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Abstract 

The microbial communities found in soils are inherently heterogeneous and often exhibit 

spatial variations on a small scale. Becker et al. (2006) investigate this phenomenon and 

present statistical analyses to support their findings.  In this project, alternative statistical 

methods and models are considered and employed in a re-analysis of the data from 

Becker.  First, parametric nested random effects models are considered as an alternative 

to the nonparametric semivariogram models and kriging methods employed by Becker to 

analyze patterns of spatial variation.  Second, multiple logistic regression models are 

employed to investigate factors influencing microbial community structure as an 

alternative to the simple logistic models used by Becker.  Additionally, the microbial 

community profile data of Becker were unobservable at several points in the spatial grid.  

The Becker analysis assumes that the data are missing completely at random and as such 

have relatively little impact on inference.  In this re-analysis, this assumption is 

investigated and it is shown that the pattern of missingness is correlated with both 

metabolic potential and spatial coordinates and thus provides useful information that was 

previously ignored by Becker.  Multiple imputation methods are employed to incorporate 

the information present in the missing data pattern and results are compared with those of 

Becker. 
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Chapter 1    Introduction 
 
 
      The structure of the microbial community in soils is inherently heterogeneous as a 

result of both adaptation to environmental gradients and the intrinsic biological processes 

among the microbial community (Franklin et al., 2003). Therefore, the variability and 

heterogeneity of the microbial community in soil samples often exhibit patterns of spatial 

variation on a small scale (Etterna et al., 2002). 

      In a recent study, Becker et al. (2006) have investigated the spatial relationship within 

and between metabolic potential and heavy metal contaminants, such as lead and 

chromium, at small scale at a chronically contaminated site. The purpose of the present 

study is to investigate alternative models and make improvements to the statistical 

analyses. First, a hierarchical model was used to replace the semivariogram models and 

kriging used by Becker for spatial analysis. Then the covariate information for all sample 

points with unobservable responses were included in the microbial community analysis 

using multiple imputation methods.  

      To better describe the hierarchical model used later, the schematics of the sampling 

plan were considered as a hierarchical structure (Zhu et al., 2004), as shown in Fig. 1-1.   

The soil samples of Becker et al. (2006) were collected from 5 different arrays. Only 

array 1, 2 and 3 are shown here. The distance between the centers of two arrays was 50 

cm. For each array, there were seven hexagonal sub-arrays. The center of each sub-array 

was 15 cm away from its adjacent sub-arrays within one primary array. For each sub-

array, there were seven hexagonal sub-sub-arrays. The center of each sub-sub-array was 5 

cm away from its adjacent sub-sub-arrays within one sub-array. Three samples were 
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collected on each sub-sub-array area. In total there were 645 soil samples (i.e., 3 samples 

×  5 arrays ×  [1 center point + 6 sub-array ×7 sub-sub-arrays]). The concentrations of the 

metal contaminants lead and chromium, the metabolic potential, and a profile of 

microbial community structure were measured at each sample point..  

 

Figure �1-1 The 3-level hierarchical structure of soil samples in the experiment of Becker et al. (2006) 

 

      A strong spatial dependence both within and between lead, chromium and metabolic 

potential was found by Becker. The semivariogram models were used to describe the 

spatial dependence and kriging was used to estimate the response surface for the entire 

spatial grid.  However, only qualitative comparisons and associations were made. The 

objective of this present work is to investigate whether a parametric statistical model 

based on the spatial dependent design might fit the data better and allow for more formal 

statistical inference, rather than only qualitative comparisons.  

Sub-array 

Sub-sub-array 

 Array 1 
 

Array 2 
Array 

Array 3 
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     In Becker, the kriging maps showed that some areas with increased metal 

concentrations corresponded to the areas with decreased metabolic activity. But this 

pattern did not strictly hold true for the whole area. Also there were no qualitative 

comparisons because the direct relationship between the metabolic potential and the 

metal contaminations was not found in independent samples on the finest scale (< 1cm) 

(Becker et al., 2006). However, a multivariate hierarchical model for lead, chromium and 

metabolic potential may allow for statistical inference about relationships between lead, 

chromium and metabolic potential based on covariance components. Then the effect of 

the heavy metals on the microbial community and the spatial variation in chronically 

contaminated sites could be found.   

      In Chapter 2, the hierarchically nested random effects model used for the soil samples 

will be explained in detail, and the features of the model will be discussed. The model fit 

and test results for each of chromium concentration lead concentration and metabolic 

potential will be presented and comparisons between the results from the hierarchical 

spatial model and from the kriging model will be made. 

        In the Becker study, the microbial community profiles obtained by denaturing 

gradient gel electrophoresis (DGGE) were unobservable at several sample points. 

Primarily, samples with both high metal contents and high metabolic activity (137 out of 

645) were obtained in the bacterial community experiment, and others samples were 

unobservable. When the logistic regression was employed to identify significant 

microbial populations with respect to each of lead, chromium and metabolic activity, the 

missing data which were unobservable had not been taken into account. If the data were 

missing completely at random, the inference from the observed data can be applied to 
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both observed and missing data (Little et al., 1987). Otherwise, if the missing data is not 

completely at random, the analysis based on only the observed data will lose all useful 

information from missing data. Especially, when the observed data is only a small 

fraction of the total number of data, the inference drawn from the observed values is 

questionable. Thus, it was of interest to find out the relationship between the missing data 

and the other covariates, such as metal contaminations metabolic potential and spatial 

information, and to include the information from the missing data into the analysis of 

microbial community structure.  

     In Chapter 3, the logistic regression was employed to investigate the relationship 

between the missingness and the concentration of the metal contaminants, the metabolic 

potential and the spatial information. A complete regression model combining the 

observed data as well as the covariate information from missing data was then fit using 

multiple imputations. The effects of lead, chromium and metabolic potential on the 

identification of significant bands (i.e., microbial populations) were then compared with 

the results from Becker et al. 
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Chapter 2 Modeling Spatial Dependence 
 

2.1 Methods 

2.1.1 Hierarchical Nested Model 
 
        A multi-scale tree-structured spatial model was applied on soil properties in 

previous work by Zhu et al. (2004). Similarly to the model from Zhu et al, a hierarchical 

model (3-way nested model) with random effects could be used to model the soil samples 

in Becker et al. 

       A linear 3-way nested model with random effects was used to analyze the spatial 

dependence of the metabolic potential, lead (Pb) and chromium (Cr) contaminants. The 

3-way nested design is shown in Figure 2-1. Five arrays, seven sub-arrays for each array 

and seven sub-sub-arrays for each sub-array from sub-array1 to 6 were used in the 

studies. Yet the inferences are not to be confined to the particular arrays, sub-arrays and 

sub-sub-arrays selected in the study, but rather they are to pertain to all possible locations 

on each level of the hierarchical structure. Therefore, the effects of array, sub-array and 

sub-sub-array were considered as random factors. Each of the three sets of factor levels 

may be considered as the result of sampling a population about which inferences are to be 

drawn. 

       A 3-way nested model is 

 
.,...,2,1 and ,,...,2,1,,...,2,1,,...,2,1

;)()()(

ijkiji

ijklijkijiijkl
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The model represents the lth observation from the kth sub-sub-array within the jth sub-

array of array i.  The random effects ),,,( ετβα  represent the effects of array, sub-array, 
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sub-sub-array and measurement error. They are assumed to have mutually independent 

normal distribution as followings: 
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Figure �2-1 The 3-way nested design for the soil samples from Becker et al. (only illustrates the 
structure of array 1) 

       

       The variance of any observation is )( 2222 σσσσ τβα +++ where 2222  and ,, σσσσ τβα are 

referred to as variance components. Different responses are assumed to be independent 

except for the responses from the same array and/or from the same sub-array and/or from 

the same sub-sub-array. The spatial dependence of two responses on different locations 

was evaluated by the following covariance and correlation. 
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       Observations on the same array have the following correlation. 
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     Observations on the same array and same sub-array have the following correlation. 
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     Observations on the same array, same sub-array and sub-sub-array have the following 

correlation. 
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       Variance components can be estimated based on the analysis of variance method, 

which estimates expected mean square by the corresponding observed mean squares and 

solving for the variance components. The detailed formulas are given by D. M. 

Mahamunulu (1963) and shown in book (Searle et al., 1992, Appendix F.3). Those 



 8 

formulas were applied to the soil sample data from Becker et al. (2006), which led to the 

following results. 
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    The followings sum of squares can be calculated from data. 
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Then by equating the observed mean squares to their expected mean square values     
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And the variance components were estimated as 
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       For the above model with random factors and unequal treatment sample sizes, the 

analysis of variance (ANOVA) table for the above 3-way nested model is shown in Table 

2-1. The sums of squares are calculated in the same way as in the fixed factors case 

(Neter et al., 1990). However, the test statistics are based on the expected mean squares 

for the random effects. Thus for the hypotheses .0:,0:,0: 2
0

2
0

2
0 === τβα σσσ HHH  the 

test statistics are
β
α

α MS

MS
F = ,  

γ
β

β MS

MS
F =  and

ε
γ

γ MS

MS
F = . 

        Maximum likelihood method was used in the analysis of variance components. Rao 

and Heckler (1997) suggest that the maximum likelihood (ML) had a lower MSE when 

estimating variances in unbalanced design while restricted maximum likelihood (REML) 

had the less bias, and. also takes the fix effects into account. Since our case is unbalanced 

random design with random effects, the ML method was chosen. 
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Table �2-1 ANOVA table for 3-way nested model for unbalanced data from Becker et al.  

( 10974 ,,, vvvv  and N can be found on previous page ) 
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       It is noted that there are some drawbacks of this linear 3-way nested random effects 

model.  It could be seen in Figure 1-1 that there are some areas in arrays which do not 

belong to any sub-array. And there are some areas in sub-arrays which do not belong to 

any sub-sub-array. Also the model addressed that two points from one array will always 

be more correlated than two points from different arrays. For example, according to 

above model, the points on the right side of array 1 are not assumed to be more correlated 

with points on the left side of array 2, but this is unlikely if strong patterns of spatial 

dependence are present. 
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2.1.2 Semivariogram Models and Kriging method 
 
        In order to compare the hierarchical model with the kriging model, SAS software 

(SAS Institute, Cary NC) was used to reproduce the analysis in the previous study by 

Becker et al. in GS+ software (Gamma Design Software, LLC, Plainwell, Michigan).  

        Using kriging, spatial dependence in soil properties can be described with a 

predictable spatial pattern. It is usually specified in the form of covariance or 

semivariogram, which qualifies the strength of association between neighbors as a 

function of pairwise distance. It is assumed that the spatial correlation does not depend on 

the locations of a pair of observations, but just on the distance between two observations.  

        The semivariogram is a half of mean squared difference of a pair of observation. It is 

similar in form to the typical variance estimator 
n

xx
xVar

n

i
i�

=

−
= 1

2)(
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)(hγ  can be calculated by �
=
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n

i
hii ZZ
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h
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2)][
)(2

1)(γ .  N(h) represents the number of 

the observation pairs separated by distance h. iZ  and hiZ +  are the values of the 

observation at location i and (i+h) respectively.  The relationship between the 

semivariogram and the covariance function is given by 

)},(2)()({
2
1)(

2
1)( jijiji ZZCovZVarZVarZZVarh −+=−=γ . 

If assuming that the mean and variance are constant over the region (2nd order stationary), 

such as, )(),(   and  )()( 2 hCovZZCovZVarZVar jiji === σ , then 

)].(1[)()( 22 hCorrhCovh −=−= σσγ  
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         The sample semivariogram is derived from the data and the pairwise distance h. 

Based on the sample semivariogram, the best fitted theoretical semivariogram model is 

obtained. The predictions on the unobserved locations are calculated from theoretical 

semivariogram model.  

