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How do we best manage inbound (from supplier) non-GMO corn 
purity levels to best meet labeling requirements of non-GMO 
product? 
 

1) Background and Motivation (why is this question hard and why does it even matter?) 
Why matter 
a) GMO product market pull and relatively small size of market reflecting reality that mills often 

run both 
i) Market pull for non-GMO and expectations that this will increase over time, and also reality 

of size of market vs. non GMO and how this influences (1) mills run both and (2) non GMO is 
a small fraction of what’s grown 

Non-GMO markets are growing at a rapid pace as more consumers pay attention to what 

they are eating.  A number of studies have recently been released, showing a growing trend in 

preference for non-GMO foods. Consumer Reports did a study in 2014 claiming over 70% of 

Americans do not want GMOs in their food, with over 40% actively looking for non-GMO 

labeling, and 92% of Americans wanting GMO usage labeled on food items (Rock, 2014) Just 

two years later in 2016, Nielsen released a survey saying that 54% of Americans are actively 

trying to avoid consuming GMO products (Nielsen, 2016).  The Global Non-GMO Foods 

Market New Research Report from 2017 forecasted a growth of non-GMO foods of 16.23% 

from 2017-2021 (Reportlinker, 2017).  

The increase in non-GMO product demand is requiring food manufacturing companies to 

change their processes and suppliers in order to make these products however, separating non-

GMO grain has proven to be difficult. In 2018, over 90% of corn grown in the United States was 

GMO (USDA ERS, 2018), and often the supply chain, including harvesting, transport, and 
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processing, for both non-GMO and GMO products are the same, leading to GMO contamination 

of this raw material. Contamination of non-GMO corn with GMO strands can come from a 

multitude of sources, including impure seeds, cross pollination with GMO crops, and 

contamination along the supply chain including storage bins, trucks, and processing systems 

(Devos et al., 2009). Because of the potential for GMO contamination for non-GMO products, 

companies which process non-GMO products as well as GMO products have quality systems in 

place to be below a certain threshold of contamination, set by a 3rd party labeling company, and 

look for ways to minimize the risk of running products that are out of this specification.  

 

Hard 

b) Overview of front-end grain processing (i.e., blending) – analogies with any other 
existing blending 

Grain processors many times get lots which are out of specification for a particular quality 

attribute, such as protein or moisture, and other lots which exceed that particular requirement. 

These lots which are out of specification are usually bought for a lower price and then can be 

blended with the higher quality, more expensive lots, to still achieve the needed specification. 

Many companies elect to segregate the incoming raw materials based on these specific properties 

and then the product is blended upon exit to transportation or processing to obtain the optimal 

attribute for the final product. Linear programming and optimization methods have been used to 

analyze grain systems and to determine if blending would lower the production costs. This 

permits for companies to utilize as much material as possible, and sometimes buy lower quality 

and still fit within the needed parameters (Thakur, Wang, & Hurburgh, 2009).   

Thakur et al. (2009) demonstrated blending a grain system, not only to meet customer 

specifications, but also reduce the number of bins used for traceability reasons. The fewer bins 
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utilized minimizes food safety risks in case of a recall or other quality issue. They elected to use 

a multi-objective mixed integer programing model, using minimization of bins and minimization 

of customer discounts (given if specifications are not met) as their objectives. The model gave 

the elevator a set of blending options,  

Though Thakur et al. provided a basis for grain blending, the systems studied were static, 

with all grain being present before processing. There is currently no work being done on quality 

attributes of a continuous process which receives grain during ongoing production. Modeling lots 

going into a system as they are being pulled out to be put into the process provides a unique 

opportunity to test not only how quality parameters change as new corn is introduced into the 

system, but then also allow for a sorting and blending proposal to further improve confidence in 

the final product’s quality.  

c) Other risk-related papers on grain (or similar industrial) processing – this is where you 

show that other work (from this journal and related) has been done, but also clarify 

what’s new and different in our work 

d) Prior work on uncertainty in grain lots (Johnson paper) and what specific gaps it leaves 

that we are filling 

Johnson (2005) analyzed grain blending under the assumption that measured quality 

attributes and then assessed the overall quality of grain out of the system after sorting and 

blending. The paper then developed an optimization model which incorporates the uncertainty of 

quality at an overall level and how this would affect blending decisions. In this particular 

scenario, the goal was to obtain a certain level of protein, as certain protein will give either 

premiums or discounts. The uncertainty comes from not only the initial testing of the grain going 

into the system, but also how does blending both within the bin as well as on output (using more 
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than 1 bin with certain quality attributes) influence the final quality. The process involved 

drawing six samples from a mixed normal distribution from the region they were testing. The 

samples were then split into a high protein group and low protein group, with 3 samples in each.  

This was repeated 100 times to represent the expected returns on blending given the distribution 

of protein within the available lots. This was compared to a simulation where the lots were not 

split and just pulled from randomly. In all cases, sorting the grain before entering the system 

increased profits.   

e) Uncertainties in front-end testing (related to speed!), and interest in knowing what might 
be coming out 

Testing for GMO contamination can be done with a few different methods, doing either a 

genetic analysis (DNA analysis) or an immunological analysis (protein analysis). The genetic 

analysis is done using a Polymerase Chain Reaction (PCR) test, which looks specifically for 

foreign DNA in the plant’s genome. This test must be done in a laboratory and is highly sensitive 

and specific. There are 2 types of immunological analyses; a strip test which can be done in the 

field and is less accurate, and an Enzyme-Linked Immunosorbent Assay (ELISA) test, which is 

also done in a laboratory and provides greater certainty than the strip test ((“GMO Testing 

Options ” 2019).  

