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Abstract  
 
Mycotoxins are harmful to human and animal health so legislative limits in stored cereals 
must not be exceeded. The spatial distribution of many different mycotoxins in grain silos is 
largely unknown. Spatial analysis is needed for precise management of stored grain to 
minimize waste, prevent rejection of lots and maximize profit. This study re-analyzed 
existing datasets where spatial analysis was hindered by highly-skewed data. Here the normal 
score transform was used. Dataset 1: Cross-variograms and bi-variate local Moran’s I 
analysis showed spatial structure and co-variation in two toxins. Dataset 2: 3D spatial 
analysis showed spatial structure was stronger and concentrations were higher in the outer 
layers of the grain and where moisture collects under the influence of gravity. 
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Introduction 
Precision farming is a production line with many stages. One of the later stages in this line is 
grain storage before it is sold or fed to animals. Mycotoxins are natural toxic secondary 
metabolites produced by fungi in a range of staple crops both pre- and post-harvest. While 
in-field variability in fungal development could be addressed with precise fungicide 
application, cost-effective methods to identify areas with fungal growth in the field still need 
to be developed. This, however, would not solve the problem of mycotoxin production in 
stored grain. As mycotoxins are harmful to human and animal health, strict legislative limits 
for the maximum concentrations in stored cereals exist, which must not be exceeded to avoid 
rejection of the crop. Mycotoxins are usually measured after harvest by collecting one large 
bulked sample composed of several smaller samples taken systematically from the stored 
grain to give an average contamination level. Previous studies (Biselli et al., 2008 and Rivas 
Casado et al. 2009) have used variograms to characterize the spatial variability of mycotoxins 
to inform how this sub-sampling for bulking should be conducted. However, applying the 
principles of precision agriculture to this problem suggests that a better use of systematic 
sampling data from stored crops would be to characterize and improve the understanding of 
the spatial variation of toxins and to identify the most heavily contaminated areas. Heavily 
contaminated grain could then be removed or remedial drying regimes implemented to 
reduce crop contamination, and minimise the risk of the crop being rejected. Effective real 
time monitoring of grain respiration using CO2 sensors placed in an informed way in a grain 
silo could allow early detection of the initiation of spoilage and mycotoxin contamination 



and the identification in 3D of pockets requiring remedial action.  This would meet some key 
precision agriculture goals by minimizing waste and maximizing profits.  
 
This study re-analyzed two existing datasets. The first measured deoxynivalenol (DON) and 
ochratoxin A (OTA), at 100 locations in 2D in a 26-tonne truck of previously stored wheat 
(Biselli et al., 2008). Rivas Casado et al. (2009) found spatial structure in DON but not in 
OTA using variograms. Data for the latter are highly skewed. While there is no explicit 
assumption of normality for computing typical method of moment (MoM) variograms, they 
are based on variances and can be sensitive to a few large outliers or asymmetry in the 
distribution (Webster and Oliver, 2007). Typical methods of dealing with asymmetry in data 
for variogram computation involve transforming the data to logarithms, removing outliers or 
computing normal scores (Webster and Oliver, 2007).  
The Moran’s I, another method of investigating spatial autocorrelation, standardizes data to 
a mean of zero and unit variance and this can be problematic when data are highly skewed. 
However, in using the mean and standard deviation of a local neighbourhood to standardize 
data, the local Moran’s I is less likely to encounter problems with skewed data. The aim in 
re-analyzing this dataset was to determine if dealing with the non-normality in the OTA data 
could reveal spatial structure in the OTA data and spatial association with DON. 
The second dataset measured fumonisin (FB1) and (FB2) contamination of maize in 3D 
(Rivas Casado et al., 2010). The initial study found no spatial structure in the data, which 
were skewed and variograms for individual layers were based on only 50 data points. Webster 
and Oliver (2007) recommend at least 100 data points to compute reliable MoM variograms. 
The aim here was to re-analyze this data set to determine if dealing with the skewed data 
could reveal any spatial structure and if the Moran’s I analysis could detect this, in individual 
layers, as it may not need as many data points as MoM variogram computation. 
 