      When two measurements taken at the same location are different, there exists nugget 

effect. Nugget ( 1c ) indicates the micro-scale variation or measurement error. It is the 

intercept of the semivariogram. Sill ( 10 cc + ) is the value of the semivariogram when two 

observations are far enough apart to be considered nearly uncorrelated. Range ( 0a ) is the 

distance beyond which the two observations are almost uncorrelated. It is the value of 

pairwise distance where the semivariogram reach the sill value. The spatial dependence 

��
�

�
��
	




+ 10

0

cc

c  is defined by the proportion of the difference between sill and nugget in sill 

(Ettema et al., 2002). A typical semivariogram are shown in Figure 2-2 to illustrate the 

parameters in spherical semivariogram model and the meanings of spatial dependence. 
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Figure �2-2 A typical theoretical semivariogram 

       There are several theoretical semivariograms which model the possible underlying 

spatial correlation, such as spherical semivariogram, Gaussian semivariogram, 

exponential semivariogram, power semivariogram and nested model (SAS Institute Inc., 

2004). A spherical semivariogram model is given by 
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A Gaussian semivariogram model is given by 
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An exponential semivariogram model is given by  
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And a power semivariogram model is given by 

                  0
01)( a

z hcch +=γ . 

A so-called nested semivariogram model is a combination of any of above models. 

      In spatial analysis, if the correlation between the observations at two points depends 

not only on the distance, but also on the orientation of the two points, the model is called 

anisotropic. Otherwise, it is called isotropic. It is possible that in some directions the 

correlations are more than other directions.  

        Kriging is an interpolation method, which makes predictions to the unobserved 

values of the random variable Z.  SAS procedures VARIOGRAM and KRIG2D were 

used to plot variogram and plot the predicted data surface. Since the NLIN procedure in 

SAS can find the least squares or weighted least squares estimates of the parameters of a 

nonlinear model, it was used to find the least square estimators of the parameters in the 

chosen theoretical semivariogram model. The R-squares of the model fitting were 

calculated as variance explained by model over the total variance.  

       To compare the hierarchical model and kriging model, the residuals from the 3-way 

nested model and the spherical semivariogram model for the observed points were 

calculated. Only array 1-3 were used in the comparison, because those three arrays were 

located on one plate and contiguous to each other. Further comparison was conducted on 

the predicted values on kriging grids from two models. The predicted values from kriging 

model were straightforward using SAS software. However, for the nested model, the 
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transformations on x-y coordinates to hexagonal coordinates were used. Arrays were 

assigned only according to the x coordinate.  

 2.2 Results 
 
      The analysis results from 3-way nested model for each of metabolic potential, lead 

and chromium concentration showed that the metabolic potential and metal 

contamination levels varied between arrays, sub-arrays and sub-sub-arrays. The 2R  

shown in Table 2-2 indicate that the 3-way nested models fit well.  

Table �2-2 3-way nested model fitting criteria (
2R  ) for log(Pb), log(Cr) and log(Potential) 

 2R  

Log( Pb)  0. 96 

Log( Cr )  0. 93 

Log( Met abol i c  Pot ent i al )  0. 94 

 

      The intra-class correlations induced by the hierarchical model (See Table 2-3) show 

that the two responses from the same array and the same sub-array are more correlated 

and the two responses from the same array sub-array and sub-sub-array are the most 

correlated. The correlations increase a lot when two responses are from same sub-array 

under the same array. The correlations increase slightly when two responses are from 

same sub-sub-array under the same array and sub-array. 

Table �2-3 The correlations between two responses 

Cor r el at i ons  Y=Log( Pb)  Y=Log( Cr )  Y=l og( Met abol i c  Pot ent i al )  
),( ''' lkijijkl YYCor  0. 508 0. 469 0. 343 
),( ''' lkijijkl YYCor  0. 778 0. 748 0. 616 
),( ''' lkijijkl YYCor  0. 940 0. 900 0. 922 
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Variograms and kriging maps were reproduced in SAS and were compared with that 

from Becker et al. For simplicity, only isotropic semivariograms was considered here. 

After the different theoretical semivariogram models were compared to the sample 

semivariograms, the spherical models were found to be the closest models. The 

parameters of our fitted spherical models and R-squares are shown in Table 2-4. The 

parameters for metal contents are only slightly different from results by Becker et al. But 

the parameters for activity are much more different. Although the fittings of our kriging 

model from SAS are not as good as that from Becker et al. (R-squares in our test are 

slightly lower), our model showed that the samples had higher spatial dependence.  

 

Table �2-4 The parameters and model fit criteria for fitting model to variogram. 

 Model  Met hods Nugget   

 
Si l l –
Nugget  Range  2R  

Spat i al  
dependence 

   ( C1)  ( C0)  ( a0)   C0/ ( C0- C1)  

Log( Pb)  spher i cal  var i ogr am 0. 1846 3. 1625 25. 0277 0. 4614 0. 9448 

Log( Cr )  spher i cal  var i ogr am 0. 1847 3. 1625 25. 0278 0. 46 0. 9448 

Log( Act i v i t y)  spher i cal  var i ogr am 0. 1847 3. 1625 25. 0278 0. 465 0. 9448 

 

    The reproduced kriging maps are shown in Figure 2-3, which matches the kriging 

maps from Becker well. The kriging maps show that in some areas the increasing metal 

concentrations correspond to the decreasing net activity, while this relationship does not 

hold true everywhere in the plots. Some areas even show the contrary relationship. For 

example, on the right part of the plots (34<x<67), from the upright corner ((x, y) = (67, 

21)) to ((x, y) = (34, -10.5)) the kriging maps show the increasing pattern for lead and 
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chromium levels and decreasing pattern of net activity. But on the lower left corner area, 

from ((x, y) = (-67, -10.5)) to ((x, y) = (-51, -21)) the level of lead, chromium and net 

activity have the same increasing fashion. 
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Figure �2-3 Kriging maps for log(Pb), log(Cr) and log(Activity). 
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      To compare the model fit of the 3-way nested model (hierarchical model) and the 

kriging model, the sum of squared errors (SSE) and the sum of absolute errors ( || e� ) on 

the observation points were calculated and listed in Table 2-5. Because the 3-way nested 

model (hierarchical model) had smaller SSE and smaller || e� , it is clear that the 3-way 

nested model (hierarchical model) fitted better than kriging model.  

Table �2-5 SSE and || e�  s from 3-way nested model and spherical semivariogram model. 

 
 

 Hi er ar chi cal  kr i gi ng 

SSE 69. 7710 78. 1993 
Log( Pb)  

|| e�  108. 6877 121. 0323 

SSE 88. 4821 94. 3125 

Log( Cr )  

|| e�  115. 1850 122. 8490 

SSE 139. 1124 160. 1952 

Log( Act i v i t y)  

|| e�  134. 9042 160. 3095 

 

       The contour plots of the differences between the nested model and the spherical 

semivariogram model on kriging grids were shown in Figure 2-4. Those contours of 

difference have the nearly opposite pattern to the kriging plots in Figure 2.3. It means that 

when the predictions from the kriging model are high, the predictions from the nested 

model are less than the predictions from the kriging model. When predictions from the 

kriging models are low, the predictions from nested model are greater than the 

predictions from the kriging model. Therefore, the nested model smoothes better. 
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Figure �2-4 Contour maps of the difference between the nested model and the kriging model for 
log(Pb), log(Cr) and log(Activity) 
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2.3 Summary and Future Work  
 
     The above analysis shows that the improved 3-way nested model represents the spatial 

dependence of the metabolic potential and the metal contents in sampling area. By 

comparing it to the previous spherical model and kriging method, 3-way nested model 

fits the data better.   

     For the next stage, to obtain the effects of the heavy metal contents on metabolic 

potential, the overall hierarchical model based on all variables (lead, chromium and 

metabolic potential) should be analyzed. From the covariance components, the 

relationships between lead, chromium and metabolic potential can be found. 

      The overall hierarchical model will be 
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where 
~
y  is the observed vector of lead, chromium and metabolic potential on each 

observation point.  Vector 
~
α  is the effect of array. Vector 

~
β  is the effect of sub-array. 

Vector 
~
γ  is the effect of sub-sub-array. Vector 

~
ε  is the effect of measurement error. The 

superscripts (1)-(3) are corresponding to variable lead, chromium and metabolic 

potential. The assumptions are ),0(~
~ αα ΣN

i
, ),0(~

)(~
ββ ΣN

ij

, ),0(~
)(~

γγ ΣN
ijk

and 

),0(~
)(~ εε ΣN

ijkl
. The variance and covariance matrices γβα ΣΣΣ  and ,  are assumed to 

have the forms below 
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 where iji cba  and ,  were defined as in 3-way nested model in page 6. The 

parameters
)23()13()12(

  ,  , ααα τττ ,
)23()13()12(

  ,  , βββ τττ , 
)23()13()12(

  and   , γγγ τττ  are the covariance 

components which we are interested in.  

     The current version of SAS (v. 9.1) is not able to perform analysis of multivariate 

nested models with random effects. Therefore, within the limited time of this project, the 

overall model fit and analyses of covariance components were not investigated using 

other software. Further study could continuously analyze the multivariate model on 

random effects and the covariance components. 
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Chapter 3    Microbial Community Analysis 
 

3.1 Methods 

3.1.1 Logistic Regression 
 
      Logistic regression model was used to determine whether there was a relationship 

between missingness of the presence of a band and the metal contents, the metabolic 

potential and the spatial coordinates. If let iπ  represent the probability that sample i was 

not missing and 1- iπ  the probability that sample i was missing, the logistic regression 

model can be written as follows. 

           

).,,,,,,(          

)'z ,y , x,Potential ,Cr ,Pb (1, where

X  
1

log)(log
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                      iii zyx  and ,  are the three-dimensional spatial coordinates of the ith sample. 

       To find the significant effects of lead, chromium, metabolic potential and spatial 

coordinates x and y on missingness, the hypotheses tests on each contribution from 
~
X  

were carried out, such as, 6,...,1,0:0 == jH jβ . It was based on the property of 

asymptotic distribution of the likelihood ratio test:  )(log2 2
1χλ →− X in distribution, 

where )(Xλ  is the likelihood ratio test statistic and 2
1χ is the chi-square distribution with 

1 degree of freedom. If 1L  represents the  maximized log-likelihood for the model with 

0≠jβ  and 0L  represents the maximized log-likelihood for the model with 0=jβ , the p 

value are calculated by 1- Chi(-2 ( 0L - 1L ),1) . Chi(-2 ( 0L - 1L ), 1) represents the 
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cumulative probability of Chi-square distribution with 1 degree of freedom at - 2 ( 0L -

1L ). Then the elements of 
~
X without significant effects were eliminated from the original 

logistic model. After the final model was selected, the least square estimator of 

parameters are 
~
β
�

  and the estimated probability with sample i not missing is 

)exp(1

)exp(

~~

~~

X

X

i ×+

×
=

β

β
π �

�

� .  

3.1.2 Missing Data and Multiple Imputation 
 
       Since there were missing data during the experiment of obtaining DGGE gel, the 

missing data pattern need to be identified at first. In general, there are three general types 

of missing-data mechanisms (Little et al., 1987): missing completely at random (MCAR), 

missing at random (MAR) and neither missing at random nor observed at random. For 

MCAR, the probability of missingness is independent of response variable Y and 

covariates X. For MAR, the probability of missingness only depends on covariates X but 

not on response variable Y. For the third case, the probability of missingness depends on 

response variable Y and possible covariates X as well. In the previous microbial 

community analysis by Becker et al., the missing data were assumed to be MCAR. 