Due to time restrictions as well as ease of the test, processing plants, including COMPANY 

X, usually chose to utilize strip tests during receiving of grain, sending for a more accurate PCR 

test after processing is complete. Issues arise with requiring the use of the strip test before 

sending the sample off for a PCR test; the limit of detection for the strip tests is 0.1-1% per DNA 

type being tested.  

A study done in the European Union, part of the Kernel Lot Distribution Assessment 

(KeLDA) analyzed strip tests verses PCR for a single type of GMO, specifically Monsanto’s 
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Roundup Ready soybean. The study took 1,500 samples from 15 different lots with a range of 

GMO contamination and tested for contamination using both the strip and the PCR tests, testing 

if the contamination within the sample was above a certain percentage. The study showed good 

results for the strip tests; 1,374 out of the 1,500 samples analyzed (or 91.6%) came back with the 

same result, with false positive and false negative results only happening with 5% of the samples 

(Mazzara et al., 2013). 

While the test done by KeLDA is promising, maize is more difficult to analyze due to the 

number of types of GMO able to be present. The KeLDA test only looked at one type of GMO 

contaminate present in soybeans, while, for example, COMPANY X has to account for nine 

different potential contaminants which could be found in corn. Each of these nine contaminants 

has limits of detection to be accounted for in the testing methods, and the total percent GMO 

contamination is the sum of the nine different tests. Due to this, understanding the distribution of 

the tested lots compared to the actual contamination present per the limit of detection of each 

type of GMO is necessary for understanding the risk of using the strip tests.   

 
2) Non-GMO Receiving Process at COMPANY X 

One particular company, COMPANY X, has a plant which normally runs GMO products, but 

in addition, the plant processes six 11-day runs of non-GMO corn, which is ran on their GMO 

production lines. Each run takes in approximately 1,400 lots (1000 bu/lot), with a sub-sample 

from each lot being tested at entry into the plant for contamination. Lots are accepted or rejected 

based upon a contamination acceptance threshold set by the plant management, and producers 

are paid based on premiums for how ‘pure’ their product is. Lots are then put into bin storage, 

blending with other lots until the mill can pull them to processing. After processing, the product 

is shipped to distributers, with samples being sent offsite for further GMO contamination testing. 
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If the tests come back higher with higher GMO contamination than the requirement, the 

company is forced to either recall the product if it has already been distributed, or sell the 

product as GMO, which is sold for a much lower price.  

To ensure limited cross contamination from running this product on their normal GMO 

processing system, the non-GMO corn is segregated into clean bins and the processing system is 

cleaned out thoroughly before the non-GMO corn is allowed into the system. Non-GMO lots 

come in to the processing facility and are tested for GMO contamination before going into the 

bin storage system. GMO contamination comes from a multitude of places, including impure 

seeds, cross pollination with GMO crops, and contamination along the supply chain including 

storage bins, trucks, and processing systems. When running non-GMO production runs, the 

collaborating entity has a contamination upper limit of 0.9% GMO, which is consistent with 3rd 

party labeling company Non-GMO Project standards.   

With the potential for GMO contamination being ever present, figuring out what to do 

with corn which is tested at input above the 0.9% threshold can become an issue. One method is 

to blend purer corn with higher contaminated corn, averaging out to the desired quality. If this 

method is chosen, the processing plant must ensure that the corn coming out of the milling 

process has been blended enough to reach below 0.9% contamination.  Non-GMO corn comes 

into the bin storage system in lots, which is then stored in bins, or sometimes is transferred 

between bins depending on storage capability, and then the mill pulls the non-GMO corn from 

multiple bins during processing to meet throughput requirements. Currently, the plant assumes 

perfect blending throughout their entire system, which is to say that the plant keeps an overall 

average contamination for the entire run, and tries to keep well below the 0.9% contamination 
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upper limit. While the rationale behind this decision is for simplicity for the operators, there are 

risks while running this way: 

• If perfect blending is not achieved, there could be a section of higher 

contaminated corn which is not blended perfectly, meaning the output product is 

higher than the requirement 

• The plant has to keep the overall average well below 0.9% contamination, 

meaning if we could confidently say that the higher contaminated corn is blended 

with the lower, we may be able to increase the overall contamination average, 

accepting lower quality corn at a lower price 

• There is currently no analysis done on the confidence of the strip tests, and tests 

coming back below the limit of detection could have GMO contamination, which 

would show up in a PCR test. 

 

Due to these risks and historical data, the plant accepts lots below a certain ‘acceptance 

threshold’, usually between 2.0-2.5%. While this greatly reduces the risk of running into a patch 

of highly contaminated corn, the plant is rejecting lots which could be ran if blended at the right 

proportions with lower contaminated corn.  This paper models their current system without 

segregation by contamination, then proposes constraints for segregation, followed by analyzing 

the acceptance threshold to accept lower quality lots, and finishes by creating a Monte Carlo 

simulation to assess whether the limit of detection corresponds with ________________. 

While this exact process is unique to COMPANY X, the methods developed for this research 

can be used in other grain processing plants to create confidence in their non-GMO processing 

systems. Being able to use higher contaminated corn can lead to lower costs per unit of 
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production, as well as utilization of corn that may not have been pure enough by with no 

blending. The methods used here can also be utilized for other quality metrics of grain 

processing systems.   

