that was unknown and had to be inferred from the data. 
Our Bayesian procedure began by assuming that θ  was distributed 
according to some prior distribution ( ),αθp  where the parameter α  was 

a hyperparameter. The joint probability of the sampled S. damnosum s.l. 
larval habitat endemic transmission-oriented predictive risk-related data 

was then determined by using: ( ) ( ) ( );|,
1

1 θ=θ=θ ∏
=

i
n

i
n xpxxpp …X  

whereby, ( ) ( )θ=αθ XX pp ,  and ( ) ( )θ=αθ |,| ii xpxp  was conditionally 

independent of the hyperparameters. Bayesian inference then determined 
the posterior distribution of the parameter ( )αθ ,Xp  by using 

( ) ( )
( )α

αθ
=αθ ,

,,, X
XX p

pp  

( )
( ) θαθ

αθ
=

∫θ dp
p

,,
,,

X
X  
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For the fixed regression parameters, a suitable choice was the diffuse 
prior, i.e., ( )γp  const., but a weakly informative Gaussian prior was also 

possible. A second-order Gaussian random walk prior was then employed 
to allow enough flexibility while penalizing abrupt changes in the 
function. 
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Initially, we generated heterogeneous random walks in one dimension 

employing the sampled riverine larval habitat model parameter 
estimators. We simulated a random walk by first drawing a random 
number out of a uniform distribution that determined the propagation 
direction according to the transition probabilities, and then drew a 
random time out of the relevant different jumping time probability 
density functions (JT-PDF). We noted that the interval in our sampled 
data was discrete. In a discrete system, the connections are among 
adjacent states, while the dynamics are either Markovian, semi-
Markovian, or even non-Markovian depending on the model 
heterogeneous random walks in 1-D. This systems have jump 
probabilities that depend on the location in the system, and/or different 
jumping time (JT) probability density functions (PDFs) that depend on 
the location in the system [1]. Known important results in simple 
systems include a symmetric Markovian random walk, the Green’s 
function (i.e., PDF) of the walker for occupying state i, which is commonly 
Gaussian and has a variance that scales like time [11]. This results in a 
system with discrete time and space, and also in a system continuous 
time and space. We used a completely heterogeneous semi-Markovian 
random walk in a discrete system of ( ),1>L  where the Green’s function 

was found in Laplace space for quantifying the S. damnosum s.l. riverine 
larval habitat spatiotemporal-sampled data.  

In this research, the Laplace transform of a function was defined with, 

( ) ( ) .
0

dttfesf st−∞
∫=  Thereafter, the system was defined through the 

jumping time (JT) PDFs: ( )tijψ  connecting states i with state j. The jump 

was from state i. The solution was based on the path representation of the 
Green’s function, calculated by including all the path PDFs of the sampled 
georeferenced S. damnosum s.l. larval habitat endemic transmission  

oriented explanatory covariates by using ( ) ( ) ( )
( )

( ).
,

~, s
Ls
LsssG iijij Ψ

Φ
Φ

Γ=   

We then derived ( ) ( )ss ijji Ψ=Ψ ∑  and ( )
( )

s
sv

s ij
ij

/−
=Ψ

1
 from 
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( ) ( ) ( )
( )

( ).
,
, s

Ls
LsssG iijij Ψ

Φ
Φ

Γ=  Thereafter we, used these equations to generate 

the following equations in SASmacro WinBUGSio : ( ) ( ),1
1
0 svs cc

i
cij ±= /=Γ ∏ ∓  

( ) [ ]( ) ( )LcshLs cL
c ;,11, 2

1 −∑+=Φ =  with ( ) ( ) ( )sfLish ccc k
ciL

kk
i
c

−−−
+== −

∑∏= 21
21 1

;,  

and ( ) ( ) ( ).11 svsvsf jjjjj kkkkk ++ //=  By doing so, ( ) .1;, =Φ= LsIL  The 

symbol [ ]2L  then appeared in the upper bound in the ∑  in the 
regression-based equations which was the floor operation. This 
essentially entailed rounding off the sampled georeferenced explanatory 

predictor covariates towards zero. In this research, the factor ( ) )ILs ~;Φ  

had the same form as in ( )Ls;Φ  which was calculated on a lattice .~L  

Lattice L~  was constructed from the original lattice generated from the 
larval habitat dataset by taking out from it the states i and j and the 
states between them, and then connecting the two fragments. When each 

fragment is a single state, ( ) 1~; =Φ Ls  [9]. 

Next, a random walk having a step size that varied according to a 
normal distribution of the sampled georeferenced S. damnosum s.l. larval 
habitat endemic transmission-oriented predictive risk-related 
explanatory covariates was determined. The Black-Scholes formula then 
employed a Gaussian random walk as an underlying assumption. Here, 

the step size was the inverse cumulative normal distribution ( ),,,1 σµΦ− z  
where 10 ≤≤ z  were the sampled larval habitat density count values µ  
and σ  were the mean and standard deviations of the normal distribution, 
respectively. The Black-Scholes equation we used was a partial differential 

equation. The equation was .02
1

2

2
22 =−

∂
∂+

∂

∂σ+
∂
∂ rVS

VrS
S
VSt

V  We 

noticed that our data followed a classic geometric Brownian motion 

(GBM). That is, ,dWdtS
dS σ+µ=  where W was Brownian motion. The 

GBM (i.e., exponential Brownian motion) is a continuous-time stochastic 
process in which the logarithm of the randomly varying quantity follows 
a Brownian motion [11]. Brownian motion is the presumably random 
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drifting in a mathematical model used to describe random movements 
[1]. Note that W, and consequently, its infinitesimal increment dW, were 
the only source of uncertainty in our model. Intuitively, ( )tW  was then a 
process that fluctuated up and down in such a random way that its 
expected change over any time interval was 0. The variance T in ( )tW  

was then used for constructing Gaussian random walks of spatiotemporal 
larval habitat distribution models. Therefore in the model, the expected 

value of µ  was dt with a variance of dt2σ  [1].  

In this research, the stochastic process tS  generated from the field 
and remote sampled S. damnosum s.l. larval habitat parameter 
estimates was said to follow a GBM which then satisfied the following 
stochastic differential equation (SDE): ,tttt dWSdtSdS σ+µ=  where tW  

was a Brownian motion and µ  (the percentage drift), and σ  (i.e., the 

percentage volatility) were constants. For an arbitrary initial value ,0S  
the above SDE had the analytic solution under Itō’s interpretation: 

exp0SSt =  ,2
2









σ+







 σ−µ tWt  which was for any value of t, a log 

normally distributed random variable with expected value ( ) t
t eSS µ= 0E  

and variance ( ) .1Var
222

0 




 −= σµ tt

t eeSS  The correctness of this solution 

was checked by using Itō’s lemma. 

In its simplest form, Itō’s lemma states the following: for an Itō drift-
diffusion process tttt dBdtdX σ+µ=  and any twice differentiable 

function ( )xtf ,  of two real variables t and x, one has ( ) =tXtdf ,  

.2 2

22
tt

t
t dBx

fdt
x

f
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t
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∂µ+

∂
∂  This immediately implies that 

( )Xtf ,  is itself an Itō drift-diffusion process. In higher dimensions, Ito’s 

lemma states ( ) ( ) ,2
1,, 2

tX
T
tt

T
Xttt dXfdXdXfdtXtfXtdf

tt
⋅∇⋅+⋅∇+= �  

where ( )Tntttt XXXX ,2,1, ,,, …=  is a vector of Itō processes, ( )Xtft ,�  is 
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the partial differential w.r.t. t, fT
X∇  is the gradient of ƒ w.r.t. X, and 

fX
2∇  is the Hessian matrix of ƒ w.r.t. X. More generally, the above 

formula also holds for any continuous d-dimensional semimartingale 

( ),,,, 21 dXXXX …=  and twice continuously differentiable and real 

valued function f on .dR  Some authors prefer to present the formula in 
another form with cross-variation shown explicitly as follows: ( )Xf  is a 

semimartingale satisfying ( ) ( ) ( ) [ ] .,2
1

,
1,1

t
ji

tji
d

ji

i
tti

d

i
t XXdXfdXXfXdf ∑∑

==
+=  

In this expression, the term if  represents the partial derivative of ( )xf  

with respect to ,ix  and [ ]ji XX ,  the quadratic covariation process of iX  

and .jX  

Finally, for the spatial components, VI, a Markov random field (MRF) 
prior was assigned. The conditional distribution of VI gave an adjacent 
explanatory covariate, VJ, which was a univariate normal distribution 
with mean equal to the average VJ coefficient values of VI’s neighbouring 

sampled site variance equal to 2
vτ  divided by the number of total   

adjacent sampled S. damnosum s.l. larval habitat endemic transmission 
oriented estimators. This lead to a joint density of the form: 

( ) ( ) ,2exp 2
2

2










−

τ
−ατ ∑

−
ji

ji
p ννν ν

ν  where ji ~  denoted sampled habitats i 

adjacent to j, when the estimates VI and VJ in the adjacent sampled 
habitats were similar. The degree of uncertainty in the spatiotemporal-
sampled data was then determined by the unknown precision parameter 

.2
ντ  

By writing ,,, llkkjjj ZuZhZf β=β=β=  and mmZ β=ν  for a well- 

defined design matrix Z, a vector of regression parameters ,β  with all 
different priors, was expressed in a general Gaussian form by using the 

expression: ( )






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
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ββ′

τ
−ατβ jjj
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j Kp 2
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2
1expν  with an appropriate penalty 
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matrix .jK  The model structure was dependent on the sampled 

georeferenced S. damnosum s.l. riverine larval habitat endemic 
transmission oriented explanatory covariates and smoothness of the 
function. In most cases, jK  is rank deficient and, hence, the prior for jβ  

is improper [7]. For the variances 2
jτ  inverse Gamma priors ( )jj baIG ,  

was assumed with hyperparameters jj ba ,  chosen such that this prior 

was weakly informative. 

The Bayesian framework in this research was then defined by 
conditional probabilities constructed from spatiotemporal-sampled         
S. damnosum s.l. larval habitat data. The observation nodes in the 
Bayesian estimation model was denoted by a vector ( ),,,, 21 Nxxxx …=  

and the set of states of the observation node jx  were generated from the 

sampled data which was represented by { }.,,2,1 jj Yx …∈  In this 

research, the hidden nodes were denoted by { }.,,2,1 kk Tz …∈  The 

probability that the state of the hidden node kz  was ,1, kTii ≤≤  was 
expressed as ( ) ( ).:, izPa kik ==  Because { ( ) }kik Tia ,,2,1,, …=  is a 

probability distribution, ( ) 1,
1

=∑
=

ik

T

i
a

k
 it holds for Kk ,,2,1 …=  [9]. The 

conditional probability in our model was based on the j-th riverine larval 
habitat observation when jx  while ( )jYll ≤≤1,  were based on the condition 

that the states of hidden nodes were [ ( ] ),,,, 21 KZZZZ …=  generated 

by ( ) ( ).|:|, zlxPb jzlj ==  We then defined { ( )} { ( )}.:,: |,, zljik bbaa ==  

Thereafter we employed  { }ba,=ω  as the set of all the spatiotemporal-
sampled S. damnosum s.l. larval habitat parameters estimators 
spatiotemporally sampled at the Nabere study site. Then the joint 
probability that the states of observation nodes were 

( )Nxxxx ,,, 21 …=  and the states of hidden nodes were quantitated by 

[ ( ] ),,,, 21 Kzzzz …=  based on ( ) =ω|, zxP  ( ) ( ) .|,
1

,
1

zxj
N

j
zk

K

k
jk ba ∏∏

==
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Thereafter, the marginal probability that the states of observation    
S. damnosum s.l. riverine larval habitat nodes were x was generated by 

using ( ) ( ) ( ) ( ) .|,|, |,
1

,
111
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z
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k
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: "   for the 

summation over all states of the hidden nodes. We assumed the sampled 
georeferenced S. damnosum s.l. larval habitat endemic transmission-oriented 
predictive risk-related explanatory covariates { }nn XXXX ,,, 11 …=  were 

independently and identically taken from the true distribution ( ).0 xp  In 

Bayesian learning, the prior distribution ( )ωϕ  on the parameter ω  is set 

[7]. In this research, the posterior distribution ( )nXp |ω  was computed 
from the S. damnosum s.l. larval habitat dataset and the prior by 

( )
( )

( ( )) ( ),exp1| ωϕω−=ω nn
n nH

XZ
Xp  which then generated the expression 

( ) ( ) ( { )) ( { ) )),log11 ω≡=∑=ω ↓↓
↑

↓↓ iXpiXponinnH  and ( )nXZ  (i.e., 

the normalization constant). The Bayesian predictive distribution 

( )nXxp |  was provided by averaging the model over the posterior 

distribution as follows: ( ) [ ( ) ( ] ) .||| ωωω= ∫ dXpxpXxp nn   The Bayesian 

stochastic complexity ( )XnF  was then defined by ( ) ( ),log nn XZXF −=  
which was then used as a criterion by which the model selected the 
hyperparameters in the prior. We then let [ ]⋅nxE  be the expectation over all 

the sampled S. damnosum s.l. larval habitat parameters. The Bayesian 
stochastic complexity had the following asymptotic form: 

( ) [ ( ) ( ) ( ),1loglog1log OnmnnXFnXE +−−λ≈↑↑
↓  where λ  and m 

were the larval habitats geosampled and their endemic transmission 
oriented explanatory covariate coefficient indicator count values, 
respectively. In regular models, λ2  is equal to the number of parameters 
and ,1=m  while in non-identifiable models, λ2  is not larger than the 
number of parameters and 1≥m  [9]. However, our Bayesian framework 
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constructed using field and remote-sampled habitat data required 
integration over the posterior distribution, which could not be performed 
analytically [1]. 