However, the missingness was found not independent of covariate X using logistic 

regression model as shown in section 3.2. It means that the assumption MCAR was not 

true for the data. In our study, the missing data is assumed to be MAR 

        To include the missing data in the analysis of the presence of a significant band, 

multiple imputations for missing data methods were used. For each missing value, the 

multiple imputation procedure generates a set of values and those values are combined 
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with the original data to be a set of complete data. Then they were used for analysis and 

the results are combined for inference (Yuan, 2000). 

      In our case, the presence of a band was represented by a binary variable (y), which 

was assumed to have a Bernoulli distribution with a probability φ . The probability of 

presence (φ ) depended on covariates X, such as lead, chromium and metabolic potential. 

The relationship between them can be described by logistic regression as follow. 
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      As mentioned before, some of data y were unobservable (missing). For each missing 

data iy , the probability of its missingness ( iφ ) was modeled by logistic regression on 

metal contents, metabolic potential and spatial coordinates as described in section 3.1.1. 

Note that none of 
~
X were missing. 

     To estimate the parameter
~
β  and the significant effects by lead, chromium and 

potential, the following procedures based on the logistic regression imputation method 

were carried out automatically by the MI proc of SAS. First, a logistic regression model 

for the presence of a band was fit based only on the observed data, and the estimated 

parameter 
~
β
�

 was obtained. Then based on this fitted model with 
~
β
�

, probabilityφ  was 

calculated for each missing data. For each φ , multiple draws ( jy ) from Bernoulli (φ ) 

were combined with the observed data as multiple complete data sets. Finally, the logistic 
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regression for presence of a band was reapplied on each complete data set, and the 

estimations of parameter were combined to give results (Allison, 2005). 

       After the final logistic regression model was obtained, the significant effects of lead, 

chromium and metabolic potential were analyzed using hypothesis tests. Both overall 

logistic regression on all covariates (lead, chromium and metabolic potential) and the 

logistic regression on each individual covariate were fit for 68 bands data. In order to 

compare the results with that from Becker et al., the logistic regression on each of lead, 

chromium and net activity was also tested. The adjusted p values for controlling false 

discovery rate in multiple tests were used as described in details in the next section. The 

results of significant effects from overall logistic regression tests and contributions from 

each individual covariate were obtained. The adjusted p values and the significance on 

bands derived from individual covariate test were compared with the results from Becker 

et al. 

3.1.3 False Discovery Rate 
 
      In testing the effect of lead, chromium and metabolic potential on the presence of  

bands in the microbial community profile, the overall test was based on multiple 

inferences of 68 multiple logistic regression tests. For multiple inferences, family-wise 

error rate control and false discovery rate (FDR) control are two methods commonly used 

to reduce the increased false positive (significance) rate.  To obtain as many as possible 

discoveries (bands on which the covariates have significant effects) in our case, family-

wised error rate control was not needed and controlling FDR is used (Benjamini et al., 

1995).  
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     FDR is the expected proportion of the false rejected null hypothesizes among all 

rejections of null hypothesizes (Benjamini et al., 1995). If the numbers of false rejections 

(rejection of null hypothesis when null hypothesis is true) is V and the number of correct 

rejections (the rejection of null hypothesis when alternative hypothesis is true) is S, the 

FDR ( eQ ) is defined by 
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      To control the FDR in a multiple-test procedure, the p-values ( mppp ,...,, 21 ) of m 

null hypothesizes mHHH ,...,, 21  should be ordered as )()2()1( ,...,, mppp . For FDR atα , 

all kiH i  ..., ,2 ,1 ,)( = should be rejected, for k is the largest i which satisfies α
m

i
P i ≤)(  

(Benjamini et al., 1995). The adjusted p-values (s) controlling the FDR used in SAS 

software is just an alternative way of the above calculation. The FDR adjusted p-values 

(s) are defined in step-up fashion (SAS Institute Inc., 1999):  
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3.2 Results    
 
      The logistic regression model for missingness was fitted for all considered covariates 

(lead, chromium, metabolic potential and coordinates) firstly. The test results from SAS 

outputs were listed in Table 3-1. At significant level 05.0=α , p values of log(Pb), 
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log(Cr) and coordinates z are great than 0.05. Therefore, the effects of lead, chromium 

and coordinates z on the missingness were not significant. After those three variables 

were deleted, the new model had the test results from SAS outputs shown in Table 3-2. It 

showed that the missingness was significantly related with the metabolic potential and the 

spatial coordinates x and y.  

Table �3-1 SAS output of logistic regression test for missingness using all covariates 

                           Anal ysi s of  Maxi mum Li kel i hood Est i mat es 
                                              St andar d          Wal d 
            Par amet er     DF    Est i mat e       Er r or     Chi - Squar e    Pr  > Chi Sq 
 
            I nt er cept      1     - 1. 9102      0. 1755      118. 4341        <. 0001 
            Tot al _Pb      1    0. 000010    0. 000092        0. 0128        0. 9100 
            Tot al _Cr       1    - 0. 00004    0. 000329        0. 0184        0. 8920 
            Pot ent i al      1      0. 1071      0. 0157       46. 2861        <. 0001 
            X             1    - 0. 00903     0. 00340        7. 0518        0. 0079 
            Y             1      0. 0616      0. 0117       27. 6984        <. 0001 
            Z             1    0. 000910     0. 00194        0. 2197        0. 6392 

 

Table �3-2 SAS output of logistic regression test for missingness based on metabolic potential and 
coordinates x and y 

                            Anal ysi s of  Maxi mum Li kel i hood Est i mat es 
                                              St andar d          Wal d 
            Par amet er     DF    Est i mat e       Er r or     Chi - Squar e    Pr  > Chi Sq 
 
            I nt er cept      1     - 1. 7514      0. 1606      118. 8560        <. 0001 
            X             1     - 0. 0118     0. 00336       12. 3452        0. 0004 
            Y             1      0. 0453      0. 0141       10. 3822        0. 0013 
            Pot ent i al      1      0. 0639      0. 0271        5. 5710        0. 0183 
 

                    Model  Fi t  St at i st i cs 
                                                           I nt er cept  
                                            I nt er cept             and 
                              Cr i t er i on          Onl y     Covar i at es 
 
                              AI C             379. 696        346. 626 
                              SC              383. 654        362. 460 
                              - 2 Log L        377. 696        338. 626 
 
 
                             Test i ng Gl obal  Nul l  Hypot hesi s:  BETA=0 
                     Test                  Chi - Squar e       DF     Pr  > Chi Sq 
                     Li kel i hood Rat i o        39. 0696        3         <. 0001 
                     Scor e                   40. 4463        3         <. 0001 
                     Wal d                    34. 2098        3         <. 0001  
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    From the above estimated logistic regression model, the probability of non-missing iπ�   

was estimated for each band data. The histogram of iπ�  was plotted in Figure 3-1. The 

plot indicates that the band data were observed without missing most likely with 

probability around 0.06-0.24.  
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Figure �3-1 Histogram of the estimated probability of non-missing. 

    
       The plot of estimated non-missing probability by coordinates x and y (shown in 

Figure 3-2) gave an intuitive understanding of how missing data occurred in array 1-3. 

Three similar patterns from the left to right in the whole area of the plot correspond to the 

array 1, 2 and 3 in soil sample area. The plot indicates that the samples observed more 

likely appear around array 1 since very small probabilities of non-missing dominate the 

most areas in array 2 and 3 (in green and red color). 
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Figure �3-2 Estimated non-missing probabilities by coordinates (X and Y). 

 

  With the control of FDR, the overall logistic regression model for 68 significant 

bands data based on 1000 imputations for missing data showed that lead, chromium and 

metabolic potential had significant effects on band #3, #21, #41, #49, #52, #56, #22, #12 

and #14 (overall test results shown in Table 3-2).  Among those bands, band #3 was 

significantly affected by lead and metabolic potential, band #12 was significantly affected 

by all three variables (lead, Chromium and metabolic potential) and other bands were 

only significantly affected by metabolic potential (shown in Table 3-3). 

  Comparing the test results from the logistic regression models for each of lead, 

chromium and metabolic potential using 500 imputations on missing data with the results 

from Becker et al., the adjusted p-value by controlling FDR with imputations were larger 

than those from Becker et al. That means strong controls for false rejections in the tests 

using imputation because that the generated data from imputation for missing data 
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increased the information for analysis. In the analysis of logistic regression for 68 bands 

on chromium with 500 imputations, no significant effect was found on any band. But 

from the analysis of Becker et al. (2006), chromium had significant effect on band #22. 

Table �3-3 The overall hypothesis tests results for 68 bands.  

raw_p is the p-value of independent hypothesis test for each band. fdr_p is the adjusted p-values controlling 
FDR. The rows with green shading color indicate the bands which the overall effects of lead, chromium 
and metabolic potential are significant.  
 
band raw_p fdr_p 

3 0.0001 0.00136 
21 0.0001 0.00136 
41 0.0001 0.00136 
49 0.0001 0.00136 
52 0.0001 0.00136 
56 0.0013 0.01473 
22 0.0033 0.03206 
12 0.005 0.03778 
14 0.005 0.03778 
16 0.0091 0.06182 
2 0.01 0.06182 

61 0.0139 0.07877 
62 0.0315 0.15834 
7 0.0326 0.15834 

58 0.0408 0.18496 
35 0.0448 0.1904 
67 0.0496 0.1984 
57 0.0716 0.24869 
65 0.0738 0.24869 
32 0.0749 0.24869 
44 0.0768 0.24869 
53 0.1004 0.31033 
10 0.1235 0.35048 
9 0.1237 0.35048 

20 0.1706 0.4454 
5 0.176 0.4454 

39 0.1795 0.4454 
4 0.1834 0.4454 

31 0.2007 0.47061 
15 0.2159 0.48937 
27 0.2238 0.48939 
29 0.2303 0.48939 
51 0.2448 0.4968 
28 0.2484 0.4968 
24 0.3032 0.58907 
30 0.3301 0.62352 
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46 0.3438 0.63185 
54 0.3602 0.64457 
18 0.4009 0.69901 
40 0.421 0.7157 
42 0.4577 0.75911 
47 0.4793 0.77601 
11 0.5302 0.81467 
45 0.5365 0.81467 
43 0.544 0.81467 
36 0.5511 0.81467 
50 0.5904 0.8542 
37 0.6242 0.88067 
1 0.6346 0.88067 

55 0.6522 0.88073 
63 0.6728 0.88073 
64 0.6861 0.88073 
13 0.6889 0.88073 
60 0.6994 0.88073 
38 0.7368 0.91095 
8 0.7774 0.93091 
6 0.7894 0.93091 

17 0.8009 0.93091 
68 0.8077 0.93091 
33 0.8461 0.9555 
23 0.8823 0.9555 
59 0.8882 0.9555 
48 0.9115 0.9555 
34 0.9163 0.9555 
25 0.9367 0.9555 
26 0.9478 0.9555 
66 0.9535 0.9555 
19 0.9555 0.9555 

 
Table �3-4 Significant tests for the effect of lead, chromium and metabolic potential among 9 selected 
bands. 

The rows with green shading color indicate the metabolic potential have significant effects on the bands. 
The rows with yellow shading color indicate the lead have significant effects on the bands 
The rows with pink shading color indicate the chromium have significant effects on the bands. 
 