Materials and Methods 
Data collection 
Dataset 1: A 2.5m×10m truck containing wheat was sampled in the horizontal plane at a 
spacing of 0.5m producing a grid of 100 points (Biselli et al., 2008). A five-aperture probe 
sampler was vertically inserted into the grain at each grid point to take a single incremental 
sample containing grain from five depths. Each sample was mixed and subsampled before 
the DON and OTA concentrations (µg kg-1) were measured. Full details of the lab procedures 
used are given in Biselli et al. (2008). As concentrations were averaged with depth, there was 
no insight into how DON or OTA changed with depth.  
Dataset 2: Data were collected from a bed of maize in a large grain store with an exposed 
surface area of ~ 3800 m2 and a height of ~10 m. The samples were taken in three planar 
layers inclined at 45°, parallel to the open face of the bed, providing a three-dimensional grid 
of points (Rivas Casado et al., 2010). There were 50 points in each layer on a 10 by 5 point 
grid with a 0.5m spacing. There was also a spacing of 0.5m between each of the layers (Figure 
1a). Grain samples were taken using a probe with a conical chamber at the tip that could be 
opened and closed using a lever at the end of the shaft (Figure 1b), collecting about 200 g of 
grain. A 0.5m square metal frame was placed on the grain face to locate the sampling points 
where the probe would be inserted. Samples from the three different layers were taken at 
each point before moving the frame to minimize disturbance of the grain (Rivas Casado et 



al., 2010), nevertheless there may be some inaccuracies resulting from mixing of the grain 
between layers during probe insertion 
The FB1 and FB2 contents in maize were analyzed by the following method, full details of 
which are given in Rivas Casado et al. (2010). Samples were ground, passed through a 1 mm 
sieve and homogenized. A solution of acetonitrile:methanol:water (25:25:50, v/v/v) was used 
to extract fumonisins with a grain to solution ratio of 1:5. Following further sample 
preparation concentrations of FB1 and FB2 (µg kg-1) were determined by liquid 
chromatography–mass spectrometry, (Thermo-Fisher Scientific, San Jose, CA, USA). 
 
Data analysis 
The OTA (Dataset 1) and FB1 and FB2 data (Dataset 2) were transformed to normal scores 
(NST). Normal score ties were broken using the local mean of the eight nearest neighbors. 
Omni-directional MOM variograms in two dimensions with a lag separation of 0.5 m were 
computed and modelled for Dataset 1 and each layer of Dataset 2 using SpaceStat (Jacquez 
et al., 2014). Residual maximum likelihood (REML) variograms were also computed for 
each layer of Dataset 2 using GeoR (Ribeiro et al., 2001). A 2D cross-variogram with a 0.5m 
lag was computed between DON and OTA NST using SGems (Remy et al., 2009). Omni-
directional variograms in 3D with a lag separation of 0.5m were computed for FB1 and FB2 
in SGems (Remy et al., 2009).  
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Figure 1. (a) Sampling scheme and (b) sampling probe 
 
Univariate global and local Moran’s I analysis (Anselin, 1995) was done using SpaceStat for 
DON and OTA from Dataset 1 and for FB1 and FB2 in individual layers for Dataset 2. The 
global statistic determines if there is significant clustering of similar or dissimilar values 
indicating positive or negative spatial autocorrelation, respectively, compared to a random 
distribution. The local Moran’s I statistic computes the statistic for a moving window to 
determine if a given observation is similar or different to the mean of neighbouring values 
(here within 1 m). Maps were produced to determine whether points were part of significant 
(p=0.05) clusters of low (LL- low values surrounded by low values) or high (HH – high 



values surrounded by high values) values, were significant spatial outliers (LH – low values 
surrounded by high values or HL – high values surrounded by low values) or were not 
significantly (NS) different from a random distribution. Monte Carlo simulation was used to 
determine the p-value of the local Moran’s I statistic for each observation. The number of 
tests was large and the risk of false positives was increased, so the Simes correction (Jacquez 
et al. 2014) for multiple testing was used. Bivariate global and local Moran’s I analysis 
between DON and OTA NST and between different layers for FB1 and FB2 in Dataset 2 
indicates if clusters in the two variables or layers are collocated by using the standardized 
values of the second variable as the neighbours for each point in the first variable. This means 
that HH and LL clusters are significant clusters with high or low values, respectively of both 
variables or in both layers. Any HL or LH clusters indicate significant clusters of high values 
in the first variable and low values in the second variable, or the reverse, respectively. Finally, 
3D local Moran’s analysis of FB1 and FB2 was performed following the approach of Kerry 
et al. (2017). 
 