Thus, in this research, we let { }nn ZX ,  be the spatiotemporal-sampled 
S. damnosum s.l. larval habitat parameter estimators corresponding to 

the hidden error variables in the equation { }.,,, 11 n
n ZZZZ …=  The 

variational framework approximated the Bayesian posterior ( )nn XZp |, ω  

based on hidden variables and the variational posterior ( ),|, nn XZq ω  

which was factorized using ( ) ( ) ( ),|||, nnnnn XrXZQXZq ω=ω  where 

( )nn XZQ |  and ( )nXr |ω  were posteriors based on the inconspicuous error 
coefficients and the sampled data, respectively. The variational posterior 

( )nn XZq |, ω  was then chosen to minimize the functional [ ]qF  defined by 

[ ]
( ) ( ) ( )( )

( )
,

,,
|,log|,

ω
ω

ωω
= ∫∑ d

ZXp
XpoXZqXZqF nn

nnnnn

Z
q

n
 which in this research 

was then further defined by ( ) ( ( ) ( ))nXnZpnXnZqKnXFs ↑↑↑↑↑ ωω+= |,||,  

using the sampled parameters, where ( ( ) ( )),|,||, nXnZpnXnZqK ↑↑↑↑ ωω  

where the true Bayesian posterior was ( )nn XZp |, ω  and the variational 

posterior was ( ).|, nn XZq ω  This led to the functional [ ]qF  being     

minimized under the constraint and then the variation posteriors,  

( )nXr |ω  and ( ),| nn XZQ  was computed by using the                               

equation ( ) ( ) ( ) QZXpCXr nn
r

n >ω<ωϕ=ω ||logexp1|  and ( ) =nn XZQ |  

( ) ,|,logexp1 rZXpC
nn

Q
>ω<   where rC  and QC  were the normalization 

constants. It is important to note that these equations gave only 

necessary conditions for the functional [ ]qF  to be minimized in the            
S. damnosum s.l. riverine larval habitat distribution model. The 
variational posteriors were computed by an iterative algorithm. We 
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defined the variational stochastic complexity ( )nXF  by the minimum 

value of the functional [ ],qF  which was ( ) [ ],min
,

qFXF
Qr

n =  based on the 

difference between ( )nXF  and the Bayesian stochastic complexity 

( ).nXF  

We then generated variational posterior for the estimation matrix. 
We assumed that the prior distribution ( )ωϕ  of the S. damnosum s.l. 

larval habitat parameters { }ba,=ω  was the conjugate prior distribution. 

Then ( )ωϕ  was given by ( ) ( )
( ) ( ) ,,,2,1,1

,
10

0 0 KkaTa
k

k

k
k zk

T

z
T

k
k …=

φΓ

φΓ
=ϕ −φ

=
∏  

using the sampled georeferenced explanatory riverine larval            
endemic transmission  oriented covariate coefficient estimates which 

were given by ( ( ) )
( )

( ) ( ) .,,2,1,1
|,

10

0
| 0 Njb

Y
b zxj

Y

x
Y

j
zj j

j

j
jk …=

ξΓ

ξΓ
=ϕ −ξ

=
∏  These 

were Dirichlet distributions with hyperparameters which in this research 
was generated by using 00 >φ  and .00 >ξ  The Dirichlet distribution 

[i.e., Dir ( )α ] is a family of continuous multivariate probability 
distributions parameterized by the vector α  of positive reals, which can 
generate the multivariate generalization of the beta distribution, and 
conjugate prior of the categorical distribution and multinomial 
distribution in Bayesian statistics [1]. The Dirichlet distribution is the 
multinomial extension to the beta distribution for a binomial process, 
which can also be used in quantifying probabilities in predictive 
regression-based models [9]. 

We then let ( )nδ  be 1 when 0=n  and 1 otherwise, and then defined the 

sampled parameter uncertainty estimates by using ( ) ( ( ) ) .:
1

, Qk
k

i

n

i

z
zk zZn

k
−δ=∑

=
  

In this research, we also employed ( )
( )( ) ( ( ) ) .:

11
|, Qk

k
i

K

k
j

j
i

n

i

x
zxj zZxXn

j
−δ−δ= ∏∑

==
 

In these equations, ( )j
iX  was the state of the j-th observation node and 
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( )k
iZ  was the state of the k-th hidden node. The variational posterior 

distribution of parameters [i.e., { }]ba,=ω  was then given by the equation 

( ) ( )

( )( ) ( )
( ) ,|

1
,

0,

0 0,

11

−φ+
∏
==

φ+Γ∏

φ+Γ
=

x
kzk

k

k

kk
k
k

n
zk

T

zz
zk

T
z

kn
k a

n
TnXar  where each of the 

sampled S. damnosum s.l. larval habitat endemic transmission  oriented 
explanatory covariate coefficients were spatially quantitated employing the 

equation ( ) ( ) ( ) [ ( ( )( ) ] .11: QkzkiZKknixzn ↓↓
↑

↓
↑

↓
↑

↓
↑

↓
− −δ≡=∏≡=∑=  

It then followed that ( ),|,
1

x
zxj

Y

x

x
z j

j

j

nn ∑
=

=  for ,,,1 Nj …=  and 

( )
x
z

z

z
zk nn

k
k ∑

−

=,  which subsequently denoted the sum over ( ).kizi ≠  

In this research, we evaluated the statistical efficiency of the MCMC 
sequence in SASmacro WinBUGSio by using the following steps: 

Step 1. Sample ( )mS  from ( ( ) );, 1−mZXSf  

Step 2. Sample ( )mP  from ( ( ) ( ) );,, 1−mm ZSXPf  

Step 3. Sample ( )mZ  from ( ( ) ( ) ( ) );,,, 1−Φ mmm SPXZf  

where X was the field and remote-sampled S. damnosum s.l. larval 
habitat endemic transmission-oriented predictive risk-related explanatory 

covariate coefficient and Z was randomly assigned a starting value ( )1Z  
by using a uniform prior distribution. 

Step 1 was performed by drawing from an inverse Wishart 
distribution. In Bayesian statistics, inverse Wishart distribution is      
used as the conjugate prior for the covariance matrix of a multivariate 
normal distribution [7]. The pdf of the inverse Wishart was: 

[ ]
( )

( )
,

2

|||

2
2

2
1

2
1

2

m
p

mp

Bvtracepmm
eBv

τ

/

−/++ −−
  where B and v/  were pp ×  positive 

definite matrices, and ( )⋅τp  was the multivariate Gamma function. In 
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this research, the distribution of the inverse of a Wishart-distributed 
matrix was generated from ( )mWA ,~ ∑  and ∑  which was of size 

pp ×  for the matrix constructed from the field and remote-sampled         
S. damnosum s.l. riverine larval habitat endemic transmission-oriented 

predictive risk-related-parameters. Under these circumstances, 1−= AB  

had an inverse Wishart distribution ( ).,~ 11 mBW −− ∑  We calculated 

the pdf [i.e., ( )⋅τp ] which in this research represented the multivariate 

Gamma function of the sampled data. A pdf or density of a continuous 
random variable is a function that describes the relative likelihood for 
this random variable to occur at a given point [1]. 

The marginal and conditional distributions from the inverse Wishart-

distributed matrix were then quantified using ( ).,~ 1 mWA ψ−  We then 
partitioned the matrices for determining if ψ  was conformable with each 

other using ,,
2221

1211

2221

1211















ψψ

ψψ
=ψ














=

AA

AA
A  where ijA  and 

ijψ  were ji pp ×  matrices. We then determined if: 

(i) 11A  was independent of 12
1

11AA−  and ,1.22A  when −= 221.22 AA  

12
1

1121 AAA −  was the Schur complement (i.e., a submatrix within a larger 

matrix) of 11A  in A; 

(ii) ( );, 211
1

~11 pmW −ψ−A  

(iii) ( ) ( ) ( ) ( ( ) ,1211121~12212111 ↓
↑

↓↓↓↓↓↓
↑

↓ ψ−ψ⋅− xppMNAAA  

( ) ( )),111122 −ψ⊗⋅ ↑
↓↓A  where ( )⋅⋅× ,qpMN  was a matrix normal 

distribution generated from the regressed spatiotemporal-sampled         
S. damnosum s.l. larval habitat endemic transmission oriented 
explanatory covariate coefficients; and, 

(iv) ( ).,~ 11
1

122 mW ψ−
⋅A  
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We used the conjugate distribution to make inference about a 

covariance matrix ,∑  whose prior had a ( )mW ,11
1 ψ−  distribution. If 

the observations nxxX ,,1 …=  are independent p-variate Gaussian 

variables drawn from a distribution then the conditional distribution has 

a ( )mAW +ψ+− n,1  distribution, where TXX=A  is n times the 

sample covariance matrix [7]. Because the prior and posterior 
distributions are the same family, the inverse Wishart distribution was 
the conjugate to the multivariate Gaussian generated from the 
georeferenced S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented predictive risk-related data. This task was 
simplified by assuming that the riverine larval habitat endemic 
transmission-oriented predictive risk data analyses had covariance 
matrices with common eigenvectors. If covariance’s differ among sources, 
the inverse Wishart draws often produce invalid results, especially for 
sources that are small components of the mixture [7]. As such, in this 
research, we developed covariance matrix S, which was decomposed into 
a vector of standard deviations, V, and a correlation matrix, R using: 
S=diag(V)Rdiag(V), where diag(V) was a matrix with diagonal elements 
V and zeros elsewhere. This decomposition permitted the independent 
sampling of V and R. We then simulated the standard deviations, V, from 

an inverse Gamma distribution: ( )( ) ,2,2~,
2
,12

, 












+β+α− klkkm

lk
nsnIGZXVp  

where kn  was the number of individual habitats assigned to cluster k by 
( )1−mZ  (i.e., the S. damnosum s.l. larval habitat sample size), 2

, lks  was 

the sample variance of element l in cluster k as assigned by ( ),1−mZ  and 
α  and β  were constants, both set to the non-informative prior value of 1. 

We then simulated the elements of the correlation matrices,               
R, from a hyperbolic-tangent transformed distribution using: 

( ) ( )( ) ( ) ,1,ˆtanh~,tanh ,,
1

,, 





−

k
jik

m
jik nRNZXRp  where jikR ,,ˆ  was the 

current estimate of the correlation between the i-th and j-th elements 
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( )ji ≠  in a cluster k given ( ),1−mZ  and kn  was the same. After sampling 

values for both V and R, we reassembled the covariance matrix, ,KS  for 

each habitat cluster, thus, completing Step 1. 

Step 2 required drawing values for the elemental means, P. The field 
and remote-sampled S. damnosum s.l. riverine larval habitat data X had 
an approximate multivariate normal distribution as such Step 2 was 
performed by using the vector of mean concentrations for cluster k. The 
multivariate normal distribution using the sampled georeferenced          
S. damnosum s.l. larval habitat endemic transmission-oriented predictive 
risk explanatory covariates was then given by the sample means 

calculated from X, generated from the cluster assignments, ( )1−mZ  and 
the covariance kS  from Step 1. If cluster k was empty at 1−m  (that was 

no individual sampled habitat parameters were assigned to k by ( )1−mZ ), 
then the grand mean and covariance matrix of X were used as the sample 
mean and covariance matrix of k. 

Step 3 involved drawing new cluster assignments using each individual 
sampled S. damnosum s.l. larval habitat estimators. To do so, it            
was necessary to calculate ( )kzi =Pr  for every ki,  combination             

( iz  was the i-th element of Z). Again, we assumed                       

multivariate normal distributions where ( )mZ  was simulated from: 

( ) ( ) ( )( )
( ) ( )( )
( ) ( )( )

,
,,

,,
,,,Pr

1

,

kzSPXf

kzSPXf
SPXkz

im
k

m
k

i
k

K

K

im
k

m
k

i
kmmmi

′=φ

=φ
=Φ=

′′′
−
∑

 where 

the ( ).f  terms on the right-hand side were multivariate normal 
likelihoods. Thus, the likelihood that the i-th element of X was present in 
the sampled larval habitat population k, was normalized by the sum of 
likelihoods for all potential sources influencing presence of immature     

S. damnosum s.l. at the Nabere study site. Finally, the sample ( )mΦ  from 

( ( ) ( ) ( ) )mmm ZSPXZf ,,,  was used to generate asymptotically efficient 
estimates in our seasonal multivariate S. damnosum s.l. riverine larval 
habitat endemic transmission-oriented predictive risk distribution model. 
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3. Results 

Initially, the CLUSTER procedure in SAS hierarchically aggregated 
the S. damnosum s.l. endemic transmission-oriented predictive risk-
based-observations. PROC CLUSTER then computed all Euclidean 
distances in the dataset based on the flexible-beta method. PROC 
CLUSTER then generated the number of clusters in the sampled              
S. damnosum s.l. larval habitat population. PROC CLUSTER also 
created an output dataset which was used by the TREE procedure in SAS 
to draw a diagram of the cluster hierarchy. In this research, to obtain the 
five-cluster solution, we first used PROC CLUSTER with the 
OUTTREE= option, and then employed the output data set as the input 
data set to the TREE procedure. Within PROC TREE, NCLUSTER 
specified the number of clusters based on the sampled georeferenced       
S. damnosum s.l. larval habitat data and the OUT= options to obtain the 
final solution and draw a tree diagram. Since we considered all the 
sampled georeferenced larval habitat explanatory covariates to be 
equally important, we used the STD option in PROC CLUSTER to 
standardize the variables to mean 0 and standard deviation 1. We 
removed the outliers before using PROC CLUSTER with the STD option. 
The STDIZE procedure provides additional methods for standardizing 
variables and imputing missing values (www.sas.edu). 

In this research, the relationship between prevalence of each 
individual potential predictor variable sampled in the Nabere study site 
was investigated by single variable regression analysis in PROC MIXED. 
We used the regression line ( ) ( ) ( )iiii yyyyyy ˆˆ −+−=−  to generate a 

pseudo 2R  value where the first term was the total variation in the 
response y total (larval density count), and the second term was the 
variation in mean response based on the sampled parameters. The     
third term was the residual value in the model estimates. Squaring each 
of these terms and adding over all of the sampled S. damnosum s.l. 
riverine larval habitat observations generated the equation 

( ) ( ) ( ) .ˆˆ 222
iiii yyyyyy −+−=− ∑∑∑  This equation was then 
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written as SST = SSM + SSE, where SS was notation for sum of squares 
and T, M, and E were the notation for total, model, and error, 
respectively. By doing so, the square of the sample correlation was then 
equal to the ratio of the estimates, while the sum of squares was related 
to the total sum of squares: r² = SSM/SST. This formalized the 

interpretation of 2R  for explaining the fraction of variability in the 
sampled immature S. damnosum s.l. data explained by the regression 

model. The sample variance 2
ys  was then equal to ( ) ,1

2

−
−∑ n

yyi  which in 

turn was equal to the SST/df, the total sum of squares divided by the 
total df. A regression equation was then constructed by using the mean 

square model ( ) ( ) ,ˆMSMi.e.,
2

l
yyi −

= ∑  which in this research was 

equal to the SSM/df. The corresponding MSE was ( ) ,2
ˆ 2

−
−∑ n

yy ii  we 

noticed was equal to SSE/df and the estimate of the variance about the 

regression line ( )..,i.e 2σ  The MSE is an estimate of 2σ  for determining 

whether or not the null hypothesis is true [10]. 