Obs Parm Probt band 

1 Total_Pb 0.0014 3 
2 Total_Cr 0.6427 3 
3 Potential 0.0001 3 
4 Total_Pb 0.9552 21 
5 Total_Cr 0.589 21 
6 Potential <.0001 21 
7 Total_Pb 0.5168 41 
8 Total_Cr 0.4086 41 
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9 Potential <.0001 41 
10 Total_Pb 0.3199 49 
11 Total_Cr 0.2783 49 
12 Potential <.0001 49 
13 Total_Pb 0.9119 52 
14 Total_Cr 0.984 52 
15 Potential <.0001 52 
16 Total_Pb 0.0424 56 
17 Total_Cr 0.0465 56 
18 Potential 0.0006 56 
19 Total_Pb 0.2252 22 
20 Total_Cr 0.1168 22 
21 Potential 0.0009 22 
22 Total_Pb 0.0367 12 
23 Total_Cr 0.0426 12 
24 Potential 0.0265 12 
25 Total_Pb 0.251 14 
26 Total_Cr 0.2043 14 
27 Potential 0.0016 14 

 

3.3 Conclusion and Future work 
 
     The missing data is related to the metabolic potential and the spatial coordinates.  The 

logistic regression model based on observed and unobservable DGGE fingerprint data 

indicated that the metabolic potential and the metal contents had significant effects on 

band #3, #21, #41, #49, #52, #56, #22, #12 and #14. Compared to the significant effects 

from analysis by Becker et al. where the missing data were ignored, the significant bands 

affected by chromium are different. This showed that the missingness has an effect on the 

microbial community analysis. Therefore, the missingness was not completely at random 

and should be taken in account. 

      The results of the effect of heavy metal contents on the presence of the bands in the 

logistic regression analysis might also be of interest to biologist. It was showed that the 

lead had a significant effect on band #3 and both lead and chromium had significant 

effects on band #12. Further experiments and analysis on those two bands would provide 
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more information on the microbial community changes caused by heavy metal 

contaminants. 
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Appendix: SAS Code 
 
1. SAS code for 3-way nested model for each of lead, chromium and metabolic potential. 

Calculate SSN and ||� e  for each model. 

/ *  usi ng nest ed model  t o anal ysi s Pb, Cr  and Met abol i c Pot ent i al * /  
/ *  cal cul at e SSE and sum of  absol ut e er r or s                    * /  
 
* i mput  dat a;  
PROC I MPORT OUT= WORK. PbCr Net   
            DATAFI LE= " R: \ pr oj ect \ DATA. xl s"   
            DBMS=EXCEL REPLACE;  
     SHEET=" docdat a$" ;   
     GETNAMES=YES;  
     MI XED=NO;  
     SCANTEXT=YES;  
     USEDATE=YES;  
     SCANTI ME=YES;  
RUN;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  t ake l og;  
dat a l ogPbCr Net ;  
  set  PbCr Net ;  
  l _Pb=l og( Tot al _Pb) ;  
  l _Cr =l og( Tot al _Cr ) ;  
  l _Met abol i c_Pot ent i al =l og( Met abol i c_Pot ent i al +1) ;   
r un;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  macr o t o cal cul at e SSE and Sum of  t he ABS( er r or ) ;  
%macr o sse;  
Pr oc i ml ;  
  use r esi ds;  
 r ead al l  var  { Z}  i nt o x;  
 SSE=t ( x) * x;  *  sum of  squar e of  er r or s;  
 pr i nt  SSE;   
r un;  
dat a r esi ds;  
  set  r esi ds;  
  ABSZ=abs( Z) ;  *  absol ut e er r or s;  
  r un;  
 
Pr oc i ml ;  
  use r esi ds;  
 r ead al l  var  { ABSZ}  i nt o x;  
 S_ABSE=sum( x) ;  *  Sum of  absol ut e er r or s;  
 pr i nt  S_ABSE;   
r un;  
qui t ;  
%mend;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
/ *  Fi t  a nest ed model  t o l og( l ead)  dat a; * /  
pr oc gl m dat a=l ogPbCr Net ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Pb=Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / t est ;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
 
%sse;  * cal cul at e SSE and Sum of  t he ABS( er r or ) ;  
 
Pr oc VARCOMP Met hod=ML;  *  Est i mat i ng var i ance component s;  
 Cl ass Ar r ay Sub Subsub Rep;  
 Model  l _Pb=Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
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r un;  
*  check model  assumpt i on;  
Pr oc gpl ot  dat a=r esi ds;  
 pl ot   Z* PRED=Ar r ay Z* PRED=Sub Z* PRED=Subsub;  
 pl ot   Z* Ar r ay Z* Sub Z* Subsub;  *  var i abi l i t y bet ween di f f er ent  
ar r ays, subar r ays, subsubar r ays;  
r un;  
qui t ;  
*  check nor mal i t y of  r esi dual s;  
pr oc uni var i at e dat a=r esi ds nor mal  ;  
   qqpl ot  Z;  
r un;  
 
/ *  Fi t  a nest ed model  t o l og( Cr ) ; * /  
 
pr oc gl m dat a=l ogPbCr Net ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Cr =Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / t est ;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
Pr oc VARCOMP Met hod=ML;  *  Est i mat i ng var i ance component s;  
 Cl ass Ar r ay Sub Subsub Rep;  
 Model  l _Cr =Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
r un;  
Pr oc gpl ot  dat a=r esi ds;  
 pl ot   Z* PRED=Ar r ay Z* PRED=Sub Z* PRED=Subsub;  
 pl ot   Z* Ar r ay Z* Sub Z* Subsub;  *  var i abi l i t y bet ween di f f er ent  
ar r ays, subar r ays, subsubar r ays;  
r un;  
qui t ;  
*  check nor mal i t y of  r esi dual s;  
pr oc uni var i at e dat a=r esi ds nopr i nt  ;  
   qqpl ot  Z;  
r un;  
 
%sse;  *  cal cul at e SSE and Sum of  t he ABS( er r or ) ;  
 
/ *  Fi t  a nest ed model  t o l og( Met abol i c pot ent i al ) ; * /  
 
pr oc gl m dat a=l ogPbCr Net ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Met abol i c_Pot ent i al =Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / t est ;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
Pr oc VARCOMP Met hod=ML;  *  Est i mat i ng var i ance component s;  
 Cl ass Ar r ay Sub Subsub Rep;  
 Model  l _Met abol i c_Pot ent i al =Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
r un;  
Pr oc gpl ot  dat a=r esi ds;  
 pl ot   Z* PRED=Ar r ay Z* PRED=Sub Z* PRED=Subsub;  
 pl ot   Z* Ar r ay Z* Sub Z* Subsub;  *  var i abi l i t y bet ween di f f er ent  
ar r ays, subar r ays, subsubar r ays;  
r un;  
qui t ;  
*  check nor mal i t y of  r esi dual s;  
pr oc capabi l i t y dat a=r esi ds nopr i nt ;  
    qqpl ot  Z;  
r un;  
%sse;  *  cal cul at e SSE and Sum of  t he ABS( er r or ) ;  

 

2. SAS code for estimating theoretical semivariogram model and plotting kriging map.  

*  SAS Code f or  var i ogr am and kr i gi ng;  
* i mput  dat a;  
PROC I MPORT OUT= WORK. PbCr Net   
            DATAFI LE= " R: \ pr oj ect \ DATA. xl s"   
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            DBMS=EXCEL REPLACE;  
     SHEET=" docdat a$" ;   
     GETNAMES=YES;  
     MI XED=NO;  
     SCANTEXT=YES;  
     USEDATE=YES;  
     SCANTI ME=YES;  
RUN;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  t ake l og;  
 
dat a kr i gedat a;  
  set  PbCr Net   
  l _Pb=l og( Tot al _Pb) ;  
  l _Cr =l og( Tot al _Cr ) ;  
  l _Act i v i t y=l og( Act i v i t y+620) ;  
  i f  ( ar r ay gt  3)  t hen del et e;  
r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Usi ng var i ogr am model  and Kr i gi ng on l og l ead dat a;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
*  3D pl ot - sur f ace pl ot ;  
pr oc g3d dat a=kr i gedat a;  
      t i t l e ' Sur f ace Pl ot ' ;    
      scat t er  X* Y=l _Pb /  xt i cknum=5 yt i cknum=5 
         gr i d zmi n=0 zmax=15;  
      l abel  X = ' X'  
            Y = ' Y'  
            l _Pb = ' l ead'  
      ;  
   r un;  
*  usi ng var i ogr am t o est i mat e t he number  of  t he l ags;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am;  
      coor di nat es xc=X yc=Y;  
      var  l _Pb;  
   r un;  
 
   t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 
 
*  di st r i but i on of  t he pai r wi sed di st ances;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am nhcl asses=40;  
      coor di nat es xc=X yc=Y;  
      var  l _Pb;  
   r un;  
  t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
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   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 
 
pr oc var i ogr am dat a=kr i gedat a out v=out v;  
      comput e l agd=1. 75 maxl ag=38 r obust ;  
      coor di nat es xc=X yc=Y;  
      var  l _Pb;  
   r un;  
 
   t i t l e ' OUTVAR= Dat a Set  Showi ng Sampl e Var i ogr am Resul t s ' ;  
   pr oc pr i nt  dat a=out v l abel ;  
      var  l ag count  di st ance var i og r var i o;  
   r un;  
 
   dat a out v2;  set  out v;  
      var i =var i og;  t ype = ' r egul ar ' ;  out put ;  
      var i =r var i o;  t ype = ' r obust ' ;  out put ;  
   r un;  
Pr oc Pr i nt  dat a=out v2;  
r un;  
   t i t l e ' St andar d and Robust  Semi var i ogr am f or  l ogPb Dat a' ;  
   pr oc gpl ot  dat a=out v2;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue   / *  v=st ar    * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow / *  v=squar e * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 5 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;  
   r un;  
   qui t ;  
 
   pr oc pr i nt  dat a=out v2;  
   r un;  
 
* * * * * * * * * * * * * * * * * ;  
*  Spher i cal  model ;  
* * * * * * * * * * * * * * * * * ;  
*  opt i mi ze spher i cal  model ;  
 pr oc nl i n dat a=out v2 met hod=Gauss hougaar d;  
       
      par ms c0=2 t o 5 by 0. 5 
     c1=0 t o 1 by 0. 1 
            a0=10 t o 50 by 1;  
      i f  di st ance gt  a0 t hen  
         model   var i og =c0+c1;  *  var i og and r var i o ar e di f f er ent ;  
   el se  
         model   var i og = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
   out put  out =var i omod pr ed=gvhat ;  
r un;  
 
 
*  f i t  opt i mi zed spher i cal  model ;  
dat a out v3;  set  out v;  
      c0=3. 1625;  a0=25. 0277;  c1=0. 1846;  
      i f   di st ance gt  a0 t hen var i =c0+c1;  
      el se var i  = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
      t ype = ' Spher i cal ' ;  out put ;  
      var i  = var i og;  t ype = ' r egul ar ' ;  out put ;  
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      var i  = r var i o;  t ype = ' r obust ' ;  out put ;  
   r un;  
    
   t i t l e ' Theor et i cal  and Sampl e Semi var i ogr am f or  l _Pb' ;  
   pr oc gpl ot  dat a=out v3;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue    / *  v=st ar     * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow  / *  v=squar e  * / ;  
      symbol 3 i =j oi n l =1 c=cyan    / *  v=di amond * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 5 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;   
   r un;  
   qui t ;  
 