Results and Discussion 
Dataset 1: Figure 2 shows the histograms for DON and OTA. DON had a relatively normal 
distribution with an elevated skew caused by a large outlier and slight asymmetry (Figure 
2a). DON had a large range of values of up to ~3000 µg kg-1 and there were no points with 0 
µg kg-1. In contrast, OTA (Figure 2b) showed a highly skewed distribution, approximating a 
Poisson distribution, with a large number of points with 0 µg kg-1 and the highest 
concentration being ~8 µg kg-1.  
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Figure 2. Histograms of (a) DON, (b) OTA and variograms of (c) OTA and (d) OTA NST 



Table 1 shows the variogram parameters for DON and OTA. The raw DON values showed 
good spatial structure with a variogram range of 4 m and nugget:sill ratio of about 13%. The 
variogram for OTA (Figure 2c) however, had a similar range but a large nugget effect 
showing a large proportion of spatially random variation. However, the variogram of OTA 
NST (Figure 2d) had a nugget:sill ratio of 30% and the range decreased to 1m. Rivas Casado 
et al. (2009) suggested that there was no spatial structure in OTA but these findings show 
more spatially random variation in OTA than DON and smaller areas with similar values. 
The global Moran’s I values (Table 1) backup these findings. Raw DON values showed 
strong (0.468) positive and significant (p=0.001) spatial autocorrelation whereas raw OTA 
values showed negative spatial autocorrelation that was not significant (p=0.494). The OTA 
NST data showed moderate positive and significant spatial clustering (p=0.001). 
 
Table 1. Univariate and bi-variate global Moran’s I values and variogram and cross-
variogram parameters for DON and OTA  

Variable(s) Global 
Moran’s I 

p value Model Nugget:sill 
ratio (%) 

Variogram 
range (m) 

DON  0.468 0.001 Spherical 13 4.00 
OTA -0.012 0.494 Spherical 62 3.57 
OTA NST  0.124 0.001 Spherical 30 1.00 
DON and OTA NST  0.157 0.001 Gaussian 0 3.00 

 
Figure 3a and c show the spatial patterns of the raw values of DON and OTA. These show 
most spatial variation occurring along the long axis of the truck which is consistent with the 
method of loading the truck. Indeed, examination of directional variograms (not shown) for 
the long and short axis of the truck showed spatial structure for the long axis with parameters 
almost identical to the omni-directional variogram and predominantly random variation 
across the short axis of the truck. Figure 3b and d show how DON and OTA values are 
clustered in space using the univariate local Moran’s I. These maps backup the findings of 
the variogram and global Moran’s I analysis in that they show larger significant clusters of 
HH and LL points for DON than for OTA. The last row in Table 1 reports the parameters of 
a cross-variogram between DON and OTA NST. This showed spatial structure and co-
variation in the two toxins with patches of similar values with a diameter of ~3m. The 
bivariate global Moran’s I value (Table 1) also showed significant (p=0.001) spatial 
association between DON and OTA NST as did the bivariate local Moran’s I (Figure 3e). 
The areas with significant values showed both positive (HH and LL) and negative spatial 
(HL and LH) association between DON and OTA. Thus, correlation between the two toxins 
is missed by standard correlation coefficients (Spearman’s r<0.1, p>0.05). As DON is usually 
produced in the field and OTA during storage, the spatial analyses suggest that OTA may 
well develop from foci of high DON concentrations and spread out from there, hence, the 
lower values of OTA and smaller clusters and co-location of some OTA clusters with DON 
clusters. This suggests that developing methods to identify DON contaminated grain in the 
field or at harvest, before storage using methods such as hyperspectral imaging is an 
important goal for future research. 
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Figure 3. Maps of DON (a) and OTA (c) distribution and clusters from univariate (b, d) and 
bi-variate (e) local Moran’s I analysis 
 