For quantizing, the spatiotemporal-sampled explanatory predictor 
variables, (p) the S. damnosum s.l. larval habitat modeled the DFM, 
which we noted was equal to p and the error degrees of freedom (DFE). 
This product was also equal to ( ),1−− pn  and the total degrees of 

freedom (DFT), which was subsequently equal to ( ),1−n  the sum of DFM 

and DFE. We also noted that all the explanatory and response variables 
were numeric. The relationship between the mean of the response 
variable (i.e., total larval density count) and the level of the sampled 
explanatory covariates in the regression equation were assumed to be 
approximately linear (i.e., straight line). The corresponding table 
generated classified each the field and remote-sampled S. damnosum s.l. 
larval habitat parameter estimator in SAS see Table 2. 
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Table 2. The S. damnosum s.l. larval habitat regression-based model 
parameter estimates 

Source Sum of Squares Mean Square  

Model p MSM/MSE ( )2ˆ yy −∑ i  SSM/DFM 

Error 1−− pn  ( )2ˆ iiy y−∑  SSE/DFE 

Total 1−n  ( )2y−∑ iy  SST/DFT 

In the multiple regression analyses, the test statistic MSM/MSE had 
an ( )1, −− pnpF  distribution. In this research, the null hypothesis was 

,021 =β==β=β p…  and the alternative hypothesis was at least one of 

the sampled S. damnosum s.l. larval habitat endemic transmission-
oriented predictive risk parameters .,,2,1,0 pjj …=≠β  The F test did 

not indicate which of the parameters 0≠β j  nor which was not equal to 

zero only that at least one of them was linearly related to the response 

variable. The ratio SSM/SST 2R=  (i.e., squared multiple correlation 
coefficient) was thereafter the proportion of the variation in the response 
variable that was explained by the immature sampled habitat data. The 

square root of 2R  (i.e., the multiple correlation coefficient) was then the 
correlation between the sampled S. damnosum s.l. larval habitat 
observations (i.e., iy ) and the fitted values (i.e., iŷ ). Additionally, from 
the sampling distribution generated from the sampled t parameters, the 
probability of obtaining an F was large or larger than the one was 
calculated. In this research, there were only two means to compare, the    
t-test and the F-test, which were equivalent. The relation between 

ANOVA and t was then given by .2tF =  Thereafter, significant 
differences by ANOVA were noted for mean numbers of the                     
S. damnosum s.l. captured throughout the sampling frame 
( ).1,7.44 == DFF  

A Poisson regression analyses was then constructed in PROC MIXED 
to determine the relationship between the sampled S. damnosum s.l. 
larval habitat count data and the sampled habitat characteristics. The 
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Poisson models were built by using the field and remote-sampled            
S. damnosum s.l. larval habitat multivariate endemic transmission-
oriented predictive risk data. A negative binomial regression had to be 
employed, however, as an examination of the data indicated that 
overdispersion was a significant problem in the Poisson model. The 
Poisson distribution is a special case of the negative binomial distribution 
where the mean approximates the standard deviation [8]. We assumed 
that the log of the mean µ  was a linear function of independent variables, 

( ) XmbXbXb ∗∗∗ ++++=µ 32211interceptlog …  in the model, which 
implied that µ  was the exponential function of independent variables when 

( ).32211interceptexp XmbXbXb ∗∗∗ ++++=µ …  Therefore, instead of 
assuming that the distribution of the sampled S. damnosum s.l. larval 
habitats parameter estimates   (i.e., Y ) was Poisson, we were able to 
assume that Y had a negative binomial distribution. We relaxed the 
assumption about equality of mean and variance (i.e., Poisson 
distribution property), since the variance of negative binomial was equal 

to ,2µ+µ k  where 0>=k  was a dispersion parameter. The ML method 
was then used to estimate k, as well as the sampled larval habitat 
parameters of the regression model for ( ).log µ  For the negative binomial 

distribution, the variance was equal to the mean ( )0.,i.emean2 >=+ kk  
as the negative binomial distribution reduced to Poisson when k was 0. 

In the regression analyses, the null hypothesis was: 0:0 =kH  and 

the alternative hypothesis was: .0: >kHa  We recorded the log-
likelihood (i.e., LL) for the models. We employed the likelihood ratio (LR) 
test to compute the LR statistic using – 2(LL) (Poisson) and the LL      
(i.e., negative binomial). The asymptotic distribution of the LR statistic 
had a probability mass of one half at zero and one half - Chi-square 
distribution with 1 df. To test the null hypothesis at the significance level 

,α  we used the critical value of Chi-square distribution corresponding to 
significance level ,2α  whereby there was a rejection of 0H  if LR statistic 

( ).df1,212
α−χ>  We generated the log of the mean, µ  using a linear function 

of independent variables whereby ( ) 2211interceptlog XbXb ∗∗ ++=µ  
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,3 Xmb ∗++…  in the S. damnosum s.l. larval habitat endemic 
transmission-oriented predictive risk model implied that µ  was the 
exponential function of the independent variables when exp=µ  

( ).32211intercept XmbXbXb ∗∗∗ ++++ …  By so doing, distance from 
the capture point was found to be significantly associated to the sampled 
S. damnosum s.l. riverine larval habitats at the Nabere study site. 

All residual estimates from the Bayesian model were then evaluated 
in a spatial error (SE) model. An autoregressive model was employed 
that used a sampled habitat variable, Y, as a function of nearby sampled 
habitat Y values [i.e., an autoregressive response (AR) or spatial linear 
(SL) specification] and/or the residuals of Y as a function of nearby Y 
residuals [i.e., an AR or SE specification]. Distance between sampled 
habitats was then defined in terms of an n-by-n geographic weights 
matrix, C, whose ijc  values were 1 if the sampled riverine larval habitat 

locations i and j were deemed nearby, and 0 otherwise. Adjusting this 
matrix by dividing each row entry by its row sum, with the row sums 
given by C1, converted this matrix to matrix W. The n-by-1 vector 

[ ]Tnxxx "1=  then contained measurements of a quantitative variable 
for n spatial units and n-by-n spatial weighting matrix W. The 
formulation for the Moran’s index of spatial autocorrelation used in this 

research was: ( ) ( ) ( ) ( )

( ) ( )
,

2
12

2

xxw

xxxxwn
xI

i
n
iij

jiij

−

−−
=

=∑∑
∑

 where ( ) ∑∑∑
==

n

j

n

i 11
2  with 

.ji ≠  The values ijw  were spatial weights stored in the symmetrical 

matrix [ ( )]jiij ww =.,i.eW  that had a null diagonal ( ).0=iiw  In this 

research, the matrix was generalized to an asymmetrical matrix W. 

Matrix W can be generalized by a non-symmetric matrix ∗W  by using 

( ) 2TWWW ∗∗ +=  [11]. Moran’s I was the rewritten using matrix notation: 

( ) ,
11 11 Hxx

HWHxx
W
n

HHxx
HHWHHxx

W
nxI T

T

TT

T

t ==  where ( )nIH T11−=  

was an orthogonal projector verifying that 2HH =  (i.e., H was 
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independent). Features of matrix W for analyzing the endemic 
transmission oriented explanatory sampled covariate coefficients of the 
S. damnosum s.l. riverine larval habitats included that it was a 
stochastic matrix which expressed each observed value yi as a function of 
the average of habitat location i’s nearby habitat larval counts, while 
allowing for a single spatial autoregressive parameter ρ  to have a 
maximum value of 1. 

An SAR model specification was then used to describe the                   
S. damnosum s.l. riverine larval habitat model autoregressive variance 
uncertainty estimates. A spatial filter (SF) model specification was also 
used to describe both Gaussian and Poisson random variables. The 
resulting SAR model specification took on the following form: 

( ) ,1 ε+ρ+ρ−µ= WY1Y  where µ  was the scalar conditional mean of Y, 

and ε  was an n-by-1 error vector, whose elements were statistically 
independent normally random variates. 

The spatial covariance matrix for Equation (2.1) then incorporated the 
sampled riverine larval habitat endemic transmission oriented explanatory 

covariates in [( ) ( )] [( ) ( )] ,21σρ−′ρ−=∑=µ−′µ− −WIWIIYIYE  where 
( )•E  denoted the calculus of expectations, I, which was the n-by-n 

identity matrix denoting the matrix transpose operation where 2σ  was 
the error variance. However, when a mixture of PSA and NSA is present 
in a vector arthropod-related larval habitat model, a more explicit 
representation of both effects leads to a more accurate interpretation of 
empirical results [2]. Alternately, the excluded values may be set to zero, 
although if this is done then the mean and variance must be adjusted. 

In this research, two different spatial autoregressive parameters 
appeared in the spatial covariance matrix riverine larval habitat model 
specification which for our SAR model specification became: 

[( ) ( )] ,21σ>ρ<−′>ρ<−=∑ −WIWI diagdiag  where the diagonal 

matrix of autoregressive parameters, ,diag>ρ<  contained two sampled 

parameters: +ρ  for those specific habitats. The habitat pairs displayed 
positive spatial dependency (i.e., ,ρ  for those habitat pairs displaying 
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negative spatial dependency). For example, by letting 12 =σ  and 
employing a 2-by-2 regular square tessellation rendered 
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 this matrix enabled positing a positive     

relationship between the sampled S. damnosum s.l. habitats by      
endemic transmission  oriented covariates, 1y  and .2y  Additionally a 

negative relationship between the covariates, 3y  and ,4y  and, no 

relationship between covariates, 1y  and 3y  and between 2y  and 4y  were 

noted. This covariance specification yielded: ( ++ <ρ−µ= IIY  
) ( ) ,ε+><ρ+><ρ+><ρ−> −−++−− WYII1I diagdiagdiagdiag  where 

+I  was a binary 0-1 indicator variable. This equation also denoted those        
S. damnosum s.l. riverine larval habitat covariates displaying positive 
spatial dependency where −I  was a binary 0-1 indicator variable 
denoting those sampled habitats displaying negative spatial dependency 
using .1=+ −+ II  Expressing the preceding 2-by-2 example in terms of 
Equation (2.3) yielded: 
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If either 0=ρ+  (and hence 0I =+  and II =− ) or 0=ρ−  (and hence 

0I =−  and II =+ ), appeared in the model then Equation (2.3) reduced 
to Equation (2.1). This indicator variables classification was made in 
accordance with the quadrants of the corresponding Moran scatterplot 
generated by using the sampled S. damnosum s.l. larval habitat endemic 
transmission oriented covariate coefficients sampled in the riverine 
epidemiological study site. In our model PSA and NSA processes 
counterbalanced each other in a mixture such that the sum of the two 
spatial autocorrelation parameters- ( )−+ ρ+ρ  were close to 0. Further, 
the Jacobian estimation was implemented by utilizing the differenced 
indicator riverine larval habitat variables in II γ−  for estimating ρ  and 

γ  with ML techniques, and setting .ˆˆˆ +− ργ−=ρ  The Jacobian then 
generalized the gradient of a scalar valued function of multiple variables 
by generalizing the derivative of a scalar-valued function of a scalar. A 
more complex S. damnosum s.l. riverine larval habitat specification was 
then posited by generalizing these binary indicator variables. We used 

mn RRF →:  as a function from Euclidean n-space to Euclidean          
m-space, which was simulated in SAS using the distance measurements 
between the sampled S. damnosum s.l.riverine larval habitats. This 
function was given by m larval habitat covariate coefficients                
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(i.e., component functions) as described by ( ) ( ).,,, 111 nmn xxyxxy  The 
partial derivatives of all these functions were then organized in an m-by-
n matrix whereby, the Jacobian matrix J of F was as follows: 
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This matrix was denoted by ( )nF axJ ,1  and ( )
( ) .,,

,,
1
1

n
m

xx
yy

…
…

∂
∂  The i-th 

row ( )mi ,1=  of this matrix was the gradient of the i-th component 

function ( ).: ii yy ∇  In these analyses, p was a sampled riverine habitat 

covariate in nR  and F (i.e., sampled larval count) differentiable at p. A 
derivative was then given by ( ).pJF  The model described by ( )pJF  was 

the best linear approximation of F near the larval habitat point p in the 
sense that: ( ) ( ) ( ) ( ) ( ).pxopxpJpFxF F −+−+=  The spatial 

structuring was then achieved by constructing a linear combination of a 
subset of the eigenvectors of a modified geographic weights matrix using 
( ) ( )nn 11I11I ′−′− C  that appeared in the numerator of the MC spatial 

autocorrelation which was indexed with a product moment correlation 
coefficient. 

A subset of eigenvectors was then selected with a stepwise regression 
procedure. Because ( ) ( ) ,EEC ′Λ=′−′− nn 11I11I  where E is an n-by-n 

matrix of eigenvectors and Λ  is an n-by-n diagonal matrix of the 
corresponding eigenvalues [11] in this research, resulting S. damnosum 
s.l. larval habitat model specification was given by: ,ε+β+µ= kE1Y  

where µ  was the scalar mean of Y, kE  was an n-by-k matrix containing 

the subset of nk <<  eigenvectors selected with a stepwise regression 

technique where β  was a k-by-1 vector of regression coefficients. 
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A number of the eigenvectors were then extracted from 
( ) ( ),nn 11I11I ′−′− C  which were affiliated with geographic patterns of 
the sampled S. damnosum s.l. habitat endemic transmission oriented 
explanatory covariates at the study site, portraying a negligible degree of 
spatial autocorrelation. Consequently, only k of the n eigenvectors was of 
interest for generating a candidate set for a stepwise regression 
procedure. Candidate eigenvector represents a level of spatial 
autocorrelation, which can account for the redundant information in 
orthogonal riverine larval habitat map patterns [2]. 