3) Methods and Data 
a) Models 

i) Description of original model for baseline – i.e., mass balance approach, full mixing 

The first step required analysis and simulation of COMPANY X’s current model, which 

would allow us to check how the company was currently managing inbound non-GMO lots and 

then compare these simulation results to the  proposed changes of the system. We define good 

management of the system  as  output contamination percentages that confidently meet the 

labeling requirements set by the NonGMO project- less than 0.9% GMO contamination. 

The production runs for this product are continuous, with lots coming in and out of the 

system during the entire duration and the contamination average changing as lots were accepted 

and then processed. To analyze their current system, we first created a discrete time model using 

lot-by-lot contamination levels as an input. Each lot is assumed to have equal size – an 

assumption well supported by delivery truck capacity. The model uses simple mass-balance 

mixing approaches to track contamination levels inside the bin system and the output of the 

model is a string of contamination percentages corresponding to batches shipped out to 

downstream parts of the plant. 

For purposes of this paper, acceptance threshold is the highest percent contamination 

allowed into the storage system to be blended with the corn already present. Corn entering the 

bin storage system will be called ‘input’. After exiting the bins to be processed, the 

contamination level in the output from the bin storage system must be less than 0.9%.  The term 
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‘output’ is the product going into the mill. Third party labeling cutoff for acceptable GMO 

contamination is 0.9%, which is what this model will be using as its success criteria.   

A discrete time model of the storage system was implemented in MATLAB.  Each 

timestamped lot comes in sequentially, is accepted or rejected, and then enters the bin storage 

system if below the acceptance threshold. While the number of lots coming into the plant is 

different for each run, generally corn is accumulated for one day without being pulled into the 

mill processing system. After this time period, corn is still accepted, but then lots exit the bin 

storage system to the mill processing system at the same rate.  This happens for nine days.  On 

the eleventh day, the system pulls from the remaining corn in the bin storage system without 

receiving new shipments. Each run has approximately 1,400 lots that come in during the 11-day 

period.   

 

Figure XXX Overview of mill, including bin storage system (central), input threshold check (left 
red line), output contamination level (right red line). Light red area represents storage, 
measurement, and decision system which the model simulates 

Figure XXX above shows the process as corn enters the bin storage system. As corn 

arrives at the processing facility, a probe from the testing labextracts a sample  to determine the 
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percent GMO contamination of that lot using an Envirologix quick test. This method yields the 

percent contamination of nine different potential foreign DNA strains by weight. The sum of 

these percentage contamination levels represents the estimated GMO contamination of the lot.  

After the contamination percentage is determined (hereby denoted as cn, with n being the 

sample number), the lot is either accepted or rejected based on the value of cn relative to the 

acceptance threshold value. In this modeling work, the nominal acceptance value of 2.5% was 

used. Accepted corn enters the bin storage system and is comingled with existing stored lots. 

Mixing of the lots happens naturally within the system as corn is transferred from bin to bin, as 

corn moves to the processing system, and when corn is in the processing system. Due to these 

mixing events that are inherent to the bin storage system, the company assumes perfect blending, 

a theory we used in our initial model. The assumption of perfect blending implies that output 

contamination percentages are equal to the mass average contamination of the inflow, per the 

following equation:  

𝐵𝐵𝐵𝐵 =  �
𝐵𝐵𝑛𝑛

𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣
 

(Equation 1) 

Where BC is the overall contamination of the bin storage system, 𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣 is the volume of 

the lots in the system, and 𝑐𝑐𝑏𝑏 is the contamination of each lot in the system. For the first day, the 

mass contamination percentage of the bin storage system is equal to the average of the 

contamination inputs into the bins. In order to normalize the contamination added to the storage 

system, the following set of equations was used:  

𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 +  𝑉𝑉𝑛𝑛 ×  𝐵𝐵𝑛𝑛 

 (Equation 2)  

𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 +  𝑉𝑉𝑛𝑛 
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 (Equation 3)  

𝐵𝐵𝑡𝑡𝑣𝑣𝑡𝑡 =
𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

 (Equation 4)  

Where 𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,curr is the total mass of contaminated grain in the bin storage system, 𝑉𝑉𝑏𝑏 is the 

volume of the input lot, 𝑐𝑐𝑏𝑏 is the contamination of the input lot, and 𝑐𝑐𝑡𝑡𝑣𝑣𝑡𝑡 is the contamination of 

the entire bin storage system, assuming perfect blending.  

Once this accumulation period is completed, the system begins outputs into the 

processing system as well as accepting new input lots into the bin storage system. The output 

contamination entering  the processing system was calculated using the following equations:  

𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝑉𝑉𝑛𝑛 × 𝐵𝐵𝑛𝑛 −  𝐵𝐵𝑡𝑡𝑣𝑣𝑡𝑡 × 𝑉𝑉𝑣𝑣𝑣𝑣𝑡𝑡  

 (Equation 5)   

𝐵𝐵𝑡𝑡𝑣𝑣𝑡𝑡 =
𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑏𝑏𝑏𝑏𝑏𝑏𝑣𝑣𝑣𝑣𝑣𝑣,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

 (Equation 6)   

 