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
pr oc kr i ge2d dat a=kr i gedat a out est =est ;   
      pr ed var =l _Pb r =60;   
      model  nugget =0. 1846 scal e=3. 1625 r ange=25. 0277 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 67 t o 67 by 1 y=- 21 t o 21 by 1;   
   r un;   
 
 
   pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  Kr i ged l _Pb' ;   
      pl ot  gxc* gyc=est i mat e/ r ot at e=30;   
 *      scat t er  gxc* gyc=est i mat e /  gr i d;   
      l abel  gyc      = ' Y'   
            gxc      = ' X'   
            est i mat e = ' l _Pb'   
            ;   
   r un;   
gopt i ons ht i t l e=2 ht ext =2;  
 
f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Pb) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
pr oc gcont our  dat a=est ;  
   t i t l e  ' Kr i gi ng Pl ot  of  l og( Pb) ' ;  
   pl ot  gyc* gxc=est i mat e /  pat t er n 
                       aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1;  
r un;  
qui t ;  
*  pl ot  t he st andar d er r or s;  
pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  St andar d Er r or s of  Kr i gi ng Est i mat es' ;   
      scat t er  gxc* gyc=st der r  /  gr i d;   
      l abel  gyc    = ' Y'   
            gxc    = ' X'   
            st der r  = ' St d Er r or '   
            ;   
   r un;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Usi ng semi var i ogr am model  and Kr i gi ng on l og Chr omi um dat a;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
*  3D pl ot - sur f ace pl ot ;  
pr oc g3d dat a=kr i gedat a;  
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      t i t l e ' Sur f ace Pl ot ' ;    
      scat t er  X* Y=l _Cr  /  xt i cknum=5 yt i cknum=5 
         gr i d zmi n=0 zmax=15;  
      l abel  X  = ' X'  
            Y = ' Y'  
            l _Cr  = ' Chr omat e'  
      ;  
   r un;  
*  usi ng var i ogr am t o est i mat e t he number  of  t he l ags;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am;  
      coor di nat es xc=X yc=Y;  
      var  l _Cr ;  
   r un;  
 
   t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 
 
*  di st r i but i on of  t he pai r wi sed di st ances;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am nhcl asses=40;  
      coor di nat es xc=X yc=Y;  
      var  l _Cr ;  
   r un;  
  t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 
 
pr oc var i ogr am dat a=kr i gedat a out v=out v;  
      comput e l agd=1. 75 maxl ag=38 r obust ;  
      coor di nat es xc=X yc=YZ;  
      var  l _Cr ;  
   r un;  
 
   t i t l e ' OUTVAR= Dat a Set  Showi ng Sampl e Var i ogr am Resul t s ' ;  
   pr oc pr i nt  dat a=out v l abel ;  
      var  l ag count  di st ance var i og r var i o;  
   r un;  
 
   dat a out v2;  set  out v;  
      var i =var i og;  t ype = ' r egul ar ' ;  out put ;  
      var i =r var i o;  t ype = ' r obust ' ;  out put ;  
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   r un;  
 
   t i t l e ' St andar d and Robust  Semi var i ogr am f or  l og( Cr ) ’ ;  
   pr oc gpl ot  dat a=out v2;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue   / *  v=st ar    * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow / *  v=squar e * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 5 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;  
   r un;  
   qui t ;  
* * * * * * * * * * * * * * * * * * * ;  
*  Spher i cal  Model ;  
* * * * * * * * * * * * * * * * * * * ;  
*  opt i mi ze spher i cal  model ;  
 pr oc nl i n dat a=out v2 met hod=Gauss hougaar d;  
       
      par ms c0=1 t o 4 by 0. 5 
     c1=0 t o 1 by 0. 1 
            a0=10 t o 50 by 2;  
      i f  di st ance gt  a0 t hen  
         model   var i og=c0+c1;  *  usi ng var i og and r var i o ar e di f f er ent ;  
   el se  
         model   var i og = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
   out put  out =var i omod pr ed=gvhat ;  
r un;  
 
*  f i t  opt i mi zed spher i cal  model ;  
dat a out v3;  set  out v;  
      c0=3. 1625;  a0=25. 0278;  c1=0. 1847;  
      i f   di st ance gt  a0 t hen var i =c0+c1;  
      el se var i  = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
      t ype = ' Spher i cal ' ;  out put ;  
      var i  = var i og;  t ype = ' r egul ar ' ;  out put ;  
      var i  = r var i o;  t ype = ' r obust ' ;  out put ;  
   r un;  
    
   t i t l e ' Theor et i cal  and Sampl e Semi var i ogr am f or  l _Cr ' ;  
   pr oc gpl ot  dat a=out v3;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue    / *  v=st ar     * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow  / *  v=squar e  * / ;  
      symbol 3 i =j oi n l =1 c=cyan    / *  v=di amond * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 5 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;   
   r un;  
   qui t ;  
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
pr oc kr i ge2d dat a=kr i gedat a out est =est ;   
      pr ed var =l _Cr  r =60;   
      model  nugget =0. 1847 scal e=3. 1625 r ange=25. 0278 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 67 t o 67 by 1 y=- 21 t o 21 by 1;   
   r un;   
  
   pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  Kr i ged l _Cr ' ;   
      pl ot  gxc* gyc=est i mat e/ r ot at e=30;   
  * scat t er  gxc* gyc=est i mat e /  gr i d;   
      l abel  gyc      = ' Y'   
            gxc      = ' X'   
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            est i mat e = ' l _Cr '   
            ;   
   r un;   
gopt i ons ht i t l e=2 ht ext =2;  
 
f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Cr ) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
 pr oc gcont our  dat a=est ;  
   t i t l e  ' Kr i gi ng Pl ot  of  l og( Cr ) ' ;  
   pl ot  gyc* gxc=est i mat e /  pat t er n 
                       aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1;  
r un;  
qui t ;  
*  pl ot  t he st andar d er r or s;  
   pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  St andar d Er r or s of  Kr i gi ng Est i mat es' ;   
      scat t er  gxc* gyc=st der r  /  gr i d;   
      l abel  gyc    = ' Y'   
            gxc    = ' X'   
            st der r  = ' St d Er r or '   
            ;   
   r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Usi ng semi var i ogr am model  Kr i gi ng on l og Act i v i t y dat a;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
*  3D pl ot - sur f ace pl ot ;  
pr oc g3d dat a=kr i gedat a;  
      t i t l e ' Sur f ace Pl ot ' ;    
      scat t er  X* Y=l _Act i v i t y /  xt i cknum=5 yt i cknum=5 
         gr i d zmi n=0 zmax=15;  
      l abel  X  = ' X'  
            YZ = ' Y'  
            l _Act i v i t y = ' l n( Act i v i t y) '  
      ;  
   r un;  
*  usi ng var i ogr am t o est i mat e t he number  of  t he l ags;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am;  
      coor di nat es xc=X yc=Y;  
      var  l _Act i v i t y;  
   r un;  
 
   t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 



 45 

 
*  di st r i but i on of  t he pai r wi sed di st ances;  
pr oc var i ogr am dat a=kr i gedat a out di st ance=out d;  
      comput e novar i ogr am nhcl asses=40;  
      coor di nat es xc=X yc=Y;  
      var  l _Act i v i t y;  
   r un;  
  t i t l e ' OUTDI STANCE= Dat a Set  Showi ng Di st ance I nt er val s ' ;  
   pr oc pr i nt  dat a=out d;  
   r un;  
 
   dat a out d;  set  out d;  
      mdpt =r ound( ( l b+ub) / 2, . 1) ;  
      l abel  mdpt  = ' Mi dpoi nt  of  I nt er val ' ;   
   r un;  
 
   axi s1 mi nor =none;  
   axi s2 mi nor =none l abel =( angl e=90 r ot at e=0) ;  
   t i t l e ' Di st r i but i on of  Pai r wi se Di st ances' ;  
   pr oc gchar t  dat a=out d;  
      vbar  mdpt  /  t ype=sum sumvar =count  di scr et e f r ame  
                  cf r ame=l i gr  gaxi s=axi s1 r axi s=axi s2 nol egend;  
   r un;  
 
 
pr oc var i ogr am dat a=kr i gedat a out v=out v;  
      comput e l agd=1. 75 maxl ag=38 r obust ;  
      coor di nat es xc=X yc=Y;  
      var  l _Act i v i t y;  
   r un;  
 
   t i t l e ' OUTVAR= Dat a Set  Showi ng Sampl e Var i ogr am Resul t s ' ;  
   pr oc pr i nt  dat a=out v l abel ;  
      var  l ag count  di st ance var i og r var i o;  
   r un;  
 
   dat a out v2;  set  out v;  
      var i =var i og;  t ype = ' r egul ar ' ;  out put ;  
      var i =r var i o;  t ype = ' r obust ' ;  out put ;  
   r un;  
 
   t i t l e ' St andar d and Robust  Semi var i ogr am f or  l _Act i v i t y ’ ;  
   pr oc gpl ot  dat a=out v2;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue   / *  v=st ar    * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow / *  v=squar e * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 5 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;  
   r un;  
   qui t ;  
 
* * * * * * * * * * * * * * * * * * * ;  
*  spher i cal  Model ;  
* * * * * * * * * * * * * * * * * * * ;  
*  opt i mi ze spher i cal  model ;  
 pr oc nl i n dat a=out v2 met hod=Gauss hougaar d;  
      par ms c0=1 t o 5 by 0. 5 
     c1=0 t o 1 by 0. 1 
            a0=10 t o 40 by 2;  
      i f  di st ance gt  a0 t hen  
         model   var i og=c0+c1;  *  usi ng var i og and r var i o ar e di f f er ent ;  
   el se  
         model   var i og = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
   out put  out =var i omod pr ed=gvhat ;  
r un;  
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*  f i t  opt i mi zed spher i cal  model ;  
dat a out v3;  set  out v;   
      c0=3. 1625;  a0=25. 0278;  c1=0. 1847;  
      i f   di st ance gt  a0 t hen var i =c0+c1;  
      el se var i  = c1+c0* ( ( 3/ 2) * ( di st ance / a0) -
0. 5* ( di st ance* di st ance* di st ance) / ( a0* a0* a0) ) ;  
      t ype = ' Spher i cal ' ;  out put ;  
      var i  = var i og;  t ype = ' r egul ar ' ;  out put ;  
      var i  = r var i o;  t ype = ' r obust ' ;  out put ;  
   r un;  
    
   t i t l e ' Theor et i cal  and Sampl e Semi var i ogr am f or  l _Act i v i t y ' ;  
   pr oc gpl ot  dat a=out v3;  
      pl ot  var i * di st ance=t ype /  f r ame cf r ame=l i gr  vaxi s=axi s2  
                                haxi s=axi s1;  
      symbol 1 i =j oi n l =1 c=bl ue    / *  v=st ar     * / ;  
      symbol 2 i =j oi n l =1 c=yel l ow  / *  v=squar e  * / ;  
      symbol 3 i =j oi n l =1 c=cyan    / *  v=di amond * / ;  
      axi s1 mi nor =none  
            l abel =( c=bl ack ' Lag Di st ance' )  / *  of f set =( 3, 3)  * / ;  
      axi s2 or der =( 0 t o 6 by 1)  mi nor =none  
            l abel =( angl e=90 r ot at e=0 c=bl ack ' Var i ogr am' )   
            / *  of f set =( 3, 3)  * / ;   
   r un;  
   qui t ;  
 
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
pr oc kr i ge2d dat a=kr i gedat a out est =est ;   
      pr ed var =l _Act i v i t y r =60;   
      model  nugget =0. 1847 scal e=3. 1625 r ange=25 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 67 t o 67 by 1 y=- 21 t o 21 by 1;   
   r un;   
  
   pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  Kr i ged l _Act i v i t y ' ;   
      pl ot  gyc* gxc=est i mat e/ r ot at e=30;  
* scat t er  gxc* gyc=est i mat e /  gr i d;   
      l abel  gyc      = ' Y'   
            gxc      = ' X'   
            est i mat e = ' l _Act i v i t y '   
            ;   
   r un;   
 gopt i ons ht i t l e=2 ht ext =2;  
 
f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Act i v i t y) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
 pr oc gcont our  dat a=est ;  
   t i t l e  ' Kr i gi ng Pl ot  of  l og( Act i v i t y) ' ;  
   pl ot  gyc* gxc=est i mat e /  pat t er n 
                       aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1;  
r un;  
qui t ;  
*  pl ot  t he st andar d er r or s;  
   pr oc g3d dat a=est ;   
      t i t l e ' Sur f ace Pl ot  of  St andar d Er r or s of  Kr i gi ng Est i mat es' ;   
      scat t er  gxc* gyc=st der r  /  gr i d;   
      l abel  gyc    = ' Y'   
            gxc    = ' X'   
            st der r  = ' St d Er r or '   
            ;   
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   r un;  