Dataset 2: The histograms in Figure 4a, b show the distribution of FB1 and FB2. Both showed 
marked asymmetry and FB2 had a larger skew. Variograms (3D) of raw and log transformed 
data were erratic or pure nugget but 3D variograms for NST FB1 and FB2 showed spatial 
structure with areas of similar values of 4 and 3 m diameter, respectively and ~ 50% spatially 
random variation (Table 2 and Figure 4c). The effect of skew on data can be more pronounced 
when datasets are small, so it is not surprising that the MoM variograms for the individual 
layers were predominantly erratic or pure nugget. Nevertheless, the REML variograms for 
layer 1 (FB1 and FB2) and layer 2 (FB1) showed some spatial structure as did the MoM 
variograms for layer 3 (FB1 and FB2) (Table 2). These variograms showed a decreasing range 
with depth of layer from the exposed grain face (see Figure 1a) for FB1 and for FB2 a similar 
pattern was apparent but there was no spatial structure in layer 2 and the patches of FB2 were 
smaller than those of FB1 in both layers 1 and 3. This suggests larger patches of both toxins 
in the outer layers of the stored grain that are more exposed to the air and smaller patches or 
random variation in the microaerophilic conditions closer to the wall of the silo. 
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Figure 4. Histograms (a-b) and 3D variograms (c) of Mycotoxins FB1 and FB2 
 
Table 2. Univariate and bivariate global Moran’s I for NST FB1 and FB2 within and 
between layers and parameters of 2D and 3D variograms for single layers and whole data.  

Variable(s) Global 
Moran’s I 

p value Model Nugget:sill 
ratio (%) 

Variogram 
range (m) 

FB1 (layer 1) 0.029 0.158 Gaussian 50 3.86 
FB1 (layer 2) -0.021 0.500 Spherical 67 2.78 
FB1 (layer 3) 0.047 0.054 Spherical 52 1.02 
FB2 (layer 1) -0.060 0.170 Spherical 67 1.98 
FB2 (layer 2) -0.009 0.400 --- --- --- 
FB2 (layer 3) 0.019 0.164 Spherical 48 0.98 
FB1 layers 1 and 2 0.069 0.115 --- --- --- 
FB1 layers 2 and 3 0.119 0.003 --- --- --- 
FB1 layers 1 and 3 0.022 0.326 --- --- --- 
FB2 layers 1 and 2 0.035 0.204 --- --- --- 
FB2 layers 2 and 3 0.111 0.016 --- --- --- 
FB2 layers 1 and 3 -0.003 0.499 --- --- --- 
FB1 all layers (3D)  0.048 --- Exponential 50 4.00 
FB2 all layers (3D)  0.068 --- Exponential 48 3.00 

Bold values are significant at p=0.05, Italics show REML variogram parameters, --- missing/not valid 
 
Global Moran’s I (Table 2) and variogram analysis suggest that there was a lot of spatially 
random variation and when there was spatial structure, it was closest to significant in layers 
1 and 3. Although the p values for none of the layers were significant (p=0.05). The bivariate 
Moran’s I values between layers showed that there was more spatial association between 
layers 2 and 3 for both toxins and this is significant; p=0.003 and p=0.016 for FB1 and FB2, 
respectively. Correlations between FB1 and FB2 for each layer and all layers together were 
strong r>0.9 and 3D local Moran’s I maps showed (not shown) that HH clusters were located 
in rows 4 and 5 of layers 1 and 2 (Figure 1a) and LL clusters were located in rows 1 and 2 of 
layers 1-3. The spatial analysis showed that FB1 and FB2 behave and are located similarly 
but the shorter variogram ranges for FB2 suggest that it might develop from points of FB1 



contamination. The distribution of HH and LL clusters within the stored grain suggested that 
moisture gathers under the influence of gravity towards the base of the stored grain and that 
toxins develop most in the outer layers at the base of the grain pile where oxygen and 
moisture supply are greatest. This suggests that these areas have a high contamination risk 
and should be monitored. Contaminated grain could then be discarded to ensure that values 
in the bulked samples that are taken before sale are below critical thresholds. 
 
Conclusions 
Variogram and Moran’s I analysis of existing data using the NST to deal with highly skewed 
data allowed detailed spatial analysis that revealed some key findings. 
Dataset 1: Variogram and Moran’s I analysis detected some spatial structure for OTA but 
with smaller clusters than DON. Structure was also found in cross-variograms and bi-variate 
local Moran’s I analyses indicating co-location of DON and OTA clusters. As DON usually 
develops in the field and OTA during storage, OTA may be developing from foci of high 
DON concentrations.  
Dataset 2: Variograms and Moran’s I analysis for individual layers and in 3D showed larger 
clusters and stronger spatial autocorrelation in the outer grain layers and HH clusters at the 
base and LL clusters at the top of the stored grain. This is consistent with humidity diffusing 
through the grain over time under the influence of gravity and FB1 and FB2 tending to develop 
in moister, more oxygen rich locations at the base and in the outer layers of the stored grain.  
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