The new 𝑚𝑚𝑡𝑡𝑣𝑣𝑡𝑡 equation accounts for the output to the processing system , with 𝑉𝑉𝑣𝑣𝑣𝑣𝑡𝑡 representing 

the volume of grain going to processing system. In our case, 𝑉𝑉𝑣𝑣𝑣𝑣𝑡𝑡 is the same as 𝑉𝑉𝑏𝑏 as the system 

is at steady state after accumulating for a day. As lots are accepted into the system, the 

contamination value is recalculated, resulting in a new contamination output percentage. This 

output value was collected and analyzed to understand the average contamination entering into 

the processing system over the entire run.   

ii) 3 BSG system, including decision making process 
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Once the model of the current system was established, we simulated what would happen 

if the plant adopted simple blending practices. This would allow an assessment of whether or not 

segregation and blending could result in a better way to manage input contamination levels. In 

the new model, rather than one common bin storage system, the inbound lots were divided into 

bin sub groups (BSGs) based on their estimated contamination levels. To assess the value of 

segregation and blending, we need to determine how many BSGs to use, the contamination 

ranges for each BSG, and the amount of each BSG which will go into the processing system 

during a typical production run.  

Modeling the BSG system was similar to the approach as the simulation created for the 

original system; upon entry into the system, the accepted lots were segregated into BSGs, 

determined by the tested contamination level. The model takes the contamination test data, 

determines if it will be accepted or rejected, and if accepted, will put it in the designated BSG for 

that particular contamination range. The simulation then uses a simple mass balance mixing 

approach to calculate contamination levels inside the each of the BSGs. The output 

contamination going to the processing system is determined using the contamination percentage 

within each BSG at any given time. The model then calculated the mass contamination from 

each BSG used in the final output. This model assumes perfect blending within each BSG.  

Figure XXX below shows the overview of when a lot enters the plant: 
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Figure XX Overview of mill, including bin storage system with bin sub groups 1-i (central), 
input threshold check (left red line), output contamination level (right red line) 

 

BSGi  denotes the individual BSGs ranging from 1 to m, where m is the total number of 

BSGs. The contamination level determined by the quick test is denoted as cn, with n being lot 

tested.  The output contamination levels to the processing system are calculated using the 

following equation: 

 

(Equation 7)  

 Where 𝐵𝐵𝑏𝑏 is the contamination within each BSG from 1 to m, 𝑐𝑐𝑏𝑏,𝑏𝑏 is the contamination of 

the lot coming into each BSG, and 𝑣𝑣𝑏𝑏 is the total volume of each BSG.  

For the first day, the contamination percentage of each BSG is equal to the average 

contamination level entering the BSG. In order to normalize the contamination added to each 

BSG, the following set of equations is used:  



14 
 

𝑚𝑚𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑚𝑚𝑖𝑖,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 + 𝑉𝑉𝑛𝑛 × 𝐵𝐵𝑛𝑛 

(Equation 8) 

𝐵𝐵𝑉𝑉𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐵𝐵𝑉𝑉𝑖𝑖,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 + 𝑉𝑉𝑛𝑛 

 (Equation 9)  

𝑐𝑐𝑖𝑖 =
𝑚𝑚𝑖𝑖

𝐵𝐵𝑉𝑉𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 

 (Equation 10)  

where 𝑚𝑚𝑏𝑏,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the total mass contaminated grain going to BSG i, 𝑚𝑚𝑏𝑏,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 is the total mass 

contaminated grain already in BSG i,  𝑉𝑉𝑏𝑏 is the volume of lot n coming into the BSG, 𝑐𝑐𝑏𝑏 is the 

contamination of the lot entering the BSG, 𝐵𝐵𝑉𝑉𝑏𝑏,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the current volume of BSG i, 𝐵𝐵𝑉𝑉𝑏𝑏,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 is the 

volume of BSG i before the new lot comes in, and 𝑐𝑐𝑏𝑏 is the contamination of each BSG, assuming 

perfect blending.  

Once this accumulation period is completed, the system starts outputting into the 

processing system as well as accepting new lots. The output contamination is calculated using 

the following equations:  

𝑚𝑚𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑚𝑚𝑖𝑖,𝑝𝑝𝑐𝑐𝑝𝑝𝑣𝑣 + 𝑉𝑉𝑛𝑛 × 𝑐𝑐𝑛𝑛 − 𝑐𝑐𝑖𝑖 × 𝑉𝑉𝑛𝑛,𝑣𝑣𝑐𝑐𝑡𝑡 

 (Equation 11)  

𝑐𝑐𝑖𝑖 =
𝑚𝑚𝑖𝑖,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝐵𝐵𝑉𝑉𝑖𝑖
 

 (Equation 12)  

𝑐𝑐𝑣𝑣𝑐𝑐𝑡𝑡 = �𝑃𝑃𝑖𝑖

𝑚𝑚

𝑖𝑖=1

× 𝑐𝑐𝑖𝑖 

(Equation 13)      
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The new equation for 𝑚𝑚𝑏𝑏,𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 accounts for the mass of the output, 𝑐𝑐𝑣𝑣𝑐𝑐𝑡𝑡 is the output contamination, 

with 𝑃𝑃𝑏𝑏 as the percentage of the total volume going into the processing system from each BSG. 

As new lots are accepted into the system, the contamination changes, resulting in a new 

contamination output percentage.  