Of note, the 2-by-2 square tessellation rendered a repeated 
eigenvalue in our model. To identify spatial clusters of S. damnosum s.l. 
riverine larval habitats then a Thiessen polygon surface partitioning was 
generated to construct geographic neighbour matrices which also were 
employed in the spatial autocorrelation analysis. Entries in matrix were 
1, if two sampled riverine larval habitats shared a common Thiessen 
polygon boundary and 0, otherwise. Next, the linkage structure for each 
surface was edited to remove unlikely geographic neighbours to identify 
pairs of sampled larval habitats sharing a common Thiessen polygon 
boundary. Attention was restricted to those map patterns associated with 
at least a minimum level of spatial autocorrelation, which, for 
implementation purposes, was defined by ,25.0max >MCMCj  where 

jMC  denoted the j-th value and ,maxMC  the maximum value of MC. 

This threshold value allowed two candidate sets of eigenvectors to be 
considered for substantial PSA and substantial NSA, respectively. These 
statistics indicated that the detected NSA may be considered to be 
statistically significant in a regressed dataset of the S. damnosum s.l. 
riverine larval habitat endemic transmission oriented explanatory 
covariate coefficients, based upon a randomization perspective. Of note, 
was that the ratio of the PRESS (i.e., predicted error sum of squares) 
statistic to the sum of squared errors from the MC scatterplot trend line 
which in this research was 1.27. Fortunately, was well within two 
standard deviations of the average standard prediction error value 
(roughly 1.18) for a sampled S. damnosum s.l. larval habitat at the study 
site. Because larval counts were being analyzed, a Poisson spatial filter 
model specification was employed in this research, thereafter. 
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The model specification was then written as follows: 

( ) ( ),1, iiikLN ηµ−µ=σβ+α=µ ∠E1  where iµ  was the expected mean 

larval count for a georeferenced S. damnosum s.l.riverine larval habitat 
location i, where µ  was an n-by-1 vector of the expected larval counts. In 

this research, LN denoted the natural logarithm (i.e., the generalized 
linear model link function), α  was an intercept term and η  was the 

negative binomial dispersion parameter. This log-linear equation had no 
error term; rather, estimation was executed assuming a negative 
binomial random variable. 

The eigenfunctions of a spatial weighted S. damnosum s.l. riverine 
larval habitat matrix was then generated. The upper and lower bounds 
for a spatial matrix was then derived by using Moran’s indices (I) given 

by ( )11max Wn Tλ  and ( ),11min Wn Tλ  where maxλ  and minλ  were the 

extreme eigenvalues of .HWH=Ω  Hence, in this research, the 
eigenvectors of Ω  were vectors with unit norm maximizing Moran’s I. 
The eigenvalues of this matrix were equal to Moran’s I coefficients of 
spatial autocorrelation post-multiplied by a constant. Eigenvectors 
associated with high positive (or negative) eigenvalues have high positive 
(or negative) autocorrelation [11]. 

We noticed that eigenvectors associated with eigenvalues with 
extremely small absolute values corresponded to low spatial autocorrelation 
which were not suitable for defining spatial structures in the                    
S. damnosum s.l. riverine larval habitat model. The diagonalization of 
the spatial weighting matrix rendered from the field and remote-sampled 
endemic transmission oriented explanatory covariate coefficients instead 
consisted of finding the normalized vectors iu  stored as columns in the 

matrix [ ],1 nuuU "=  for satisfying:  TUUHWH Λ==Ω  ,
1

T
iii

n

i
uuλ= ∑

=
 

where ( ) 1, 2
1 ==λλ=Λ ii

T
in uuudiag "  and 0=j

T
i uu  when .ji ≠  

Note that double centering of Ω  implied that the eigenvectors iu  

generated from the ecological sampled regressed larval habitat covariates 
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were centered whereby at least one eigenvalue was equal to zero. 
Introducing these eigenvectors in the original formulation of Moran’s 
index lead to 

( ) .
111111
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nxI T

n

i
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 (3.1) 

Considering the centered vector Hxz =  and using the properties of 
idempotence of H, Equation (3.1) was equivalent to 
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We then transformed the autocorrelation indicators to correlation 
coefficient as the eigenvectors iu  and the vector z were then centered and 

the S. damnosum s.l. predictive equation was rewritten as: 

( )
( ) ( )

( ) ( ).,
11var

var,

11
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1
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zucor
W
n

nz

nzzucor
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nxI ii
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=    (3.3) 

In this research, r was the number of null eigenvalues of ( ).1≥Ω r  
These eigenvalues and corresponding eigenvectors were removed from Λ  
and U, respectively. The residual forecasts were then strictly equivalent 

to ( ) ( ).,
11

2

1
zucor

W
nxI ii

rn

i
T λ= ∑

−

=
 Moreover, it was demonstrated that 

Moran’s index for a given eigenvector iu  was equal to ( ) ( ) ,11 i
T

i WnuI λ=  

so the equation was rewritten: ( ) ( ) ( ).,2

1
zucoruIxI ii

rn

i
∑
−

=
=  The term 

( )zucor i ,2  represented the part of the variance of z that was explained by 

iu  in the S. damnosum s.l. riverine larval habitat model [ ]..,e.i iii euz +β=  

This quantity was equal to ( ).var2 zniβ  By definition, the eigenvectors 
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iu  were orthogonal and therefore in this research regression coefficients 

of the linear models iii euz +β=  were those of the multiple regression 

model .ε+β++β=ε+β= −− rnrnii uuUz …  

Next, the distribution of the error residuals in the S. damnosum s.l. 
larval habitat autocovariance matrix revealed that the maximum value 
of I was obtained by all of the variation of z, as explained by the 
eigenvector ,1u  which coincidentally corresponded to the highest 

eigenvalue 1λ  in the spatial autocorrelation error matrix. We found that 

( ) 1,2 =zucor i  and ( ) =zucor i ,2  0  for .1≠i  We then noted that the 

maximum value of I was deduced for Equation (3.3), which was equal to 

( ).111 WnI T
MAX λ=  This minimum value in the error matrix was 

thereafter quantitated based on all the variation of z, which was explained 
by the eigenvector rnu −  corresponding to the lowest eigenvalue rn−λ  

generated in the riverine larval habitat model. This minimum value was 

equal to =minI  ( ).11 Wn T
rn−λ  If the ecological sampled predictor 

variable was not spatialized, the part of the variance explained by each 

eigenvector was then equal to ( ) .11,2 −= nzucor i  Because the field and 

remote-sampled S. damnosum s.l. riverine larval habitat variables in z 
were randomly permuted, it was assumed that we would obtain this 
result. In this research, the set of !n  random permutations revealed that 

( )
( ) ( )

( ).
111111 1

Ω
−

=λ
−

= ∑
=

trace
nW

n
nW

nIE Ti
n

i
TR  It was thereafter 

easily demonstrated that ( ) ;11
n
Wtrace

T
−=Ω  thus, it followed that 

( ) =IER  .1
1
−

− n  

The sampled georeferenced S. damnosum s.l. riverine larval habitat 
endemic transmission oriented explanatory predictor covariates were 
then imput into an eigenfunction decomposition algorithm to quantitate 
any autocorrelation error coefficients in the linear residual variance 
estimates. Results indicated that negligible PSA was detected for the 
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sampled S. damnosum s.l. larval habitat data. Eigenvectors were then 
extracted from the matrix ( ) ( ),nn 11I11I ′−′− C  using the ecological-

sampled predictor variables. In this research denoting the autoregressive 
parameter captured the latent spatiotemporal autocorrelation in the 
seasonal multivariate S. damnosum s.l. larval habitat endemic 
transmission-oriented predictive risk model. This quantification involved 

,ρ  a conditional autoregressive covariance specification and the matrix 

( ),Cρ−I  where I was an n-by-n identity matrix. Thereafter, the residual 

autocorrelation error components were calculated as the matrix C raised 
to the power 1. Further, since adjacent sampled larval habitat data were 
involved in the autoregressive function, we used a first-order specification, 
with the autoregressive term being CY. An important matrix was then 
derived from C1, which was the vector of the number of sampled              
S. damnosum s.l. larval habitat neighbours in the study site. In this 
research, the inverse of the elements of C1 were inserted into the 

diagonal of a diagonal matrix ( )1.,i.e −D  rendering matrix ,1CDW −=  

which became a stochastic matrix (i.e., each of its row sums equaled 1). 
One appealing feature of this matrix was that the autoregressive term 
became WY, which generated averages, rather than sums, of the 
neighbouring sampled larval habitat parameter estimate values. Because 
a covariance matrix for a robust vector larval habitat distribution model 
must be symmetrical [2], we employed a matrix W specification with a 
conditional autoregressive model by making the individual-sampled larval 

habitat variance nonconstant using ( ) ( ).11111 −−−−− ρ−=ρ− CDDDDCDI  

An appealing feature of this version for our S. damnosum s.l. larval 
habitat endemic transmission-oriented predictive risk distribution model 
was that it restricted values of the autoregressive parameter to the more 
intuitively interpretable range of .1ˆ0 ≤ρ≤  The larval habitat model 

then furnished an alternative specification, which was also written in 
terms of matrix W. The spatial covariance was then a function of the 

matrix ( ) ( ) ( ) ( ),11 WWCDCD ρ−ρ−=ρ−ρ− −− IIII T  where T denoted 

the matrix transpose. The resulting matrix was symmetric and was 
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considered a second-order specification as it included the product of two 

spatial structure matrices ( )..,i.e WWT  This matrix restricted values of 

the autoregressive parameter to the more intuitively interpretable range 
of .1ˆ0 ≤ρ≤  

Estimation results for these models appear in Table 3. PSA and NSA 

spatial filter component pseudo- 2R  values were reported. These values 
did not exactly sum for the complete spatial filter; however, they were 
very close to their corresponding totals, suggesting that any induced 
multicollinearity was quite small. 

Table 3. Global spatial analyses of the sampled georeferenced                  
S. damnosum s.l. larval habitat count data in the Nabere study site 

Study Site n Transformation MC GR 

Nab ere 152 LN (count +1) 0.067 0.891 

A GLM was then extended to account for latent non-spatial 
correlation effects, which allowed inferences to be drawn for a much 
wider range of geographic sampling configurations generated from the 
sampled georeferenced S. damnosum s.l. larval habitat endemic 
transmission oriented explanatory covariate coefficients than those 
utilized by employing a GLMM. The GLMM included a random effect, 
which was specified as a random intercept that was assumed to be 
normally distributed with a mean of zero, a constant variance, and zero 
spatial autocorrelation. This varying intercept term compensated for the 
non-constant mean associated with the negative binomial model 
generalized specification. The spatial structuring of random effects was 
then implemented with a conditional autoregressive model and was 
achieved in this research with a spatial filter. The spatial autocorrelation 
components revealed 11% redundant information in the ecologically 
sampled datasets GLMM estimation results which appear in Table 4. 
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Table 4. Poisson spatial filtering model results for the sampled               
S. damnosum s.l. larval count data in the Nabere study site 

Spatial Statistics Nabere 

SF: # of eigenvectors  5 

SF: MC 0.634 

SF: GR 0.462 

SF pseudo- 2R  0.163 

Positive SA SF: # of eigenvectors 3 

Positive SA SF: MC 0.564 

SF denotes spatial filter. 

SA denotes spatial autocorrelation. 

Table 5 lists the improvements of fit in the adjusted and unadjusted 
models for all model specifications and random error in the spatial 
analyses. The unadjusted model compared the univariate model to a 
model containing only the intercept term. Interactions were examined, 
and significant interactions were included. Improvement of fit was also 
calculated for the first-order interaction models to determine whether 
including significant interactions improved fit compared to the full main 
effects model. Convergence problems prevented obtaining results of a 
saturated model to determine whether the presented model fit as well as 
the saturated model. 

Table 5. Comparison of improvement of fit measured by likelihood ratio 
between unadjusted and adjusted effects models 

Unadjusted effects  Adjusted effects 

  Improvement   Improvement  

Variable Deviance 2χ  df Deviance 2χ  df 

Intercept 983.1241      

AGVEG 983.5936 12.1098 1 885.169 3.7497 1 

HGVEG 982.6438 14.1147 1 896.257 19.397 1 

DDVEG 986.3168 8.00961 1 890.007 8.6375 1 

DISBTHAB 986.5872 9.96053 1 901.328 20.632 1 

Full main effects       

1st degree  
interactions 

   844.541 38.9926 5 
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In this research, we generated the inverse Wishart distribution, 
which was a probability distribution defined by the positive-definite 
matrix generated from the S. damnosum s.l. larval habitat endemic 
transmission-oriented predictive risk-related-explanatory covariates. In 
our Bayesian model, we employed the inverse Wishart distribution to 
generate the conjugate prior for the covariance matrix of a multivariate 
normal distribution. In Bayesian probability theory, if the posterior 
distributions ( )xp θ  are in the same family as the prior probability 

distribution ( ),θp  the prior and posterior are then called conjugate 
distributions, and the prior is called a conjugate prior for the likelihood 
[7]. In this research, the pdf of the inverse Wishart was: 

( ) ( )

( )
,

22 2

2trace212 1

m
e

p
mp

pmm

Γ

Ψ
−Ψ−++− BB  where B and Ψ  were pp ×  positive 

definite matrices, and ( )⋅Γp  was the multivariate Gamma function. If B 

follows an inverse Wishart distribution, denoted as ( ),,~ 1 mΨ−WB  its 

inverse 1−B  has a Wishart distribution ( ).,1 m−ΨW  

In this research, the multivariate Gamma function, ( ),⋅Γp  was a 

generalization of the Gamma function in the S. damnosum s.l. riverine 
larval habitat endemic transmission-oriented predictive risk model. The 
Gamma function is an extension of the factorial function, with its 
argument shifted down by 1, to real and complex numbers and, as such, n 
is a positive integer: ( ) ( )!1−=Γ nn  [1]. The Gamma function appears 
commonly in the pdf of the Wishart and inverse Wishart distributions [7]. 