 

3. Comparing predicted difference between hierarchical model and krige model 

*  SAS Code f or  compar i ng pr edi ct ed di f f er ence bet ween hi er ar chi cal  model  and kr i ge model ;  
 
dat a ar r ay123;  
 i nput  Sampl e$ r epl i cat e$ Ar r ay Sub Subsub Rep X Y Z Act i v i t y Tot al Pb Tot al Cr  
Pot ent i al ;  
 car ds;  
… 
;  
r un;  
 
*  t ake l og;  
dat a ar r ay123;  
  set  ar r ay123;  
  l _Pb=l og( Tot al Pb) ;  
  l _Cr =l og( Tot al Cr ) ;  
  l _Act i v i t y=l og( Act i v i t y+620) ;  
r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Tr ansf or m t he xy coor di nat es t o ar r ay- sub- subsub coor di nat es;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
* * * * * * * * * * * Assi gn Ar r ay # * * * * * * * ;  
%macr o ar r ay;  
dat a t r an;  
 set  kr i gest ;  
 i f  gxc < - 25 t hen ar r ay=1;  
 el se i f  gxc > 25 t hen ar r ay=3;  
 el se ar r ay=2;  
 r un;  
 
 pr oc pr i nt  dat a=t r an;  
 r un;  
%mend;  
 
* * * * * * * * * * * Assi gn Sub # * * * * * * * * * ;  
*  Al gor i t hm:   
*  1.  t r ansf or m t he or i gi nal  car di nal  coor di nat es i n kr i g model  t o t he car di nal  
coor di nat es usi ng t he cent er  of  each  
*     hexagon as t he or i gi n.  
*  2.  t r ansf or m t he new car di nal  coor di nat es ( x, y)  t o t he hexagonal  coor di nat es.  
*  3.  r epeat  1 & 2 f or  each ar r ay;  
 
 
%macr o sub;  
 
%do l  = 1 %t o 3;  *  f r om ar r ay 1 t o ar r ay 3;  
  dat a t r an&l ;  
  set  t r an;  
  i f  ar r ay ne &l  t hen del et e;  
  s0=0; s1=1; s2=2; s3=3; s4=4; s5=5; s6=6; *  # of  t he subar r ay;  
  dx0=0; dx1=( - 1) ; dx2=( - 1) ; dx3=0; dx4=1; dx5=1; dx6=0; *  t he uni t  of f set s f r om t he cent er  of  
subar r ay t o ( 0, 0) coor di nat es on x;  
  dy0=0; dy1=( - 1) ; dy2=1; dy3=2; dy4=1; dy5=( - 1) ; dy6=( - 2) ; *  t he uni t  of f set s f r om t he cent er  
of  subar r ay t o ( 0, 0) coor di nat es on y;  
                                                      
  x1=12;  y1=6. 93;  *  t he magni t ude on t he uni t  of f set s;  
  %do m = 0 %t o 6;  
      i f  ABS( gxc + 50 *  ( 2 -  &l )  + x1 *  dx&m -  ( gyc + y1 *  dy&m)  /  1. 732)  <= 8  
           and ABS( gxc + 50 *  ( 2 -  &l )  + x1 *  dx&m + ( gyc + y1 *  dy&m)  /  1. 732)  <= 8  
            and ABS( ( gyc + y1 *  dy&m)  /  0. 866)  <= 8 t hen sub = s&m;    
      * el se sub=7; *  i t  di d not  wor k.  why?;  
  %end;  
   
r un;  
%end;  
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dat a t r ansub;  
 set  t r an1 t r an2 t r an3;  
r un;  
%mend;  
 
* * * * * * * *  assi gn subsub # * * * * * * * * * * * ;   
*  spl i t  t he dat a t o t wo par t s( i n/ out  of  ar r ay boundar y) ;  
%macr o spl i t ;  
Dat a out sub;  
 set  t r ansub;  
 i f  sub ne .  t hen del et e;  
 subsub = . ;  
 keep VARNAME GXC GYC ESTI MATE  STDERR ar r ay sub subsub;  
r un;  
pr oc pr i nt  dat a=out sub;  
r un;  
%mend;  
 
%macr o subsub;  
%do l  = 1 %t o 3;  
  dat a t r ansub&l ;  
   set  t r ansub;  
   i f  ar r ay ne &l  t hen del et e;  
   x1=12;  y1=6. 93;  *  t he magni t ude on t he uni t  of f set s on subar r ay l evel ;  
   x2=4;  y2=2. 309;  *  t he magni t ude on t he uni t  of f set s on subsubar r ay l evel ;  
   %do n = 0 %t o 6;  
       dat a t r ansub&l &n;  *  spl i t  dat a i nt o 3* 6 gr oups by ar r ay and subar r ay;  
        set  t r ansub&l ;  
        i f  sub ne &n t hen del et e;  
        %do m = 0 %t o 6;  
             i f  ABS( gxc+50* ( 2- &l ) +x1* dx&m+x2* dx&m -
( gyc+y1* dy&m+y2* dy&m) / 1. 732) <=2. 666  
                   and ABS( gxc+50* ( 2- &l ) +x1* dx&m+x2* dx&m 
+( gyc+y1* dy&m+y2* dy&m) / 1. 732) <=2. 666  
                    and ABS( ( gyc+y1* dy&m+y2* dy&m) / 0. 866) <=2. 666 t hen 
subsub=s&m;    
     %end;  
    r un;  
 
        
   %end;  
   r un;  
 
%end;  
dat a t r anss1;  
        set  t r ansub10 t r ansub11 t r ansub12 t r ansub13 t r ansub14 t r ansub15 t r ansub16;  
r un;  
dat a t r anss2;  
  set  t r ansub20 t r ansub21 t r ansub22 t r ansub23 t r ansub24 t r ansub25 t r ansub26;  
r un;  
dat a t r anss3;  
  set  t r ansub30 t r ansub31 t r ansub32 t r ansub33 t r ansub34 t r ansub35 t r ansub36;  
r un;  
dat a t r ansubsub;  
 set  t r anss1 t r anss2 t r anss3;  
r un;  
%mend;  
 
%macr o combi net r an;  
dat a t r ansubsub;  
  set  t r ansubsub;  
  keep VARNAME GXC GYC ESTI MATE  STDERR ar r ay sub subsub;  
r un;  
 
pr oc pr i nt  dat a=t r ansubsub;  
r un;  
 
*  combi ne t wo par t s ( i n/ out  of  ar r ay boundar y)  t oget her ;  
dat a t r ansubsub_T;  
  set  t r ansubsub out sub;  
r un;  
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pr oc pr i nt  dat a=t r ansubsub_T;  
r un;  
 
pr oc sor t  dat a=t r ansubsub_T;  
  by ar r ay;  
  r un;  
%mend;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  pr edi ct  t he l og( Pb/ Cr / Act i v i t y)  f or  t r ansf or med dat a on gr i ds;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  cal cul t at e t he di f f er ence bet ween t he pr edi ct i ons i n kr i gi ng model  and t hose i n nest ed 
model ;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
%macr o di f f ;  
 
*  del et e obser ved dat a;  
dat a nest _pr ed;  
   set  r esi ds;  
   i f  gxc=.  t hen del et e;  
   r un;  
 
*  sor t  dat a of  pr edi ct i ons f r om bot h model s i n or der  t o mer ge t hem t oget her ;  
pr oc sor t  dat a=nest _pr ed;  
 by gxc gyc;  
 r un;  
pr oc sor t  dat a=kr i gest ;  
 by gxc gyc;  
 r un;  
pr oc pr i nt  dat a=nest _pr ed;  
r un;  
pr oc pr i nt  dat a=kr i gest ;  
r un;  
 
*  cal cul at e pr edi ct i on f r om hi er ar chi cal  -  pr edi ct i on f r om kr i gi ng on each gr i d;  
dat a pr eddi f ;  
   mer ge nest _pr ed kr i gest ;  
   nest _kr i g = pr ed -  est i mat e;  
   r un;  
pr oc pr i nt  dat a=pr eddi f ;  
r un;  
t i t l e' Scat t er  pl ot  of  t he di f f er eces bet ween Hi er ar chi cal  and Kr i gi ng model ' ;  
pr oc g3d dat a=pr eddi f ;  
  scat t er  gyc* gxc=nest _kr i g;  
  r un;  
 
%mend;  
 
* * * * * * * * * * * * * * * * * * ;  
*   For  Log( Pb)    * ;  
* * * * * * * * * * * * * * * * * * ;  
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
pr oc kr i ge2d dat a=ar r ay123 out est =kr i gest ;   
      pr ed var =l _Pb r =60;   
      model  nugget =0. 1846 scal e=3. 1625 r ange=25. 0277 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 68 t o 68 by 2 y=- 21 t o 21 by 2;   
   r un;   
pr oc pr i nt  dat a=kr i gest ;  
r un;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Tr ansf or m t he xy coor di nat es t o ar r ay- sub- subsub coor di nat es;  
 
*  Assi gn Ar r ay # ;  
%ar r ay;  
*  Assi gn Sub # ;  
%sub;  
pr oc pr i nt  dat a=t r ansub;  
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r un;  
*  spl i t  t he dat a t o t wo par t s( i n/ out  of  ar r ay boundar y) ;  
%spl i t ;  
*  Assi gn Subsub # ;  
%subsub;  
pr oc pr i nt  dat a=t r ansubsub;  
r un;  
*  combi ne t wo par t s ( i n/ out  of  ar r ay boundar y)  t oget her ;  
%combi net r an;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  pr edi ct  t he l og( Pb)  f or  t r ansf or med dat a on gr i ds;  
 
* seper at e t he dat a by Pb ,  Cr  and Pot ent i al ;  
dat a obs_Pb;  
   set  ar r ay123;  
   * i f  ar r ay gt  3 t hen del et e;  
   gxc= .  ;  gyc= .  ;  
   keep ar r ay sub subsub gxc gyc r ep l _Pb;  
r un;  
Pr oc pr i nt  dat a=obs_Pb;  r un;  
 
*  cal cul at e mean f r om obser ved val ues;  
*  i t  wi l l  be used as t he pr edi ct i on on poi nt s wi t hout  sub or  subsub val ue;  
Pr oc means dat a=obs_Pb;  
  var  l _Pb;  
  out put  out =pbout  mean=m_l ogPb;  
  r un;  
 
pr oc pr i nt  dat a=pbout  ; r un;  
 
*  pr epar e t he i dent i cal  st r uct ur e f or  t r ansf or med dat a;  
 
Dat a new;  
  set  t r ansubsub_T;  
  l _Pb = .  ;  *  set  t he val ue of  r esponse whi ch we want  t o pr edi ct  as mi ssi ng;   
  r ep = 1 ;   *  gl m do not  pr edi ct  new r esponse wi t hout  assi gn r ep( any of  1, 2, 3 has same 
r esul t s ;   
  keep gxc gyc ar r ay sub subsub r ep l _Pb;  
r un;  
pr oc pr i nt  dat a=new;  r un;  
 
*  put  obser ved dat a and t r ansf or med dat a t oget her ;  
dat a al l ;  
 set  obs_Pb new;  
r un;  
pr oc pr i nt  dat a=al l ;  r un;  
 
*  Fi t  a nest ed model  t o l og dat a;  
pr oc gl m dat a=al l ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Pb=Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / TEST;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
pr oc pr i nt  dat a=r esi ds;  
r un;  
dat a r esi ds;  
 set  r esi ds;  
 i f  sub=.  t hen pr ed=5. 768;   *  set  pr edi ct ed val ues on ot her  poi nt s t o est i mat ed 
aver age( 5. 768) ;   
 i f  subsub=.  t hen pr ed=5. 768;  
r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *
* * * * * ;  
*  cal cul t at e t he di f f er ence bet ween t he pr edi ct i ons i n kr i gi ng model  and t hose i n nest ed 
model ;  
 