To determine how many BSGs to utilize for blending purposes, we first had to look at the 

capabilities of the system including how many bins were available to segregate into, how many 

bins were able to be pulled from at once to go into the processing system, and capacity 

constraints of these bins.  While all of these are important, bin number and capacity were not 

constraints for this plant. We decided to focus on how many bins could be pulled from at once to 

go to the mill. The number of bins the mill pulls from is based on the amperage load of the mill.  

When the mill amperage is too low, another bin will open up allowing more corn into the system. 

This will increase the amperage load on the mill and allow maximum throughput. Generally, the 

plant pulls from two to four bins when running their system. This was the range of BSGs we 

wanted to choose from. We also needed to consider reducing risks of operator errors; if corn was 

put into the incorrect bin, the contamination of that BSG would be incorrect and the advantages 

of blending could be lost. The final number of BSGs needed to be enough to still leverage 

blending in the product to the mill, but small enough to avoid operator errors. Due to this, three 

bins was the number of BSGs we decided to model; two is too few, and four allows for increased 

errors. Three allows for the plant to still benefit from blending and keeps management changes 

minimal once the system is properly set up and training was complete. 

Next, the contamination ranges for each BSG had to be determined. To do this, data from 

the provided by COMPANY X was compiled and grouped based on contamination percentage. 

Each group had a range of 0.1%, with everything 2.5% and above being counted together. Two 
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and one-half percent contamination was chosen as the upper limit because that is generally the 

upper acceptance threshold the plant uses. We wanted the opportunity to slowly blend in the 

BSG with higher contamination corn, reducing the risk of running into a ‘hot spot’. Hot spots are 

when the corn is not blended properly and a highly contaminated lot is processed, leading to an 

output product higher than the final quality standard of 0.9% contamination level.  

After determining the contamination ranges for each BSG, how much of each range to 

send to the mill needed to be decided. We did not want the percentages to be too specific as the 

capability of the plant, including the resolution of the outlet valves on the bins, does not allow 

for exact percentage ratios to the mill. The collated data from COMPANY X was used, with each 

BSG sending the percent total grain it represented.   
(1) Change acceptance level 

Once we had the new simulation set up to run with a 2.5% acceptance threshold, we 

wanted to determine if we could change this upper acceptance threshold to accept more lots into 

the system. This would allow for greater utilization of the received corn. Normally, the plant uses 

an acceptance threshold of 2.0%-2.5%, depending on the contamination of lots being received 

for a particular run. If the plant is receiving a higher average contamination lots, they will reduce 

the acceptance threshold to 2.0%, but if they are getting a low average contamination, the 

acceptance threshold is 2.5%. This is primarily done as a safety net to account for potential hot 

spots. However, the proposal of BSGs to be able to slowly blend in the higher contaminated corn 

greatly reduces the likelihood of running into one of these hot spots. We decided to test the 

system by changing the upper threshold and seeing how this would affect the output into the 

mill. We ran the simulation to include upper acceptance thresholds ranging from 2.0%-10.0% in 

0.25% increments. The overall average contamination going to the mill was recorded, as well as 

the number of lots that were rejected upon entry into the plant.   
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b) Data 
i) Simplified data sets for model checking 

COMPANY X provided nine GMO contamination data sets for us to use in our model. 

Each data set represented a separate production run, and contained the GMO contamination 

percentage of 1,100 to 1,700 lots, depending on the run. The data was time-stamped upon entry 

and gave the results from the quick test, which gave estimated contamination percentages for 

nine different potential strands of GMO. These nine percentages were then added together to 

obtain the final overall contamination. Visualizing the cumulated contamination data in a 

histogram (Figure XX) shows that incoming lots are not normally distributed for several reasons, 

including the data’s non-negativity and maximum value (100%) constraints.  

 

 

Figure XX: Lot by percent contamination of all data given by COMPANY X 
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Each data set can be best fit as beta distribution (Upton & Cook, 2014).  Beta 

distributions range from 0-1 (or 0-100 percent contamination in our case), and are non-negative. 

They are defined by parameters alpha and beta, which impact the shape of the distribution. The 

alpha and beta parameters for each of the nine data sets provided by COMPANY X were 

determined using the finddist function in MATLAB  (Mathworks, 2009).   

As sampling testing methods could lead to periodicity in the data, we needed to check for 

correlation. We first visualized the time-stamped contamination data to look for patterns (Figure 

XX below). Visual inspection did not suggest periodicity.  Still, to ensure none, autocorrelation 

analyses were then conducted for each data set via MATLAB’s autocorr and parcorr functions 

(Mathworks, 2006).  The visual results and those from autocorr and parcorr on one set of data 

are presented in Figure XX.  
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Figure XX Contamination profile of lots into the system with normal average contamination 

 

 

Figure XX Autocorrelation and Partial Autocorrelation for an average contamination run 

 

As can be seen above, this particular run does not show signs of partial or full 

autocorrelation. We also looked at the other available data sets for autocorrelation and partial 

autocorrelation, with none showing signs of correlation.  