In this research, the distribution generated from the sampled            
S. damnosum s.l. larval habitats data had an inverse Wishart distribution 

( ).,~ 1 mΨ−WA  We then successfully partitioned the matrices A and Ψ  

using ,,
2221
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A  where ijA  and ijΨ  were 

ji pap ×  matrices. By doing so, we generated the conjugate distribution of 

the sampled georeferenced endemic transmission oriented explanatory 
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covariates by using a covariance matrix ,∑  whose prior ( )∑p  had a 

( )m,1 Ψ−W  distribution. The sampled S. damnosum s.l. larval habitats 

observations were independent p-variate Gaussian variables which were 
drawn from a ( )∑,0N  distribution. The conditional distribution 

[ ( )]Xp∑.,i.e  had a ( )mn +Ψ+− ,1 AW  distribution. Thereafter, TXXA =  

was used to generate the sample covariance matrix. In this research, the 
inverse Wishart distribution was conjugate to the multivariate Gaussian. Due 
to its conjugacy to the multivariate Gaussian, it was possible to 
“integrate out” the Gaussian-based S. damnosum s.l. larval habitat 
parameters [ ]∑.,i.e  from the other predictor variables. As such we used: 

( ) ( ) ( ) .
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A
XX  In this 

research, the variance matrix ∑ for the sampled riverine larval habitat 

endemic transmission oriented explanatory covariates was Ψ  (i.e., the 
priori) and as such A was directly obtained from the coefficient indicator 
values. The mean in the S. damnosum s.l. larval habitat model was then 

( ) .1−−
Ψ= pmBE  The variance of each element of B was then 
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( ) ( ) ( )
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b jjiiij

ij  The variance of the diagonal 

used in the larval habitat distribution model was also rendered by using 
the same formula as above with ,ji =  which further simplified the 

model to: ( )
( ) ( )
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vb ii
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We then performed a decomposition of a square matrix (i.e., A) into 
eigenvalues and eigenvectors (i.e., eigendecomposition). We defined a 
right eigenvector as a column vector RX  satisfying ,RRRA XX λ=  

where A was a matrix so ( ) ,| 0XA =λ− RR  which meant the right 
eigenvalues had zero determinant. Similarly, we defined a left 
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eigenvector as a row vector LX  satisfying .LLL XAX λ=  Taking the 

transpose of each side rendered ( ) ,T
LL

T
L XAX λ=  which in this 

research was rewritten as .T
LL

T
L

T XXA λ=  We then rearranged this 

equation once again to obtain ( ) ,| 0XA =λ− T
LL

T  which generated 

( ) .|det 0A =λ− L
T  The equation, in turn, generated ( ) =λ−= |det0 L

TA  

( ) ( ) ( ),|det|det,|det L
T

L
T

L
T λ−λ−λ− AAA  where the last step was 

from the identity was ( ) ( ).detdet TAA =  We equated these equations to 

0 for A and X, which required that λ≡λ=λ LR  (see [7]). We then let 

RX  be a matrix formed by the columns of the right eigenvectors ,LX  
which was actually a matrix formed by the rows of the left eigenvectors. 

We then let ,
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 and as such DRR XAX =  and 

LL DXAX =  and DRLRL XXAXX =  while, ,RLRL D XXAXX =  so 

.RLRL DD XXXX =   But this equation was of the form CD=DC, where D 

was a diagonal matrix, so, therefore, RL XXC ≡  was also diagonal. If A 
is a symmetric matrix, then the left and right eigenvectors are simply 
each other’s transpose, and if A is a self-adjoint matrix (i.e., Hermitian), 
then the left and right eigenvectors are adjoint matrices [9]. In predictive 
autoregressive vector habitat modeling, a Hermitian matrix is a square 
matrix with complex entries that is equal to its own conjugate transpose – 
that is, the element in the i-th row and j-th column is equal to the    
complex conjugate of the element in the j-th row and i-th column, for all 

indices i and ijji aaj ,,: =  [8]. Using the matrix with eigenvectors 

,, 21 xx  and 3x  and corresponding eigenvalues ,, 21 λλ  and ,3λ  an 

arbitrary vector y was then written as .332211 xxxy bbb ++=  In this 

research, matrix A was generated =++= 332211 AxAxAxAy bbb  

;33
1
3

22
1
2

111 







λ
λ

+
λ
λ

+λ xxx bbb  so .3
1
3
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1
2

111 3xxxyA bbb
nn

nn 






λ
λ

+






λ
λ

+λ=  
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Furthermore, since ,,, 321 …λλ>λ  and ,1 0≠b  it followed that 

,lim 111 xyA bnn
n

λ=
∞→

 so repeated application of the matrix to an arbitrary 

vector in the sampled  S. damnosum s.l. riverine larval habitat dataset 
resulted in a vector proportional to the eigenvector with largest 
eigenvalue. 

We then determined probabilities for the autoregressive model. 

Thereafter, we used ,t
t
t dWdtS

dS
σ+µ′=  where tW  was a P-standard 

Brownian motion (i.e., a standard Brownian motion under the probability 

measure P). We generated: ( ) ( ).��
��	�
∧

=

λ+σ+−=

W

t
t
t dtdWdtgrS

dS  Then we 

used the Black and Scholes model whereby, the Q-martingale property 
was transferred to the value of predictor variable C in the S. damnosum 
s.l. larval habitat distribution model. Since the Girsanov theorem states 

that there is a probability measure Q such that 
∧

W  is a Q-standard 

Brownian motion and t
gtrt

t
gtrt MeeSee −− and  are Q-martingales [8], in this 

research,  ( ) ( )[ ] ( ) ( ) ( )( )[ ].t
tTr

t
rtrt FkTSEetCFeTCEetC +−−−− −=⇒= QQ  

We then defined the S set by: ( ) ( ){ } ],tFkTSE ≥ωΩ∈ω=  which 

rendered ( ) ( ) [ ] ( ) [ ].tE
tTr

tET
tTr FIEkeFISEetC QQ

−−−− −=  This quantity 

was computed by splitting each of its terms. The second term in             
the model generated [ ] ( ) ( )tTtE FkSPEPFIE ≥== QQQ  using 

( ) ( ) ( ) ( ) ( ) .2exp
2









−σ+−σ−=
∧

tTWtTrtSTS  We then employed the 

condition kST ≥  to quantitate the riverine larval habitat parameter 

estimators which then defined ( ) .2d
tT
tTWY ≤

−
−

−=

∧

 The properties of 

the Brownian motions allowed us to write the expression ( )1,0~ NY  for 
the S. damnosum s.l. larval habitat distribution model, which              
then rendered ( ) ( ) ( ).22 dNdYPkSP T =≤=≥ QQ  Using the first     
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term [ ] ( ) ,dxxxfISE TS
k

ET ∫
∞

=Q  we were able to subsequently generate 

( ) ( ) ( ) ( ) ( ) .2exp
2









−σ+−σ−=
∧

tTWtTrtSTS  The log-normal property of 

the underlying motion then rendered: (( ) ( ) ( ))tTWtTrL −σ+−σ−
∧

2
2

Q  

(( )( ) )tTtTrN −σ−σ−= ,2
2

 and ( ) [ ] ( ) ( ).1dNtSFISEe tET
tTr =−−

Q  

We then generated the inverse-Gamma distribution which in this 
research was a univariate specialization of the inverse-Wishart 
distribution summarized by using the regressed georeferenced                   
S. damnosum s.l. larval habitat endemic transmission-oriented predictive 
risk-related seasonal-sampled explanatory covariates. The pdf was then 

( ) ,exp1






 β−

αΓ
β −α−
α

xx  while the mean of the model was 1−α
β  for .1>α  

The variance was 
( ) ( )21 2

2

−α−α

β  for .2>α  The skewness was 3
24

−α
−α  

for ,3>α  while the kurtosis was ( ) ( )43
6630
−α−α

−α  for 4>α  and the 

entropy was ( )( ) ( ) ( ).1ln αΨα+−αΓβ+α  The moment generating function 

was ( )
( ) ( ),42 2 tKt

β−
αΓ
β−

α

α

 while the characteristic function was 

( )
( ) ( ).42 2 tiKti

β−
αΓ
β−

α

α

 

The model revealed that when 1=p  (i.e., univariate) and ,2m=α  

,2Ψ=β�  and Bx =  and the pdf of the inverse-Wishart distribution became 

( ) ( )
( ) .exp,

1

1

αΓ
β−β

=βα
−α−α xxxp  The pdf of the Gamma distribution was 

( )
( )

.1
k

exxf k

x
k

Γθ
=

θ−
−  We then defined the transformation ( ) ,1

XXgY ==  

employing the resulting transformation where we found: ( ) XY fyf =  
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( )( ) ( )
( ) ( )
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
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

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yykyyyk
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k
1exp1111exp11 1
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1
11  

( )
.1exp1 1 





θ
−

Γθ
−−

yy
k

k
k  Replacing k with 1; −θα  with ;β  and y with x the 

resulted in the inverse-Gamma pdf shown above: ( ) ( ) .exp1






 β−

αΓ
β= −α−
α

xxxf  

The inverse Gamma distribution’s pdf was then defined over the support 

0>x  using the equation ( ) ( ) ( ) ,exp,; 1






 β−

αΓ
β=βα −α−
α

xxxf  with shape 

parameter α  and scale parameter β . The cumulative distribution 
function was then quantified by using the regularized Gamma function 

( )
( )
( ) ,,
,

,; 





 βα=

αΓ

αΓ
=βα

β

xQxF x  where the numerator in the larval 

habitat model was the upper incomplete Gamma function and the 
denominator was the Gamma function. The regularized Gamma 

functions was then defined by ( )
( )a

za
Γ
γ ,  and ( )

( ) ,,
a

za
Γ

Γ  where ( )za,γ  and 

( )za,Γ  were incomplete Gamma functions and ( )aΓ  was complete 
Gamma function. 

We then employed methods in SASmacro WinBUGSio to calculate the 
multivariate Gamma function for the S. damnosum s.l. larval habitat endemic 
transmission-oriented predictive risk model. This was constructed using 

( ) ( ( )) ( ) ,traceexp 21
0

dSSSa pa
Sp

+−
>

−=Γ ∫  where 0>S  thus, S was 

positive-definite. We used the Gamma function to determine the recursive 
relationships in the sampled georeferenced larval habitat endemic transmission  

oriented explanatory covariates using ( ) ( ) ( ) ( ) ( ) 21
1

21
2
1 −

−
− π=−ΓΓπ=Γ p

p
p

p aaa  

( ) ( )[ ].211 paap −+ΓΓ −  Thereafter, we quantified ( ) ( ) ( ) =ΓΓ=Γ aaa 21 ,  

( ) ( ),2121 −ΓΓπ aa  and ( ) ( ) ( ) ( ).12123
3 −Γ−ΓΓπ=Γ aaaa  We then 

defined the multivariate digamma function in the larval habitat model as 

( )
( )

( )( )21
log

1
iava

a
av

p

i

p
p −+/=

∂
Γ∂

=/ ∑
=

 and the general polygamma 
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function as ( )( )
( ) ( ) ( )( ).21

log

1
iav

a
a

av n
p

i
n

p
n

n
p −+/=

∂

Γ∂
=/ ∑

=
 The digamma 

function in the S. damnosum s.l. larval habitat model was                     
then defined as the logarithmic derivative of the Gamma function: 

( ) ( ) ( )
( ) .ln x
xxdx

dxv
Γ
Γ′

=Γ=/  This equation then calculated the digamma 

function which in this research was expressed as ( )( )
=

∂
−+Γ∂

a
ia 21  

( ( ) ) ( )( ).2121 −+Γ−+/ iaiav  We then generated the following expression: 

( ) ( ) ( )( ) ( )( ) ( ) ( )( ).212121
111

41 iavaiavjaa
a p

i
p

p

i

p

j

ppp −+/Γ=−+/−+Γπ=
∂
Γ∂

∑∑∏
===

−  

Since in this research ( ) ( ) ( ),2
1

1

41 jaa
p

j

pp
p

−+Γπ=Γ ∏
=

−  it followed that 

( ) ( ) ( )
( ).2

1
,1
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1

1

41 jaa
a

a
a p

ijj

ip

i

ppp −+Γ
∂

+Γ∂
π=

∂
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∏∑
≠=

−

=

−  The pdf of the 

inverse Wishart for the riverine larval habitat model was found to be 

( )
( )

,
2

1
2
1

2
1

2

2 tr

2

−++ Ψ−−

Γ

Ψ X
X e

p

p

p

ν

ν

ν

ν
 when X and Ψ  were pp ×  positive 

definite matrices, and ( )⋅Γp  was the multivariate Gamma function. 

In this research, when f was convex in the S. damnosum s.l. riverine 
larval habitat model and twice continuously differentiable and the 
sublevel set { ( ) ( )}0: xfxfx ≤  was bounded (e.g., seasonal-sampled 
georeferenced larval habitat), then the sequence of function values 
generated by the BFGS method with an inexact Armijo-Wolfe line search 
converged at the minimal value (i.e., larval density count) of f. This result 
did not follow directly from the standard Zoutendijk theorem as 
commonly quasi-Newton methods do, but instead the eigenvalues of the 
inverse Hessian approximation Hk did not grow too large or too small. If 
the convexity assumption is dropped, pathological counter examples to 
convergence are known to exist [2]. According to Booth and Hobert [10], if 

kpkxkxk _1 +=+  is an iteration, where _k satisfies the Wolfe 
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condition, then the Zoutendijk theorem states that ( )xf  will be bounded 
below, while still be continuously differentiable, which then can be 
expressed as { ( ) ( )},0| xfxfx ≤  where f∇  is Lipschitz continuous,       
i.e., Nyx ∈∀ ,  ( ) ( ) .ykLkxkyfxfk −≤∇−∇  In our model this  procedure 
rendered ∇kkXk _2cos0_  .2 ∞<fkk  

The search direction kp  at stage k was then given by the solution of 

the analogue of the Newton equation ( ),kkk f x−∇=pB  where knB  was 
an approximation to the Hessian matrix, which was updated iteratively 
at each stage in the seasonal predictive S. damnosum s.l. riverine larval 
habitat model when ( )kf x∇  was the gradient of the function evaluated at 

.kx  A line search in the direction kp  was then employed to find the next 
point .1+kx  Instead of requiring the full Hessian matrix at the point 

1+kx  to be computed as ,1+kB  the approximate Hessian at stage k was 

updated by the addition of two matrices. .1 kkkk VUBB ++=+  Both kU  

and kV  were then symmetric rank-one matrices but with different 
matrix bases. The symmetric rank one assumption thus meant that we 

could write k
T UabC .=  and kV  which in this research we employed as 

a rank-two update matrix. We found that our model was robust against 
the scale problem often suffered in the gradient descent searching       
(e.g., in Broyden’s method). The quasi-Newton condition imposed on this 
update was ( ) ( ) ( ).111 kkkkk ff xxxx ∇−∇=− +++B   

From an initial guess 0X  and an approximate Hessian matrix ,0B  
estimators were repeated until x converged to solution. We obtained a 
direction kp  by solving: ( ).kkk f x−∇=pB  We then performed a line 
search to find an acceptable step size kα  in the direction found in the 
first step, which then updated .1 kkkk pXX α+=+  We then set ,kkk ps α=  

and solved for ( ) ( ) +=∇−∇= ++ kkkkk BBff 11 ,xxy  .
kk

T
k

k
T
kkk

k
T
k

T
kk

sBs
BssB

sy
yy

−  

The ( )xf  denoted the objective function to be minimized. Convergence 
can be checked by observing the norm of the gradient, ( ) .kf x∇  



BAYESIAN MODELS FOR REGRESSING ONCHOCERCIASIS …  113

Practically, 0B  can be initialized with ,0 x∗= IB  so that the first step 
will be equivalent to a gradient descent, but further steps are more and 
more refined by ,kB  using the approximation to the Hessian [1]. The first 
step of the algorithm was thereafter carried out using the inverse of the 
matrix ,kB  which in this research was obtained efficiently by applying the 
Sherman- Morrison formula to the fifth line of the algorithm, thus rendering 

( ) ( )

( )
.