%di f f ;  
gopt i ons ht i t l e=2 ht ext =2;  
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f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Pb) ( Nest - Kr i g) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
 
t i t l e1' Cont our  pl ot  of  t he di f f er eces bet ween Hi er ar chi cal  and Kr i gi ng model ' ;  
t i t l e2'  f or  l og( Pb) ' ;  
pr oc gcont our  dat a=pr eddi f ;  
  pl ot  gyc* gxc=nest _kr i g/ pat t er n 
        aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1; ;  
 
  r un;  
  qui t ;  
* * * * * * * * * * * * * * * * * * ;  
*   For  Log( Cr )    * ;  
* * * * * * * * * * * * * * * * * * ;  
 
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
pr oc kr i ge2d dat a=ar r ay123 out est =kr i gest ;   
      pr ed var =l _Cr  r =60;   
      model  nugget =0. 1846 scal e=3. 1625 r ange=25. 0277 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 68 t o 68 by 2 y=- 21 t o 21 by 2;   
   r un;   
pr oc pr i nt  dat a=kr i gest ;  
r un;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Tr ansf or m t he xy coor di nat es t o ar r ay- sub- subsub coor di nat es;  
 
*  Assi gn Ar r ay # ;  
%ar r ay;  
*  Assi gn Sub # ;  
%sub;  
pr oc pr i nt  dat a=t r ansub;  
r un;  
*  spl i t  t he dat a t o t wo par t s( i n/ out  of  ar r ay boundar y) ;  
%spl i t ;  
*  Assi gn Subsub # ;  
%subsub;  
pr oc pr i nt  dat a=t r ansubsub;  
r un;  
*  combi ne t wo par t s ( i n/ out  of  ar r ay boundar y)  t oget her ;  
%combi net r an;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  pr edi ct  t he l og( Cr )  f or  t r ansf or med dat a on gr i ds;  
 
* seper at e t he dat a by Pb ,  Cr  and Pot ent i al ;  
dat a obs_Cr ;  
   set  ar r ay123;  
   * i f  ar r ay gt  3 t hen del et e;  
   gxc= .  ;  gyc= .  ;  
   keep ar r ay sub subsub gxc gyc r ep l _Cr ;  
r un;  
Pr oc pr i nt  dat a=obs_Cr ;  r un;  
 
*  cal cul at e mean f r om obser ved val ues;  
*  i t  wi l l  be used as t he pr edi ct i on on poi nt s wi t hout  sub or  subsub val ue;  
Pr oc means dat a=obs_Cr ;  
  var  l _Cr ;  
  out put  out =Cr out  mean=m_l ogCr ;  
  r un;  
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pr oc pr i nt  dat a=Cr out  ; r un;  
 
*  pr epar e t he i dent i cal  st r uct ur e f or  t r ansf or med dat a;  
 
Dat a new;  
  set  t r ansubsub_T;  
  l _Cr  = .  ;  *  set  t he val ue of  r esponse whi ch we want  t o pr edi ct  as mi ssi ng;   
  r ep = 1 ;   *  gl m do not  pr edi ct  new r esponse wi t hout  assi gn r ep( any of  1, 2, 3 has same 
r esul t s ;   
  keep gxc gyc ar r ay sub subsub r ep l _Cr ;  
r un;  
pr oc pr i nt  dat a=new;  r un;  
 
*  put  obser ved dat a and t r ansf or med dat a t oget her ;  
dat a al l ;  
 set  obs_Cr  new;  
r un;  
pr oc pr i nt  dat a=al l ;  r un;  
 
*  Fi t  a nest ed model  t o l og dat a;  
pr oc gl m dat a=al l ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Cr =Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / TEST;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
pr oc pr i nt  dat a=r esi ds;  
r un;  
dat a r esi ds;  
 set  r esi ds;  
 i f  sub=.  t hen pr ed=4. 0794;   *  set  pr edi ct ed val ues on ot her  poi nt s t o est i mat ed 
aver age( 5. 768) ;   
 i f  subsub=.  t hen pr ed=4. 0794;  
r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *
* * * * * ;  
*  cal cul t at e t he di f f er ence bet ween t he pr edi ct i ons i n kr i gi ng model  and t hose i n nest ed 
model ;  
 
%di f f ;  
gopt i ons ht i t l e=2 ht ext =2;  
 
f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Cr ) ( Nest - Kr i g) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
 
t i t l e1' Cont our  pl ot  of  t he di f f er eces bet ween Hi er ar chi cal  and Kr i gi ng model ' ;  
t i t l e2'  f or  l og( Cr ) ' ;  
pr oc gcont our  dat a=pr eddi f ;  
  pl ot  gyc* gxc=nest _kr i g/ pat t er n 
        aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1; ;  
 
  r un;  
  qui t ;  
 
* * * * * * * * * * * * * * * * * * * * * * * * ;  
*   For  Log( Act i v i t y)    * ;  
* * * * * * * * * * * * * * * * * * * * * * * * ;  
 
*  usi ng pr oc kr i g2D t o pr edi ct  t he unobser ved dat a;  
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pr oc kr i ge2d dat a=ar r ay123 out est =kr i gest ;   
      pr ed var =l _Act i v i t y r =60;   
      model  nugget =0. 1846 scal e=3. 1625 r ange=25. 0277 f or m=SPHERI CAL;   
      coor d xc=X yc=Y;   
      gr i d x=- 68 t o 68 by 2 y=- 21 t o 21 by 2;   
   r un;   
pr oc pr i nt  dat a=kr i gest ;  
r un;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  Tr ansf or m t he xy coor di nat es t o ar r ay- sub- subsub coor di nat es;  
 
*  Assi gn Ar r ay # ;  
%ar r ay;  
*  Assi gn Sub # ;  
%sub;  
pr oc pr i nt  dat a=t r ansub;  
r un;  
*  spl i t  t he dat a t o t wo par t s( i n/ out  of  ar r ay boundar y) ;  
%spl i t ;  
*  Assi gn Subsub # ;  
%subsub;  
pr oc pr i nt  dat a=t r ansubsub;  
r un;  
*  combi ne t wo par t s ( i n/ out  of  ar r ay boundar y)  t oget her ;  
%combi net r an;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  pr edi ct  t he l og( Act i v i t y)  f or  t r ansf or med dat a on gr i ds;  
 
* seper at e t he dat a by Pb ,  Cr  and Pot ent i al ;  
dat a obs_Act i v i t y;  
   set  ar r ay123;  
   * i f  ar r ay gt  3 t hen del et e;  
   gxc= .  ;  gyc= .  ;  
   keep ar r ay sub subsub gxc gyc r ep l _Act i v i t y;  
r un;  
Pr oc pr i nt  dat a=obs_Act i v i t y;  r un;  
 
*  cal cul at e mean f r om obser ved val ues;  
*  i t  wi l l  be used as t he pr edi ct i on on poi nt s wi t hout  sub or  subsub val ue;  
Pr oc means dat a=obs_Act i v i t y;  
  var  l _Act i v i t y;  
  out put  out =Act out  mean=m_l ogact ;  
  r un;  
 
pr oc pr i nt  dat a=Act out  ; r un;  
 
*  pr epar e t he i dent i cal  st r uct ur e f or  t r ansf or med dat a;  
 
Dat a new;  
  set  t r ansubsub_T;  
  l _Act i v i t y = .  ;  *  set  t he val ue of  r esponse whi ch we want  t o pr edi ct  as mi ssi ng;   
  r ep = 1 ;   *  gl m do not  pr edi ct  new r esponse wi t hout  assi gn r ep( any of  1, 2, 3 has same 
r esul t s ;   
  keep gxc gyc ar r ay sub subsub r ep l _Act i v i t y;  
r un;  
pr oc pr i nt  dat a=new;  r un;  
 
*  put  obser ved dat a and t r ansf or med dat a t oget her ;  
dat a al l ;  
 set  obs_Act i v i t y new;  
r un;  
pr oc pr i nt  dat a=al l ;  r un;  
 
*  Fi t  a nest ed model  t o l og dat a;  
pr oc gl m dat a=al l ;  
   c l ass Ar r ay Sub Subsub Rep;  
   Model  l _Act i v i t y=Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) ;  
   r andom Ar r ay Sub( Ar r ay)  Subsub( Sub Ar r ay) / TEST;  
   out put  out =r esi ds pr edi ct ed=PRED r esi dual =Z;  
r un;  
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pr oc pr i nt  dat a=r esi ds;  
r un;  
dat a r esi ds;  
 set  r esi ds;  
 i f  sub=.  t hen pr ed=7. 66825;   *  set  pr edi ct ed val ues on ot her  poi nt s t o est i mat ed 
aver age( 5. 768) ;   
 i f  subsub=.  t hen pr ed=7. 66825;  
r un;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *
* * * * * ;  
*  cal cul t at e t he di f f er ence bet ween t he pr edi ct i ons i n kr i gi ng model  and t hose i n nest ed 
model ;  
 
%di f f ;  
gopt i ons ht i t l e=2 ht ext =2;  
 
f oot not e1 ;  
axi s1 l abel  = ( " X" ) ;  
axi s2 l abel  = ( " Y" ) ;  
 
 l egend1 posi t i on=( r i ght  mi ddl e)  
        l abel =( posi t i on=t op ' l og( Act ) ( Nest - Kr i g) ' )  
        val ue=( hei ght =2)  
  SHAPE=BAR( 6, 4)   
        acr oss=1;  
 
t i t l e1' Cont our  pl ot  of  t he di f f er eces bet ween Hi er ar chi cal  and Kr i gi ng model ' ;  
t i t l e2'  f or  l og( Act i v i t y) ' ;  
pr oc gcont our  dat a=pr eddi f ;  
  pl ot  gyc* gxc=nest _kr i g/ pat t er n 
        aut ol abel =( check=none)  
        haxi s=axi s1 
                       vaxi s=axi s2 
                       l egend=l egend1; ;  
 
  r un;  
  qui t ;  

 

4 Logistic regressions for missingness on other variables 

*  f i nd t he r el at i onshi p bet ween mi ssi ngness and ot her  var i abl es;  
 
* i mput  dat a;  
PROC I MPORT OUT= WORK. al l dat a  
            DATAFI LE= " R: \ pr oj ect \ al l  Dat a. xl s"  
            DBMS=EXCEL REPLACE;  
     SHEET=" Al l  Val ues$" ;   
     GETNAMES=YES;  
     MI XED=NO;  
     SCANTEXT=YES;  
     USEDATE=YES;  
     SCANTI ME=YES;  
RUN;  
pr oc pr i nt  dat a=al l dat a;  
r un;  
 
*  Fi t  a l ogi st i c r egr essi on t o censor i ng var i abl e;  
pr oc l ogi st i c dat a=al l dat a;  
 model  Censor i ng=Tot al _Pb Tot al _Cr  Pot ent i al  X Y;  
 r un;  
 
*  del et e Tot al _Pb and Tot al _Cr  because t hey don’ t  have si gni f i cant  ef f ect ;  
pr oc l ogi st i c dat a=al l dat a;  
 model  Censor i ng= X Y Pot ent i al ;  
out put  out =t emp pr ed=phat ;  
wher e ar r ay l e 3;  
r un;  
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*  pl ot  t he mi ssi ng dat a pat t er n wi t h X and Y coor di nat es;  
pr oc gcont our  dat a=t emp;  
 pl ot  Y* X=phat / pat t er n;  
r un;  
pr oc f r eq dat a=al l dat a;  
 t abl e censor i ng* ar r ay/ noper cent  nocol  nor ow;  
r un;  
 
dat a pr ob;  
 set  t emp;  
 keep sampl e phat ;  
 r un;  
 
pr oc pr i nt  dat a=pr ob;  
r un;  