Table 1 gives the statistical data for each of the data sets provided, including the how many 

lots were received for that run, the number which were above the acceptance threshold and thus 

rejected, as well statistical data for each data set, with means and standard deviations calculated 

with any data above the 2.5% (not accepted into the system) excluded. 
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Table 1 Data sets provided COMPANY X 

Data 
Set  

Total 
lots  

Rejected 
lots  

Average 
Contamination  

Standard 
Deviation  

Alpha 
parameter 

Beta 
parameter 

1 1294 77 0.56 0.93 0.27 39 

2 1108 112 0.71 1.21 0.31 35 

3 1254 309 0.83 0.69 0.46 27 

4 1710 155 0.42 0.58 0.25 39 

5 1468 128 0.46 0.59 0.26 40 

6 1698 69 0.4 0.51 0.27 53 

7 1537 104 0.47 0.57 0.28 43 

8 1460 55 0.38 0.52 0.26 55 

9 1400 68 0.37 0.51 0.25 47 

 

From the above data sets, we chose to analyze a normal contamination average (set 5, hereby 

typical contamination) and the lowest contamination average (set 8, hereby low contamination).    

(1) Variability in quick test (Monte Carlo simulation for individual test) 

Quantifying the uncertainty in modeling results is a critical step in understanding their 

implications and limitations. COMPANY X tests for nine strains of GMO DNA including 

Roundup Ready and YieldGard Rootworm.  Testing is via an Envirologix QuickComb Kit, using 

the manufacturer’s recommended testing methods. The quick test is employed in this production 

setting for reasons of cost and speed relative to PCR testing (which looks specifically for foreign 

DNA in the plant’s genome), but the quick tests are not as accurate.  Sensitivity levels (reported 

as minimum limit of detection, or the smallest percentage which would show up on the test) for 

each of the types of contaminates tested, summarized in the table below (Envirologix, 2015): 
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Protein/Trade Name Sensitivity 

Cry1A (MON810) / YieldGard Corn 

Borer* 

0.8% ~6 kernels in 800 

CP4 EPSPS / Roundup Ready 0.5% 4 kernels in 800 

Cry3Bb / YieldGard Rootworm 0.5% 4 kernels in 800 

Cry1F / Herculex I 0.5% 4 kernels in 800 

PAT/pat / LibertyLink 0.5% 4 kernels in 800 

Cry34 / Herculex RW 0.5% 4 kernels in 800 

mCry3A / Agrisure RW 0.9% ~8 kernels in 800 

Cry2A / in SmartStax (MON89034) 0.9% ~8 kernels in 800 

Vip3A / Viptera 0.25% 2 kernels in 800 

 

To understand how the uncertainties in the raw data implied by the sensitivity limits in Table 

X above, we used a Monte Carlo approach to model the outflow concentrations. A Monte Carlo 

simulation takes each data point, assigns a set distribution, and then pulls a new random data 

point from that distribution. This exercise is done multiple times to assess what the 

contamination value could be in relation to where it has been tested to give quasi confidence 

intervals when not much is known about the actual distribution of the data.  

Specifically, using the 1468-sample typical case as a baseline, we created 750 additional inlet 

data sets assuming three different triangular distribution parameters, with distribution being ran 

250 times. Triangular distributions were used because detailed information on the distribution of 

the test system was lacking. Triangular distributions can be asymmetric and are characterized by 

three parameters, namely: a most probable value, an upper limit, and a lower limit. This 
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asymmetry was particularly useful for assigning a distribution to the “zero” concentration 

observations.  The figures below show sample triangular distributions for data points which 

require symmetrical and asymmetrical distributions. In figure XXXa, the given data point is 

0.2%, lower limit is 0.0% and upper limit is 0.4%.  When running the Monte Carlo simulation, a 

new data point could be chosen anywhere from 0.0% to 0.4% (meaning a span of 0.4), with the 

most likely choice being the actual data point at 0.2%.  

 

Figure XXX below gives an example of an asymmetrical distribution. In this case, the given 

data point of 0.05% could result in a negative contamination with the same 0.4 span. To address 

this, we adjusted the lower and upper limits to still allow for the same span, but with an 

asymmetrical triangular distribution:  
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The Monte Carlo simulation required multiple iterations of the program, each time taking 

the individual data points, assigning them a distribution, and then pulling a random number from 

that distribution to run through the simulation. Treating the baseline data as a vector of length 

1468, with components cb,1, cb,2, … cb,i … cb,1468., we generated cm,1, cm,2, … cm,i … cm,1468 for m 

= 1 to 250. Each cm,j value was selected by first creating a triangular distribution for each cb,i 

value, using MATLAB’s makedist function, putting Triangular as the type of distribution, with 

each individual lot contamination as the mean, and the upper and lower limits being calculated to 

extend the entire span of uncertainty, never going below zero. . We then used the random 

function to pull a value out of that particular distribution.  

For this work, we decided to simulate triangular distributions with contamination spans of 

0.2%, 0.4%, and 0.8%. The span refers to how wide of a distribution is allowed, with the real 

value being the most likely and the limits being the least likely. For example, if a data point has a 

1.2% contamination, a span of 0.2% means that the real contamination could be anywhere from 

1.1% to 1.3%, but most likely would still be close to the 1.2% original contamination test value. 
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The same data point with a 0.8% span could have a returned data point of 0.8% to 1.6%. The 

picture below shows the distributions of each of the given spans for a 1.2% contamination data 

point:   

 

 

We used the typical data set given to us by COMPANY X, running each through this model 

250 times for each 0.2%, 0.4%, and 0.8% spans. We then ran each of the created data sets 

through our original model. The minimum and maximum contamination values going to the mill 

for each triangular distribution span was then found and graphed to understand how confident we 

are in the original model, considering the different triangular distributions. 
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4) Results/Discussion  
a) Impact on to mill contamination in 1 vs 3 BSG systems. Include average, variation, graph 

showing the difference (with acceptance level changes) 