11

2

1
11

1
k

T
k

k
T
kk

T
kkk

k
T
k

T
kkkk

T
kk

T
k

kk y

ByyB

y

yByy
BB

s

ss

s

sss −−−
−−

+
+

−
+

+=  The 

Sherman-Morrison formula is a formula that allows a perturbed matrix 
to be computed for a change to a given matrix A. If the change can be 
written in the form vu ⊗  for two vectors u and v, then the Sherman- 
Morrison formula for the two vectors u and v, using the Sherman-

Morrison formula is ( ) ( ) ( )
λ+
⋅⊗−=⊗+

−−
−−

1
11

11 AvuAAvuA  [7]. In this 

research, for the two vectors u and v, the Sherman-Morrison formula was 

( ) ( ) ( ) ,1
11

11
λ+
⋅⊗−=⊗+

−−
−− AvuAAvuA  where .1uAv −⋅≡λ  In 

statistical estimation problems (such as ML or Bayesian inference), 
credible intervals or confidence intervals for the solution can be 
estimated from the inverse of the final Hessian matrix [2]. However, in 
our S. damnosum s.l. riverine larval habitat model these intervals were 
technically defined by the true Hessian matrix, as such, BFGS 
approximation did converge to the true Hessian matrix. 

Table 6 presents the results of the Poisson regression for the 
interactions model. These results provided information for estimates of 
the prior distribution based on the regressed main effect coefficients for 
the Bayesian analysis. The values for parameter estimates and standard 
errors in Table 6 were then used as mean values and standard errors to 
parameterize prior expected values for the sampled riverine larval 
habitat endemic transmission oriented explanatory covariates. The prior 
expected mean value for the error term was assumed to be zero (0), with 
a standard deviation of 0.01. Initial values for the MCMC chains were 
then generated. Three MCMC chains were then estimated for the 
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intercept, which appeared to converge within the first 1,000 samples. The 
first 1,000 samples were discarded to allow the model to stabilize (i.e., 
known as “burn in”), and the next 10,000 samples were used to derive 
parameter estimates. The MCMC was able to numerically calculate 
multi-dimensional integrals. In our MCMC methods, an ensemble of 
“walkers” moved around randomly. At each point where the walker 
stepped, the integrand value at that point was counted towards the 
integral. The walker then made a number of tentative steps around the 
area looking for a place with reasonably high contribution to the integral. 
Random walk methods are a kind of random simulation or Monte Carlo 
method [1]. However, whereas standardized random samples of the 
integrand use a conventional Monte Carlo integration, which are 
generally statistically independent those used in our MCMC were 
correlated. A Markov chain was then constructed in such a way as to 
have the integrand as its equilibrium distribution. Table 6 lists the 
improvement in model fit, as variables were added to the Bayesian 
model. 

Table 6. Results of SAS Poisson regression used to estimate prior 
distribution of coefficients for the MCMC analysis 

Variable df Coefficient SE P 

Intercept 1   1.4134 0.1264 < 0.0001 

AQVEG 1 0.03943 0.0061    0.4332 

HGVEG 1 0.02653 0.0049 < 0.0001 

DDVEG 1   0.0118 0.0131 < 0.0001 

MMB 1   0.0542 0.1698    0.7176 

This specification moved the investigation towards a Bayesian map 
analysis, given that the entire S. damnosum s.l. larval habitat endemic 
transmission-oriented predictive risk-based explanatory covariates, with 
the exception of the intercept, were treated as single-valued. In this 
research, the intercept was treated as a distribution of values and was 
estimated by using empirical Bayes techniques. 
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Next, the difference in the deviances between a simple model and the 

more complex model provided the improvement 2χ  values listed in Table 

6. We examined all interaction between the sampled georeferenced                     
S. damnosum s.l. larval habitat covariates and found that an interaction 
model did not improve the fit therefore, no interaction terms were 
included in the final model. We could not examine the improvement of fit 
between a saturated model and the full effects model as the number of 
the sampled parameters that needed to be estimated exceeded the 
maximum number that could be parsimoniously regressed. To derive the 
improvement of fit values listed in Table 7, the posterior mean deviance 
values were obtained with deviance information criterion (DIC) spatial 
analytical tools. We focused on a spatial consideration of the local DIC 
measure for model selection and goodness-of-fit evaluation. We employed 
a partitioning of the DIC into the local DIC, leverage, and deviance 
residuals to assess the local model fit and influence of the sampled         
S. damnosum s.l. riverine larval habitat observations in the Bayesian 
framework. We also used visualization of the local DIC to assist in model 
selection and to visualize the global and local impacts of adding 
covariates or model parameters to the Bayesian estimation matrix. DIC 
statistics were then generated to identify the best fitting model.  

In this research, the deviance was defined as – log2∗  (likelihood), 
where the ‘likelihood’ was defined as p(y | and theta). This included all 
the normalizing constants where y comprised all stochastic node values 
and theta stochastic parents of y. ‘Stochastic parents’ are the stochastic 
nodes upon which the distribution of y depends upon when collapsing 

over all logical relationships [8]. For example, in this research, ~y  
Dnorm (mu, tau), then tau was a function of a parameter phi over which 
the prior distribution has been placed. As such, then the likelihood was 
defined as a function of phi of our S. damnosum s.l. riverine larval 

habitat model. The expectation ( )[ ]θ= θ DED  was then used as a 

measure of model fitness based on the values of the sampled endemic 
transmission oriented covariate coefficient values. The effective number 
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of parameters included in the model was computed as ( ),θ−= DDpD  

where θ  was the expectation of .θ  The DIC then generated the following 
conclusions: (1) the Dbar, was the posterior mean of the deviance, (2) the 

Dhat, was the point estimate of the deviance (i.e., – log2∗  (likelihood)) 
obtained by substituting the posterior means theta bar of theta, which 

then rendered Dhat log2∗−=  (p(y — theta. bar); and, 3) pD was the 

effective number of riverine larval habitat parameters provided by pD = 
Dbar – Dha and pD employing the posterior mean of the deviance minus 
the deviance of the posterior means. In normal hierarchical models, Pad 
= TR (H), where H is the ‘hat’ matrix maps the observed data to their 
fitted values [8]. The DIC was then calculated as: .DpDIC D +=  The 

DIC value for the final model was 931.6.  

Table 7. Improvement of fit of the WinBUGS hierarchical Bayesian 
model (HBM) S. damnosum s.l. larval habitat model 

Unadjusted effects   Adjusted effects  

 Improvement Improvement 

Variable df      2χ       2χ  df 

HGVEG 1    1.133    1.494 1 

Median parameter values, as well as the 95% credibility intervals 
(2.5 percentile and 97.5 percentile values), are listed in Table 8. As the           
S. damnosum s.l. riverine larval habitat sampling sites increased based 
on the sampled georeferenced explanatory covariate distance percent of 
hanging vegetation, the median log-count of larval count increased. The 
adjusted model that assumed independence among the field and remote-
sampled endemic transmission oriented explanatory covariates of the 
larval counts fit better that the model that adjusted for correlation within 
the Nabere study site based on the RMSE. 
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4. Discussion 

In this research, an SAS-based cluster analyses helped spatially 
identify high and low ABR-stratified clusters. The CLUSTER procedure 
hierarchically aggregated the sampled S. damnosum s.l. larval habitat 
observations in an SAS dataset. Although PROC CLUSTER aggregated 
the explanatory predictor variables by georeferenced epidemiological 
sampled location site data, the SAS analyses did not identify the varying 
or constant cluster-based endemic transmission oriented covariates in the 
sampled data related to the ABR stratified clusters. Unfortunately, 
ordinary significance tests such as, analysis of variance F-tests are not 
possible to be derived from such data. There are no completely 
satisfactory methods for determining cluster-based varying and constant 
explanatory covariates within a population cluster in any type of analysis 
[1].  

Importantly, since our SAS clustering method attempted to maximize 
the separation between clusters, the assumptions of the usual 
significance tests, parametric or nonparametric in the seasonal                
S. damnosum s.l. larval habitat-distribution model would have been 
drastically violated further nullifying identification and quantitation of 
the seasonal sampled cluster-based georeferenced explanatory covariates. 
For the same reason methods that purport to test for clusters against the 
null hypothesis where objects are assigned randomly to clusters such as 
in Booth and Hobert [13] would be useless for identifying varying and 
constant cluster-based endemic transmission oriented explanatory 
predictor covariates of productive S. damnosum s.l. riverine larval 
habitats. Most valid tests for spatial clusters either have intractable 
sampling distributions or involve null hypotheses for which rejection is 
uninformative [1]. As such, hierarchical SAS-based cluster analyses 
cannot identify any seasonal-sampled georeferenced varying or constant 
S. damnosum s.l. larval habitat endemic transmission-oriented 
explanatory covariate coefficients associated to productive habitats based 
on field-sampled count data. 
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We then constructed a Poisson model in PROC NL MIXED as we 
assumed the response variable in the analyses of the sampled                   
S. damnosum s.l. riverine larval habitat data had a Poisson distribution. 
We assumed the logarithm of the expected value could be modeled by a 
linear combination of the ecological-sampled parameters. In this 
research, the variance function was dependent on the iteration’s estimate 
of the model parameters; however, there was overdispersion present in 
the model. Thus, we expressed the variance of the response as negative 

binomial model, whereby ( ) .2µ+µ= ky  The variance of an overdispersed 

Poisson model is a linear function of the mean, while the variance of a 
negative binomial model is a quadratic function of the mean [1]. Because 
the GLM employed in risk-based riverine larval habitat data analyses is 
based on ML or quasi-likelihood, the model may be very sensitive to 
spurious observations thus, generating overdispersion in residually 
forecasted estimators [11]. 

In this research, the negative binomial riverine larval habitat models 

with mean ,P
ii αµ+µ  generated where in general .∞<<−∞ p  NL 

MIXED estimated two negative binomial models, corresponding to 2=p  

with variance 2
ii αµ+µ  and 1=p  with variance .ii αµ+µ  For Poisson 

data, the variance depends on the mean, and, thus on the model 
parameters [1]; hence, the geographically weighted least-squares 
equations, we used for our regression had to be weighted by a diagonal 
variance matrix based on the variance function calculated for the 
sampled larval habitat data. The first model was estimated with the 
option DIST=NEGBIN ( ),2=p  and the second model was estimated by 
using DIST=NEGBIN ( ).1=p  Because the variance is a function of the 
mean, large and small S. damnosum s.l. riverine larval habitat counts got 
weighted differently in the negative binomial regression matrix. 
Fortunately, this approach was efficient for analyzing the sampled 
riverine larval habitat parameters as the target value µ  was modeled 
directly making inference straightforward while avoiding the need of 
data re-transformation. Variance relationships affect the weights in the 
iteratively reweighted least squares algorithm for fitting models to data 
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[1]. Moreover, the model enabled us to go beyond the location-scale family 
considered in the previously published literature and allowed some 
flexibility through the choice of the link function (i.e., logarithmic, 
inverse), and, of the riverine larval habitat regression-based distribution 
of Y through its expectation-variance relationship. 

In this research, NL MIXED procedure provided a flexible 
environment in which to model the seasonal-sampled S. damnosum s.l. 
riverine larval habitat data in time for accurately quantitating 
correlations among the error measurements. This was performed by 
employing random effects estimates and random regression coefficients. 
Commonly, GLM uses the OLS estimation in spatiotemporal predictive 
seasonal vector arthropod-related larval habitat distribution models that 
to quantitate parameter estimate values, to minimize the squared 
difference between observed and predicted values of the dependent 
variable (e.g., larval habitat count data) which then are subsequently 

utilized to attain pseudo 2R  values [8]. In this research, this approach 
led to the familiar analysis of variance table in which, the heterogeneity 
of the sampled S. damnosum s.l. endemic transmission-oriented 
predictive risk-based data quantitated the total sum of squares by 
dividing the specific variabilities in the regressed data. However, PROC 
NL MIXED did not produce an analysis of variance table. Instead, the 
procedure generated REML estimators. REML method is a variant of ML 
estimation; whereby, estimators are obtained not from maximizing the 
whole likelihood function but, only that part that is invariant to the fixed 
effects part of the linear model [1]. Thereafter, the spatiotemporal           
S. damnosum s.l. riverine larval habitat distribution model was 
generated employing, ,eZuXby ++=  where Xb was the fixed effects in 
the sampled explanatory predictor covariate coefficients, Zu was the 
random effects part, and e was the error term. The REML estimates were 
then obtained by maximizing the likelihood function of K’y, where K was 
a full rank matrix with columns orthogonal to the columns of the X 
matrix ( ).0'.,i.e =XK  Thereafter, the uncertainty correlation 
estimation determined the REML as the estimator of the variance-
covariance matrix of y (e.g., V). Fortunately, this did not depend on the 
choice of matrix K since the GLS equations rendered from the weighted 
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least squares approach and the GLM procedure in the larval habitat 
distribution model became X′(inverse of V) 'XXb =  (inverse of V) y, 
where V was replaced with its estimator which was then subsequently 
solved to obtain the estimates of fixed effects parameters b in the model. 
We noted that when u and e in our riverine larval habitat distribution 
model were not correlated and when V (i.e., the variance-covariance 
matrix of y) was equal to ,' RZGZ +  then G and R were the variance 
matrices of u and e, respectively. 