 

5 multiple imputations for missing data using logistic regression methods (overall test 

and individual tests on lead, chromium and activity) 

/ * code f or  mul t i pl e i mput at i on est i mat e t he par amet er s f or  68 bande bi nar y vai abl e wi t h 
mi ssi ng val ues* /  
 
* i mput  dat a;  
PROC I MPORT OUT= WORK. al l dat a  
            DATAFI LE= " R: \ pr oj ect \ al l  Dat a. xl s"  
            DBMS=EXCEL REPLACE;  
     SHEET=" Al l  Val ues$" ;   
     GETNAMES=YES;  
     MI XED=NO;  
     SCANTEXT=YES;  
     USEDATE=YES;  
     SCANTI ME=YES;  
RUN;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  cal cul at e over al l  model  p- val ue f or  H0:  bet a1=bet a2=bet a3=0 wi t hout  t est i ng bet a0;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
%macr o par am;  
dat a par ams;  
r un;  
%do l  = 1 %t o 68;  
     pr oc mi  dat a=al l dat a out =out l og&l  nopr i nt  ni mput e=5;  
 c l ass x&l ;  
 var  Tot al _Pb Tot al _Cr  Pot ent i al  x&l ;   

*  l ogi st i c r egr essi on i mput at i on met hod;  
 monot one l ogi st i c( x&l =Tot al _Pb Tot al _Cr  Pot ent i al ) ;   
     r un;  
 
     pr oc l ogi st i c dat a=out l og&l  out est =c&l  covout  nopr i nt ;  
 model  x&l =Tot al _Pb Tot al _Cr  Pot ent i al ;  
 by _I mput at i on_;  
     r un;  
 
     pr oc mi anal yze dat a=c&l  mul t ;  
  ods out put  Par amet er Est i mat es=par ms&l ;  
  model ef f ect s Tot al _Pb Tot al _Cr  Pot ent i al ;  
     r un;  
     dat a par ams;  
 set  par ams par ms&l ;  
     r un;  
%end;  
%mend;  
%par am;  
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  use FDR cont r ol l i ng t o adj ust  mul t i pl e t est  P val ues;  
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* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
* i mput  dat a;  
PROC I MPORT OUT= WORK. over al l p  
            DATAFI LE= " R: \ pr oj ect \ over al l p. xl s"   
            DBMS=EXCEL REPLACE;  
     SHEET=" sheet 1$" ;   
     GETNAMES=YES;  
     MI XED=NO;  
     SCANTEXT=YES;  
     USEDATE=YES;  
     SCANTI ME=YES;  
RUN;  
pr oc pr i nt  dat a=over al l p;  
r un;  
dat a over al l p;  
   set  over al l p;  
   r aw_p=p;  
r un;  
pr oc sor t  dat a=over al l p;  
 by r aw_p;  
r un;  
*  cal cul at e t he adj ust ed p val ues f or  cont r ol l i ng FDR;  
pr oc mul t t est  pdat a=over al l p f dr  out =over al l t est ;  
r un;  
pr oc pr i nt  dat a=over al l t est ;  
r un;  
dat a par ams;  
r un;  
 
%macr o par am( l ) ;  
 
     pr oc mi  dat a=al l dat a out =out l og&l  nopr i nt  ni mput e=1000;  
 c l ass x&l ;  
 var  Tot al _Pb Tot al _Cr  Pot ent i al  x&l ;  
 monot one l ogi st i c( x&l =Tot al _Pb Tot al _Cr  Pot ent i al ) ;  
     r un;  
 
     pr oc l ogi st i c dat a=out l og&l  out est =c&l  covout  nopr i nt ;  
 model  x&l =Tot al _Pb Tot al _Cr  Pot ent i al ;  
 by _I mput at i on_;  
     r un;  
 
     pr oc mi anal yze dat a=c&l  mul t ;  
  ods out put  Par amet er Est i mat es=par ms&l ;  
  model ef f ect s Tot al _Pb Tot al _Cr  Pot ent i al ;  
     r un;  
     dat a par ams;  
  set  par ams par ms&l ;  
     r un;  
%mend;  
 
*  mul t i pl e i mput at i on t est  f or  each of  t he si gni f i cant  bands  
*  whi ch t he over al l  adj ust ed p val ues l ess t han 0. 05;   
*  ( band #3, 21, 41, 49. 52. 56. 22. 12. 14)  
%par am( 3) ;  
%par am( 21) ;  
%par am( 41) ;  
%par am( 49) ;  
%par am( 52) ;  
%par am( 56) ;  
%par am( 22) ;  
%par am( 12) ;  
%par am( 14) ;  
 
*  add t he band number  t o est i mat or s;  
dat a par ams;  
 set  par ams;  
 do i =1 t o 9;  
     i f  ( _n_- 1)  gt  ( ( i - 1) * 3)  and ( _n_- 1) l e ( i * 3)  t hen i d=i ;  
 end;  
 i f  _n_=1 t hen del et e;  
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     i f  ( i d eq 1)  t hen band=3;  
        i f  ( i d eq 2)  t hen band=21;  
  i f  ( i d eq 3)  t hen band=41;  
        i f  ( i d eq 4)  t hen band=49;  
  i f  ( i d eq 5)  t hen band=52;  
        i f  ( i d eq 6)  t hen band=56;  
  i f  ( i d eq 7)  t hen band=22;  
        i f  ( i d eq 8)  t hen band=12;  
  i f  ( i d eq 9)  t hen band=14;  
 keep par m pr obt  band;  
r un;  
pr oc pr i nt  dat a=par ams;  
r un;  
 
 
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  t est s f or  each of  l ead,  Cr  and act i v i t y;  
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * ;  
*  f or  l ead;  
%macr o est i mat el ead;  
dat a pl ead;  
r un;  
%do l  = 1 %t o 68;  
    pr oc mi  dat a=al l dat a out =out l og&l  nopr i nt  ni mput e=5;  
 c l ass x&l ;  
 var  Tot al _Pb x&l ;  
 monot one l ogi st i c( x&l =Tot al _Pb ) ;  
    r un;  
 
    pr oc l ogi st i c dat a=out l og&l  out est =c&l  covout  nopr i nt ;  
 model  x&l =Tot al _Pb ;  
 by _I mput at i on_;  
    r un;  
 
    pr oc mi anal yze dat a=c&l  mul t ;  
  ods out put  Par amet er Est i mat es=pl ead&l ;  
  model ef f ect s i nt er cept  Tot al _Pb ;  
    r un;  
    dat a pl ead;  
  set  pl ead pl ead&l ;  
    r un;  
%end;  
%mend;  
%est i mat el ead;  
 
*  add t he band number  t o est i mat or s;  
dat a pl ead;  
 set  pl ead;  
       do i =1 t o 68;  
    i f  ( _n_- 1)  gt  ( ( i - 1) * 2)  and ( _n_- 1) l e ( i * 2)  t hen band=i ;  
 end;  
 i f  _n_=1 t hen del et e;  
r un;  
 
pr oc pr i nt  dat a=pl ead;  
r un;  
 
dat a pl ead;  
   set  pl ead;  
   i f  par m eq ' i nt er cept '  t hen del et e;  
   keep band pr obt  est i mat e;  
r un;  
pr oc pr i nt  dat a=pl ead;  
r un;  
dat a pl ead;  
   set  pl ead;  
   r aw_p=pr obt ;  
r un;  
pr oc sor t  dat a=pl ead;  
 by r aw_p;  
r un;  
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pr oc mul t t est  pdat a=pl ead f dr  out =l ead;  
r un;  
pr oc pr i nt  dat a=l ead;  
r un;  
 
*  f or  Cr ;  
%macr o est i mat eCr ;  
dat a pCr ;  
r un;  
%do l  = 1 %t o 68;  
    pr oc mi  dat a=al l dat a out =out l og&l  nopr i nt  ni mput e=5;  
 c l ass x&l ;  
 var  Tot al _Cr  x&l ;  
 monot one l ogi st i c( x&l =Tot al _Cr  ) ;  
    r un;  
    
    pr oc l ogi st i c dat a=out l og&l  out est =c&l  covout  nopr i nt ;  
 model  x&l =Tot al _Cr  ;  
 by _I mput at i on_;  
    r un;  
 
    pr oc mi anal yze dat a=c&l  mul t ;  
  ods out put  Par amet er Est i mat es=pCr &l ;  
  model ef f ect s i nt er cept  Tot al _Cr  ;  
    r un;  
    dat a pCr ;  
 set  pCr  pCr &l ;  
    r un;  
%end;  
%mend;  
%est i mat eCr ;  
*  add t he band number  t o est i mat or s;  
dat a pCr ;  
 set  pCr ;  
 do i =1 t o 68;  
     i f  ( _n_- 1)  gt  ( ( i - 1) * 2)  and ( _n_- 1) l e ( i * 2)  t hen band=i ;  
 end;  
 i f  _n_=1 t hen del et e;  
r un;  
 
pr oc pr i nt  dat a=pCr ;  
r un;  
 
dat a pCr ;  
   set  pCr ;  
   i f  par m eq ' i nt er cept '  t hen del et e;  
   keep band pr obt  est i mat e;    
r un;  
pr oc pr i nt  dat a=pCr ;  
r un;  
 
dat a pCr ;  
   set  pCr ;  
   r aw_p=pr obt ;  
r un;  
 
pr oc sor t  dat a=pCr ;  
 by r aw_p;  
r un;  
 
pr oc mul t t est  pdat a=pCr  f dr  out =Cr ;  
r un;  
pr oc pr i nt  dat a=Cr ;  
r un;  
 
*  f or  Act i v i t y;  
%macr o est i mat eact ;  
dat a pact ;  
r un;  
%do l  = 1 %t o 68;  
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    pr oc mi  dat a=al l dat a out =out l og&l  nopr i nt  ni mput e=5;  
 c l ass x&l ;  
 var  Net _Act i v i t y x&l ;  
 monot one l ogi st i c( x&l  = Net _Act i v i t y ) ;  
    r un;  
 
    pr oc l ogi st i c dat a=out l og&l  out est =c&l  covout  nopr i nt ;  
 model  x&l =Net _Act i v i t y ;  
 by _I mput at i on_;  
    r un;  
 
    pr oc mi anal yze dat a=c&l  mul t ;  
  ods out put  Par amet er Est i mat es=pact &l ;  
  model ef f ect s i nt er cept  Net _Act i v i t y ;  
     r un;  
     dat a pact ;  
 set  pact  pact &l ;  
     r un;  
%end;  
%mend;  
%est i mat eact ;  
*  add t he band number  t o est i mat or s;  
dat a pact ;  
 set  pact ;  
 do i =1 t o 68;  
     i f  ( _n_- 1)  gt  ( ( i - 1) * 2)  and ( _n_- 1) l e ( i * 2)  t hen band=i ;  
 end;  
 i f  _n_=1 t hen del et e;  
r un;  
 
pr oc pr i nt  dat a=pact ;  
r un;  
 
dat a pact ;  
   set  pact ;  
   i f  par m eq ' i nt er cept '  t hen del et e;  
   keep band pr obt  est i mat e;    
r un;  
pr oc pr i nt  dat a=pact ;  
r un;  
 
dat a pact ;  
   set  pact ;  
   r aw_p=pr obt ;  
r un;  
 
pr oc sor t  dat a=pact ;  
 by r aw_p;  
r un;  
 
pr oc mul t t est  pdat a=pact  f dr  out =act i v i t y;  
r un;  
 
Pr oc pr i nt  dat a=act i v i t y;  
r un;  

 