 

The average contamination in the BSS output, using a 2.5% acceptance threshold, is 

illustrated in Figure XXX (below), for the typical input contamination case, and for the low input 

contamination case. The averaging tendency of the BSS is evident: although the raw inputs go as 

high as 2.5%, the BSS output contamination stays below 0.6% for both simulate runs. As 

expected, the headroom between BSS output and the 0.9% threshold is greater for the low-

contamination run, which is also evident in the average BSS output contamination reported in 

Table 3. Table 3 also shows that the variability in BSS output decreased for the low-

contamination run, compared to the typical contamination run. A caveat about these results is 

that the assumption of perfect blending (i.e., spatial homogeneity) is less defensible in a large, 

single-bin system than in the multi-bin mixing system modeled later.   



26 
 

 



27 
 

 Figure 1 Calculated GMO contamination going into the mill with a 2.5% acceptance 
threshold during typical and low contamination runs 

 Table 2 BSS Output contamination statistics for simulation for typical and low 

contamination runs, current system 

Run Average 
Contamination 

% 

Standard 
Deviation 

Max 
Contamination 

% 
Typical 0.45% 0.069% 0.59% 

Low 0.38% 0.031% 0.46% 

   

3 BSG:  

Though the simulation above never went above the 0.9% contamination threshold, there 

are risks as well as lost opportunities with operating under a perfect blending assumption. Hot 

spots of high contaminated corn could run through the system, resulting in product higher than 

the 0.9% contamination threshold, as well as higher contaminated corn may be able to be 

accepted if hot spots were confidently avoided. We decided to run a simulation which split the 

inbound lots into bin sub groups, each with a specific contamination range which would then be 

blended into the final output to go to the mill for processing.  

There is an inherent tension between the benefits of greater numbers of bins, each 

holding a different contamination range, and the costs associated with increased operational 

complexity. We did not conduct an exhaustive modeling effort to try to optimize the cost/benefit 

ratio over a range of BSGs. Instead, based on experience with these systems, and upon the 

distribution of input contaminations illustrated in Figure xxx above, we elected to use a 3 BSG 

system, where one bin was reserved for the sub detection-limit grain, another used for the 0.1% 

to 1.9% contamination grain (which constituted 50% of the average loads in the data set), and the 

third used for the 2.0% to acceptance threshold contamination level grain. Currently, the upper 
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acceptance threshold into the plant is not fixed and changes from 2 to 2.5% contamination, 

depending on what is already in the system. 

How much of each BSG going to the mill under normal conditions had to be established 

next. We decided to keep the percentages imprecise, running simulations based on the overall 

quantity going into each bin with the ranges determined above: 40% from BSG1, 50% from 

BSG2, and 10% from BSG3 into the overall mix going into the mill. The following table 

summarizes the ranges and quantity going to the mill for each bin level:   

Table 3 Summary of bin sub group contamination range and percent of each bin sub group going 
to the mill under normal conditions 

BSG Lower Limit Upper Limit % of total lot 

BSG1 0% None 40% 

BSG2 0.1% 1.9% 50% 

BSG3 2.0% Upper Acceptance 
Threshold 

10% 

 

 

Running the simulation with the selected two sets of data, results in the following 

averages going into the mill:  
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Figure 2 Contamination going into the mill from a 3 bin system for typical and low 
contamination runs 

  

The peaks in both simulations are a result of the BSG3 coming into the system; the lower 

contaminations happen when BSG3 is empty. The following table summarizes the characteristics 

of the simulated runs:   

Table 4 Statistical summary of low and typical runs through the simulation model 

Run Average 
Contamination % 

Standard 
Deviation 

Max 
Contamination % 

Typical  0.452%  0.122%  0.788%  
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Low  0.394%  0.0967%  0.639%  

 

As can be seen above, the potential to accept higher contaminated corn is possible, 

especially if it is slowly entered into the system. We modeled the system with acceptance 

thresholds ranging from 2.25 to 10%, to examine the impact of accepting the lots that are 

normally rejected. We ran the simulation a total of 40 times, changing the acceptance threshold 

in 0.25% increments, starting at 2.25% and going to 10%. During these simulations, the mean 

contamination of the BSS output, as well as the number of rejected lots due to this changing 

threshold were collected. The following graphs show the results for both the low and typical 

contamination runs:  
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Figure 3 Average contamination going to the mill with changing acceptance thresholds for 
typical and low contamination runs 

Raising the acceptance threshold, even to be feeding in 10.0% contamination keeps the 

average going into the mill below the 0.9% contamination requirement. The ability to accept 

higher contaminated corn and slowly bleed it into the system reduces the number of rejected lots, 

giving an outlet for corn historically rejected from the process. The system can also run at a 

cheaper price per lot out as less pure corn is usually bought for a lower price than higher quality 

corn.   

 

 

b) Influence of BDL assumption on likely mill outlet contamination levels. Illustrate with graph of 
outlet contamination vs. time for “typical” run, for one-bin system, and then with the worst case 
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(or 90 percentile) of the Monte Carlo simulation. Discuss, based on mean of triangular 
distribution, how this can be explained. Then explain how this result pertains to the big question 
we’re asking in this paper. 

 

Though all of the simulations above are below the 0.9% contamination threshold, none of 

them take into account testing inaccuracies due to GMO DNA being below the limit of detection. 