Additionally, a PRIOR statement to PROC NL MIXED code enabled 
constructing a sampling based Bayesian probabilistic estimation matrix 
from a variance-component model. In the Bayesian matrix, we were able 
to instantiate the nodes directly which was equivalent to supplying a 
measurement for a radius based on the distribution of the georeferenced 
riverine larval habitat estimators. We were able to quantitate an 
uncertainty estimate in our likelihood information by supplying a 
probability distribution over a set of radii generated from the sampled 
data. We used a backward propagation to compute the node probabilities. 
The error gradients were then propagated in any direction throughout 
the Bayesian hierarchical regression-based framework. The probability 
propagation allowed choosing between the sampled S. damnosum s.l. 
georeferenced endemic transmission oriented explanatory covariates 
using the calculated probability of each sampled covariate coefficient 
value based on one or more of the nodes. Our Bayesian approach allowed 
flexible model fitting and estimation of all “high risk” riverine larval 
habitats based on the seasonal-sampled larval count data. The algorithm 
produced a sequence of parameter vectors that represented random 
draws from the posterior distribution. Our results indicated that 
likelihood weights influenced the resulting posterior distributions of the 
seasonally quantitated field and remote-sampled S. damnosum s.l. larval 
habitat parameter estimators, which, in turn, influenced summarizing 
the spatial trends in the variance uncertainty estimates for accurate 
model prediction. By doing so, the sampled parameter estimator 
Percentage of hanging vegetation was found to be the most important 
covariate associated to the spatiotemporal-sampled riverine larval 
habitats at the Nabere epidemiological riverine study site. 
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A spatial residual trend analyses was then performed by using the 
uncertainty indices, which linked tabular data with the sampled count 
data in ArcGIS®. Thereafter, the estimation matrix identified prolific 
riverine habitats based on the georeferenced regressed explanatory 
covariate coefficients. Similium larval stages are commonly found in 
running water where rocks break the water surface and the turbulence of 
the water results in a higher level of oxygenation [2]. The main factors 
governing S. damnosum s.l. larval habitats are adequate water velocity 
(0.70-1.5m/sec), which is linked with oxygenation and food supply and the 
presence of suitable supports which may be vegetation rocks, stones, sills, 
sidewalks of structures, spillways, and gates [12]. All the seasonal 
sampled empirical data was then exported into SAS/GIS®. The SAS/GIS® 
Batch Import process allowed us to employ SAS® Component Language 
(SCL) code to import the regression models and the ArcGIS-derived 
predictors. The SAS/GIS® Batch Import process allowed us to define the 
sampled S. damnosum s.l. riverine larval habitat parameter values that 
were needed for the import through macro variables and SAS® file. 
Thereafter, we defined and quantitated the seasonal-sampled larval 
density count values. We called an SCL entry to actually initiate the 
import. The process included specification of the sampled riverine larval 
habitat endemic transmission-oriented predictive risk-based explanatory 
covariate coefficients to import. 

In this research, we defined the S. damnosum s.l. larval habitat input 
parameters by setting the values of the macro variable and by assigning 
filerefs. We then executed the SASHELP.GISIMP.BATCH.SCL entry to 
start the Batch Import process. We did not pass any of the sampled 
georeferenced endemic transmission oriented explanatory covariates 
directly to the SCL entry; larval habitat parameters had to be defined 
through macro variables and filerefs before we called the SCL entry. In 
this research, we specified the sampled riverine larval habitat parameter 
estimators measurement indicator values for the import by assigning a 
fileref, using the SYMPUT/SYMPUTN function in SCL. The importing 
window interface let us modify the default composites and the default 
layer definitions before we proceeded with the import. The 
SASHELP.GISIMP dataset supplied the covariate coefficient values that 
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we needed to import as well. Included in this dataset were two variables, 
DEFMLIB and DEFSLIB, which were used to supply the default values 
for the map entries library and the spatial data library. To modify the 
composites and layers before the import occurred, we used the importing 
window; however, after employing the importing window, we also used 
PROC GIS to make changes to the seasonal S. damnosum s.l. larval 
habitat distribution model and its underlying components.  

To open the GIS Spatial Data Importing window, we had to assign 
the sampled habitat location of the GISIMP dataset to the macro variable 
USER_FIL. In SAS/GIS software, the S. damnosum s.l. riverine larval 
habitat attribute data was stored in SAS view. As such we created an 
SAS/ACCESS view to access data in a database (i.e., DB2). By doing so, a 
DATA step view then enabled us to access an external file for any 
seasonal sampled georeferenced riverine larval habitat endemic 
transmission-oriented predictor variable. Once our attribute data was 
accessible through the SAS view, it was linked to the explanatory 
covariates, which then helped in labelling (i.e., theming) the sampled 
georeferenced data. For example, our remote data represented a portion 
of the riverine study site and contained information, such as sampled 
georeferenced larval habitat boundaries, surrounding vegetation land 
cover and so on. An attribute data set with population information for 
each census tract was then linked in SAS/GIS by using the corresponding 
tract composite in the spatial data. 

A semiparametric filtering model then employed proxy variables 
constructed from the sampled S. damnosum s.l. larval habitat 
explanatory covariates to replace the misspecification terms for 
implementing a conditional covariance matrix employing the 
autoregressive specification in SAS/GIS. An unknown misspecification 
term can be approximated by a set of spatial proxy variables [1]. After 
quantitating the misspecification terms in the riverine larval habitat 
distribution model, the remaining residuals ε̂  became white noise. This 

result implied that the estimated regression parameters β̂  were 

unbiased for the basic regression model, ,∗ε+β= Xy  where ∗ε  
incorporated the misspecification term and the white-noise disturbances. 
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This allowed us to calibrate the autoregressive models with the standard 
OLS estimation procedure. By doing so, an SAS dataset containing a 
pseudo-random sample from the joint posterior density of the variance-
components model and fixed effects in a mixed model was then able to 
exploit the spatiotemporal remotely-sampled immature S. damnosum s.l. 
data. 

Thereafter, a posterior sample was generated, which resulted from an 
MIVQUEO fit, which was then used to create the sample in the model. 
By default SAS used an independence chain algorithm in order to 
generate the sample. This algorithm worked by creating a pseudo-
random proposal from a convenient bare distribution of the 
spatiotemporal-sampled georeferenced explanatory covariate coefficient 
estimates, which was then chosen to be as close as possible to the 
posterior in the riverine larval habitat model. Then the proposal retained 
the sampled S. damnosum s.l. endemic transmission-oriented predictive 
risk-based endemic transmission oriented explanatory covariate 
coefficient indicator values with probability proportional to the ratio of 
the weights constructed by taking the ratio of the true posterior to the 
base density. If a proposal is not accepted, then a duplicate of the 
previous observation can be added to the chain [7]. This algorithm was 
then customized for the mixed model. The state of the chain was then 
used as a sample of the desired distribution for the spatiotemporal data 
analyses. These sequences were then used to approximate the riverine 
larval habitat distribution (i.e., to generate a histogram), and to compute 
integrals (i.e., expected predictor values). 

One of the most important parts of our eigendecomposition of the     
S. damnosum s.l. riverine larval habitats explanatory covariates was the 
Jacobian matrix. For example, in the Jacobian matrix, if the function F I 
was differentiable at a sampled larval habitat point ( ),,,1 nxxp …=  

then the derivative of F at p was the linear transformation mn RR →  
represented by the matrix ( ).,,1 nF xxJ …  In this research, this linear 
transformation was the best linear approximation of the function F near 
the sampled larval habitat point p at the study site. Further, the 
Jacobian matrix for our larval habitat model was a square matrix, and its 
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determinant was a function of ,,,1 nxx …  which in this research was the 
Jacobian determinant of F. As such, the predictive seasonal arthropod-
related risk model contained important information about the local 
behaviour of F and thus, was a local expansion factor for volumes in the 
residual forecasts targeting the endemic transmission oriented larval 
habitat associated explanatory covariates. 

Therefore, a robust Jacobian matrix may be employed when 
performing variable substitutions in multivariable integrals for 
representing seasonal sampled vector arthropod-related explanatory 
covariate coefficients since it would occur prominently in the substitution 
rule for seasonal sampled larval habitat variables. For example, if a 
vector ecologist or a local abatement district manger employs the function 

22: RR →F  in a predictive S. damnosum s.l. larval habitat model 
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determinant would be represented by ( ( )) ( ) .5cos2,det 2xyxyyxJF −=  
By doing so, the Jacobian would then generalize the gradient of a scalar-
valued function of the seasonal-sampled immature S. damnosum s.l. 
predictive sampled variables which in turn, would generalize the 
derivative of a scalar-valued function of a single sampled variable. In 
other words, the Jacobian for a scalar-valued multivariable function in 
the predictive seasonal riverine larval habitat endemic transmission-
oriented seasonal risk model would be the gradient and a scalar-valued 
function of single variable would be its derivative. Further, the Jacobian 
in the predictive model would be able to describe the amount of 
“stretching”, “rotating” or “transforming” that log- a transformation 
imposes locally. For example, if ( ) ( )1122 ,, yxfyx =  is employed to 
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transform a georeferenced S. damnosum s.l. riverine larval habitat 
image, the Jacobian of ( )11, yxJ  would then describe how the image in 
the neighbourhood of ( )11, yx  is transformed. 

Therefore, an  autoregressive process in the error term may then also 
be employed to a seasonal S. damnosum s.l. riverine larval habitat model 
to derive the sample distribution of the Moran’s I statistic for 
quantitating latent autocorrelation components in a dataset of residual 
forecasts derived from an eigenfunction decomposition algorithm. The 
spatial filter eigenvectors can then establish means, variances, 
distributional functions, and pairwise correlations for statistically 
targeting significant seasonal-sampled endemic transmission oriented 
predictor variables. The redundant information resulting from any 
spatial spill-overs, will then be seasonally quantitated in the mean 
response term of the predictive risk model as a linear combination of 
various distinct seasonal riverine larval habitat map patterns. 
Additionally, the fixed-effects sampled parameter estimates in a 
remotely-sensed S. damnosum s.l. riverine larval habitat model can be 
analytically integrated out of the joint posterior leaving the marginal 
posterior density of the variance components. In order to better 
approximate the marginal posterior density of the variance, the 
spatiotemporal-sampled immature riverine larval habitat endemic 
transmission-oriented predictive risk data can then be further 
transformed by using MIVQUE(0) equations. Thereafter, the density of 
the transformed data can be approximated by using Bayesian statistics. 

In this research, Bayesian regression equations were employed to 
quantitate the inter-relationship between QuickBird derived seasonal     
S. damnosum s.l. riverine habitats endemic transmission oriented 
covariate coefficients. A PRIOR statement to PROC NL MIXED code was 
initially employed to construct a Bayesian probabilistic estimation matrix 
from a variance-component model. Bayesian probability is one of the 
different interpretations of the concept of probability and belongs to the 
category of evidential probabilities which is essentially an extension of 
logic that enables reasoning with uncertain statements for evaluating a 
hypothesis related to residual uncertainty quantitation [2]. The design of 
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the S. damnosum s.l. mixed model in this research, was constructed in 
such a manner as to specifically incorporate residual autocorrelation 
error components while including the influence of other georeferenced a 
spatial predictor variables in the QuickBird sampled data. Spatially 
lagged and simultaneous autoregressive models were also built based on 
multiple remote-sampled endemic transmission oriented explanatory 
covariate coefficients. The coefficient estimates were then used to define 
expectations for prior distributions in the Bayesian matrix by using 
MCMC specifications. A seasonal spatial residual trend analyses was 
then performed using uncertainty indices, which then linked the tabular 
data with the sampled S. damnosum s.l. data in SAS/GIS. Thereafter, the 
estimation matrix identified prolific seasonal-sampled riverine larval 
habitats based on the georeferenced explanatory predictors in WinBUGS. 

In this research, WinBUGSio macro provided functionality for the 
input and output of information to and from WinBUGS and SAS/GIS. 
The macro provided an optimal number of different options for specifying 
the seasonal-sampled S. damnosum s.l. riverine larval habitat predictor 
variables in the empirical-sampled dataset. For example, the sampled 
riverine larval habitat dataset was written out to an ASCII text file in 
column format and an S language list ( )…  format, so we could specify an 
external ASCII file containing the sampled larval habitat data. We were 
required to specify which sampled georeferenced endemic transmission 
oriented predictor variables in the WinBUGS data file we wished to 
regress. Further, we also had to specify labels to be employed in the 
Bayesian probabilistic matrix. Since WinBUGS is case-sensitive, we had 
to be careful to use labels which corresponded to the sampled data items 
specified in the S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented distribution model (e.g., covariate coefficient 
labels, response variable names etc). Fortunately, this step allowed using 
a new SAS dataset with the existing WinBUGS model without having to 
rename the sampled georeferenced riverine larval habitat predictor 
variables in the model. Thereafter, we wrote the batch code for running 
the model remotely in WinBUGS. The standard WinBUGS batch 
commands for checking model syntax then read the appropriate empirical 
data while simultaneously reading in value files pre-specified in macro. 
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We then specified the appropriate directory path and file names for 
the various files and a listing of endemic transmission-oriented the 
riverine larval habitat model parameters estimators to be sampled from 
the joint posterior distribution. This list created the necessary commands 
within the batch script to the sampled riverine larval habitat estimators. 
We noticed that WinBUGS required nodes to be monitored for the 
sampled data, so that the outputs could be read as summary statistics 
from the posterior distribution. Thereafter, the batch code commands for 
summary statistics from the posterior distribution were generated and 
the summary statistics were written out to a log file. The batch script was 
then written out to the default WinBUGS installation directory where we 
specified the file name for the script. The macro then executed this batch 
script in WinBUGS by executing a \\ command for running WinBUGS in 
batch mode. WinBUGS then opened the batch commands executed. 
Finally, the log file containing the summary statistics from the MCMC 
sample of the posterior distribution for each monitored node was read 
into the SAS dataset. The macro also provided functionality for us to 
select the sampled S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented risk-based estimators for all MCMC iterations 
stored (i.e., CODA output), which was then read in to SAS for post-
processing. The WinBUGSio macro also specified a list of the riverine 
larval habitat model parameters in the summary statistics of the MCMC 
sample from the joint posterior distribution. These summary statistics 
included the mean, standard deviation, median, lower 5% and upper 95% 
quantiles, the number of samples and a measure of the Monte Carlo 
standard error of the mean, which in this research was provided by the 
sample standard deviation divided by the square root of the number of 
simulation draws (i.e., number of immature S. damnosum s.l. samples). 

This research has laid down the foundation for robustly constructing 
more Bayesian paradigms for exploiting seasonal-sampled S. damnosum 
s.l. riverine larval habitat endemic transmission-oriented explanatory 
covariate coefficients in future research. For example, SAS/STAT 
software now provides Bayesian analysis in downloadable, experimental 
versions of three procedures for SAS 9.2 on Windows: GENMOD, 
LIFEREG, and PHREG. The new BAYES statement in these procedures 
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can render various Bayesian probabilistic regressors employing 
georeferenced seasonal-sampled S. damnosum s.l. riverine habitat field-
sampled data for determining seasonal predictive inference capabilities 
employing residuals from GLMs, Cox regression models, and piecewise 
constant baseline hazard models (i.e., piecewise exponential models). For 
example, Cox regression or proportional hazards regression would allow 
analyzing the effect of several seasonal S. damnosum s.l. endemic 
transmission-oriented explanatory covariate coefficients. The probability 
of the endpoint (e.g., recurrence of onchocerciasis in an epidemiological 
study site), for example, could then be classified as the hazard variable in 
a predictive endemic transmission-oriented risk model framework. The 
hazard in the regressed S. damnosum s.l. data could then be expressed as: 

( ) ( ) ( ),exp 3322110 kkxbxbxbxbtHtH ++++×= …   where kX X1…  
would be the collection of spatiotemporal predictor variables and ( )tH0  
would be the baseline hazard at time t, representing aggregations of 
sampled georeferenced larval habitats with varying density count 
covariate coefficient values. By dividing both sides of the equation by 
endemic transmission-oriented ( )tH0  and taking logarithms, the 

equation ( )
( ) kkxbxbxbxbtH
tH ++++=






 …332211

0
ln  can then be 

efficiently derived. In this predictive riverine larval habitat model 
( ) ( )tHtH 0  would be the hazard ratio. The coefficients ki bb …  would 

then be estimated by the Cox regression, and then interpreted in a 
similar manner to that of multiple logistic regression. For example, 
suppose a empirical datset of   S. damnosum s.l. riverine larval habitat 
endemic transmission-oriented explanatory covariate coefficients is 
dichotomous and is coded 1 if, present and 0 if, absent (e.g., presence of 
larvae). Then the quantity exp )( ib  can be interpreted as an 
instantaneous relative risk of a disease transmission event, at any time, 
for any seasonal-sampled covariate sampled at an epidemiological 
riverine study site. Thereafter, if the sampled S. damnosum s.l. riverine 
larval habiat explanatory covariate coefficient is continuous, then the 
quantity exp )( ib  would be the instantaneous relative risk of a disease 
transmission event, at any seasonal time frame as the residual forecasts 
targeting the endemic transmission zones would increase in the value 
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compared with another individual sampled covariates. These 
computations can then employ the Gibbs sampler to obtain a robust 
posterior distribution. 

In statistics and in statistical physics, Gibbs sampling or a Gibbs 
sampler is an MCMC algorithm for obtaining a sequence of observations, 
which are approximately quantized from a specified multivariate 
probability distribution (i.e., from the joint probability distribution of two 
or more     S. damnosum s.l. random variables), when direct sampling is 
difficult (e.g., flooded riverine ecosystems) [2]. It is a randomized 
algorithm (i.e., an algorithm that makes use of random numbers), and 
hence may produce different results each time it is run which can be an 
alternative to deterministic algorithms for generating robust statistical 
information from variational Bayes or EM algorithms. As with other 
MCMC algorithms, Gibbs sampling can generate a Markov chain based 
on seasonal-sampled georeferenced S. damnosum s.l. riverine larval 
habitat endemic transmission-oriented predictive risk-related 
explanatory covariate coefficients, each of which would be correlated with 
nearby samples. As a result, care must be taken if independent samples 
are desired by thinning the resulting chain of samples by only taking 
every   n-th value (e.g., every 100th value). As in other MCMC 
algorithms, samples from the beginning of the chain (i.e., the burn-in 
period) may not accurately represent the desired distribution initially. 
Convergence diagnostics such as the Gelman-Rubin, Geweke, 
Heidelberger-Welch, and Raftery-Lewis tests however, can be produced 
as well as trace plots. All procedures offer the normal and uniform prior, 
and the BGENMOD procedure which can then provide a robust Jeffreys’ 
prior for seasonally quantitating S. damnosum s.l. riverine larval habitat 
parameter estimators efficiently. In Bayesian probability, the Jeffreys 
prior is a non-informative (i.e., objective) prior distribution on parameter 
space that is proportional to the square root of the determinant of the 

Fisher information: ( ) ( ).det θθ
GG

Ip  It has the key feature that it is 

invariant under reparameterization of the parameter vector .θ
G

 This 
makes it of special interest for use with scale parameters in seasonal 
multivariate predictive S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented model. 
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A vector ecologist or a local district-level abatement manager may 
also derive a robust output employing the posterior distribution to an 
SAS dataset for performing additional analysis (stochastic/deterministic 
interpolation) in SAS/GIS. Currently, the experimental BGENMOD, 
BLIFEREG, and BPHREG procedures are being made available through 
the SAS website so that users can generate robust residual forecast for 
various input for cartographic interpolation. These models can therefore 
be used to approximate the joint distribution to generate a histogram of 
seasonal quantitated S. damnosum s.l. riverine larval habitat probability 
error distributions, for example, to approximate the marginal 
distribution of one of the sampled seasonal variables, or some subset of 
the variables (e.g., the unknown parameters or latent variables); or to 
compute an integral such as the expected value of one of the variables. 

Additionally, current PROC MCMC procedures provide a flexible 
simulation-based procedure that is suitable for fitting a wide range of 
Bayesianistic seasonal S. damnosum s.l. riverine larval habitat 
predictive endemic transmission-oriented risk models. For example, a 
vector ecologist or a local abatement district manager could, if desired, 
specify a likelihood function for seasonal sampled riverine larval habitat 
data and a prior distribution for generating a robust empirical ecological 
dataset of seasonal sampled riverine larval habitat parameters in PROC 
MCMC, while simultaneously obtaining samples from the corresponding 
posterior distributions. PROC MCMC will then produce summary and 
diagnostic statistics employing programming statements similar to those 
used in PROC NLMIXED. This module can then specify hyperprior 
distributions to fit a robust hierarchical riverine larval habitat seasonally 
predictive model. 

In Bayesian statistics, a hyperprior is a prior distribution on a 
hyperparameter, that is, on a parameter of a prior distribution that 
arises particularly in the use of conjugate priors [2]. By saving posterior 
samples to an output dataset, the sampled parameters can be entered 
into a predictive S. damnosum s.l. riverine larval habitat model linearly 
or in any nonlinear functional form. By default, PROC MCMC uses an 
adaptive blocked random-walk Metropolis algorithm with a normal 
proposal distribution (www.sas.com). PROC MCMC can then obtain 
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samples from the corresponding posterior distributions, and then save 
the posterior samples in an output dataset which may then be used for 
further analysis. By so doing, the sampled S. damnosum s.l. riverine 
larval habitat data that have any likelihood, prior or hyperprior with 
PROC MCMC would then be accommodated as long as these functions 
are programmable by using the SAS DATA step functions. The seasonal-
sampled parameters can then enter the model linearly or in any 
nonlinear functional form. 

The riverine larval habitat models fit by PROC NLMIXED can also 
be viewed as generalizations of the random coefficient models fit by the 
MIXED procedure. For example, in this research, the generalization 
allowed the seasonal-sampled S. damnosum s.l. endemic transmission-
oriented coefficients to enter the predictive risk model nonlinearly. By 
doing so, PROC NLMIXED implemented an ML estimate into the 
riverine larval habitat model. This is because the analogue to the REML 
method in PROC NLMIXED involves a high-dimensional integral over all 
of the fixed-effects parameters, and this integral is typically not available 
in a closed form. PROC NLMIXED enables users to analyze data that are 
normal, binomial, or Poisson by employing any likelihood programmable 
with SAS statements. PROC NLMIXED does not however implement the 
same estimation techniques available with the NLINMIX macro or the 
default estimation method of the GLIMMIX procedure. These are 
commonly based on the estimation methods of Breslow and Clayton [15], 
and Wolfinger and O’Connell [16], as they iteratively fit a set of generalized 
estimating equations. In contrast, our PROC NLMIXED constructed a 
predictive multivariate seasonal S. damnosum s.l. riverine larval habitat 
endemic transmission-oriented risk model which was directly maximized 
employing an approximate integrated likelihood. This remark has been 
previously applied to the SAS/IML macros MIXNLIN [2]. 

Our GLIMMIX procedure also fit mixed models for non-normal data 
with nonlinearity in the conditional mean function. In contrast to the 
NLMIXED procedure, PROC GLIMMIX assumed that the model 
contained a linear predictor that linked the sampled endemic 
transmission-oriented explanatory covariate coefficients to the 
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conditional mean of the response. The NLMIXED procedure is designed 
to handle general conditional mean functions, whether they contain a 
linear component or not (www.sas.edu). Further, in this research, PROC 
NLMIXED by default performed an ML estimation by using a adaptive 
Gauss-Hermite quadrature. Fortunately, this estimation method is 
presently available with the GLIMMIX procedure (e.g., METHOD=QUAD 
in the PROC GLIMMIX statement). 

In the future, a Bayesian inference for dynamic stochastic general 
equilibrium (DSGE) models should be seasonally assessed by employing a 
single block random walk Metropolis for quantitating georeferenced        
S. damnosum s.l. riverine larval habitat endemic transmission-oriented 
explanatory covariate coefficients. DSGE models are commonly estimated 
by using Bayesian methods [7]. Such a predictive model may combine, 
adaptive independent Metropolis-Hastings and parallelization, to achieve 
large computational gains in a DSGE-predictive autoregressive 
spatiotemporal S. damnosum s.l. riverine larval habitat endemic 
transmission-oriented risk-based estimation matrix. The history of the 
draws would then be used to continuously improve a t-copula proposal 
distribution, and an adaptive random walk step could be inserted at 
predetermined intervals to escape outliers. In probability theory and 
statistics, a copula is a kind of distribution function used to describe the 
dependence between random variables [1]. A prior distribution for the 
seasonal predictive riverine larval habitat model parameters can then be 
updated to a posterior distribution using likelihood information, with 
sampling from the posterior carried out by using MCMC inferences. 

A key feature in spatial statistical literature is the almost exclusive 
use of the single-block random walk Metropolis (RWM) algorithm to 
sample from the posterior distribution of sampled model parameter 
estimators. Interestingly, there is little research that tries to compare the 
performance of alternative sampling schemes and develop potentially 
better MCMC schemes’ for DSGE models. Simulation efficiency is 
important in seasonal predictive S. damnosum s.l. riverine larval habitat 
models as MCMC inference is very time consuming for DSGE models 
which considerably slows down the process of model development. The 
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purpose of the model would be to evaluate adaptive MCMC algorithms 
applied to the estimation of optimal DSGE -riverine larval habitat 
endemic transmission oriented residual forecasts. 

The main element of adaptive sampling schemes could then be the 
use of previous MCMC draws for the design of accurate predictive model 
delineating seasonal S. damnosum s.l. larval densities. As such, the 
samplers evaluated would be based on four fundamental ideas. The first 
is to use the history of posterior draws to repeatedly estimate t-copula    
S. damnosum s.l. riverine larval habitat seasonal count densities with 
mixtures of normal marginals, and thereafter employ these as proposal 
distributions in an independence Metropolis-Hastings sampler. The 
Metropolis-Hastings algorithm can draw samples from any probability 
distribution ( ),xP  provided a user (e.g., vector ecologist) can compute the 

value of a function ( ),xf  which is proportional to the density of P. 

Second, in order to alleviate some potential shortcomings of a pure 
independence chain approach in high-dimensional seasonal multivariate 
S. damnosum s.l. riverine larval habitat predictive risk map, simple 
hybrid deterministic cycling algorithms can be proposed which 
occasionally may use random walk proposals to escape points in the 
posterior parameter space especially when the posterior-to-proposal ratio 
is large. Third, since the time per posterior draw would not increase 
significantly in comparison with the other samplers due to the fast 
estimation of mixture of normal and t-copula densities, more estimators 
may be forecasted. Fourth, the preferred algorithms would then be 
suitable for parallel implementation in a robust riverine larval habitat 
predictive endemic transmission oriented seasonal model. Parallel 
computation is becoming increasingly accessible and has the potential to 
drastically reduce computing time in a variety of problems, and different 
MCMC schemes differ greatly in their suitability for parallel 
implementation [2]. 

In conclusion in this research, robust linear correlation estimates 
were generated from a PROC MIXED constructed regression, which 
identified covariates of importance associated to prolific habitats at the 
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Nabere study site. To fit the model in PROC NL/MIXED, the REPEATED 
statement was used to specify the repeated measures factor from the 
sampled dataset of S. damnosum s.l. larval habitat explanatory  
covariates, which then identified observations that were correlated. Non-
linear estimates where then analyzed with an eigenvector spatial 
filtering algorithm using a positive-definite covariance matrix in 
SAS/GIS. By doing so, we transformed all the spatiotemporal-sampled 
data feature attributes containing dependence into covariates free of 
dependence by partitioning the original sampled riverine larval habitat 
data and into two synthetic variates: (1) a spatial filter variate capturing 
latent spatial dependency and (2) a non-spatial variate that was free of 
spatial dependence. The geographic distribution of the sampled habitats 
based on the S. damnosum s.l. riverine larval habitats counts exhibited 
PSA in all models tested: like sampled larval habitat aggregated in 
geospace based on spatiotemporal field-sampled count data. The 
coefficients from the decomposition of the sampled predictor variables 
were then input into a Bayesian estimation matrix. The probability 
density function of the inverse Wishart for the riverine larval habitat 

model was 
( )
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 where X and Ψ  are pp ×  

positive definite matrices, and ( )⋅Γp  is the multivariate Gamma function. 

A fit of a WinBUGS hierarchical Bayesian model revealed that the 
adjusted covariate Hanging vegetation was statistically important to 

prolific sampled habitats (unadjusted improvement 2χ  was – 1.299, while 

the adjusted 2χ  was – 0.311).  
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