To address this, we created triangular distributions for each data point and ran them through a 

Monte Carlo simulation to obtain additional data sets, and then ran those data sets through the 

BSG simulation.  

We then ran these data sets through the proposed three bin sub group system. The 

skewness of the distributions yields fewer ‘below limit of detection’ (or 0.0%) data points and 

the bin sub group ranges were altered to account for this as follows: 

Bin Sub Group Contamination range 

1 0.0%-0.25% 

2 0.26%-2.0% 

3 2.01%-2.5% 

 

The Monte Carlo simulation results of contaminations going into the mill under the 0.2, 

0.4, and 0.8% triangular distributions resulted in an overall increase in the GMO concentrations. 

The original data had 632 (or 43%) test results coming back as below the limit of detection, 

however assigning a triangular distribution yielded higher contaminations, especially at the lower 

contamination values, due to the skewed distribution. Running each of the 250 sets through the 

model, and then obtaining the maximum contamination at any point across these sets resulted in 

the following figure for the 0.2% Triangular Distribution Span: 
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As can be seen, both the minimum and maximum contamination coming out of the 

simulation were above the original. This is due to the asymmetrical distributions which were 

used for the lower contamination data points.  The 0.4% and 0.8% distributions yielded similar 

results, with the maximum contamination going to the mill for each of the distributions being 

graphed verses the original system below: 
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The resulting contaminations going to the mill make sense. The greater the variance in 

what is coming in, the more likely we are to receive test results which are lower than the actual 

contamination of the lot. Although the contamination never went above the required 0.9%, these 

results are still close to the cutoff value, leading to uncertainty of whether perfect blending 

actually occurred within the system.  

We then ran the three BSG simulation with each of the data sets, pulling out the 

maximum contamination going into the mill. We compared these results to the original system, 

as well as the Monte Carlo 1 bin system for the 0.8% distribution span, resulting in the following 

figure: 
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As can be seen, the 3 BSG system using a Monte Carlo Simulation does not yield lower 

overall contaminations going to the mill as seen in the original simulations. In the 0.8% case, the 

average contamination going to the mill for the 3 BSG system is 0.733%, while the 1 bin 

system’s average is 0.657%.  Similarly, for the 0.4% Triangular Distribution span, the average 

contamination going to the mill for the 3 BSG system is 0.645%, while the 1 bin system’s 

average is 0.563%. 
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Even with the higher averages from the 3 BSGs, the 3 BSG system is still recommended. 

Being able to control when the higher contaminated lots are fed into the mill allows for greater 

confidence in the product coming out of the system.  

Compared to the results from actual data (e.g., Figures 3 & 4 above), the simulated BSG 

output contaminations were higher, typically by approximately half the value of the span used 

for the triangular distributions. This is understandable, because the below-detection limit values, 

rather than being zero, are assigned non-zero contamination levels in the model. The results 

suggest that future modeling efforts along these lines could be improved by replacing “zero” 

level input observations with a value of approximately 50% of the detection limit. Furthermore, 

the results show that a Monte Carlo approach provide insight into system behavior outside of the 

contamination values provided by a plant. Future work could involve examining a broader range 

of inlet contamination levels, along with a wider array of BSGs and decision rules, to explore 

lower cost, lower risk methods of plant operation. 

The above graphs also lead to interesting discussion of what is being allowed into the 

system. The Monte Carlo simulation showed a consistent overall increase of approximately half 

of the span used in the triangular distribution: for the 0.2% span, the contamination came back to 

be about 0.1% above what the original model showed, the 0.4% had a contamination around 

0.2% above the original model, etc.   

This work was done without knowing the exact distribution of contamination coming into 

the plant. Triangular distribution was chosen because of the lack of knowledge, but may not 

actually represent the contamination of the lots coming in. Future work could include doing 

direct Quick-Test vs. PCR testing, creating a distribution from the results.  Once the distribution 
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is found, it could be put through the same Monte Carlo simulation, giving a more accurate 

depiction of what is happening as lots are mingled together.  

The work with the 3 BSG systems is based on historical data from the plant. The 

contamination ranges and percent of each BSG going into the mill need to be monitored if GMO 

contamination averages go up or down, depending on each particular run. Blending as described 

by the BSG system gives greater confidence in what is going through the system and is 

recommended to avoid high contamination ‘hot spots’.  

 

5) Future work 
 

6) Conclusion (so what’s the answer for the company; are there larger results) 
a) 3 bin lowers risk of highly contaminated corn going into mill 
b) BDL makes a big difference in overall results 

i) Account for this when choosing acceptance threshold? 
ii) Need to understand distribution of testing 

 

 

Notes for later: The significant reasons for constructing models may be summarized as 
(Williams, 1990): a. Enhancement of the understanding of the scenario being 
modeled is achieved. It is often stated that the actual exercise of constructing a 
model often reveals relationships that are not apparent to many people. b. 
Development of a more complete set of alternatives is accomplished. After building a 
model, it is usually possible to analyze it to find different courses of action that might 
not otherwise be apparent. c. Management of the complexities of a situation is 
possible. Experimentation can be done with a model, whereas it is often not possible 
to experiment with a scenario. 

 

The Non-GMO Project is the fastest growing label of its kind, with over 50,000 Verified 

products representing over $26 billion in annual sales. Products which complete the verification 
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have the opportunity to display the Non-GMO Project “butterfly” label which is easily 

recognized by consumers looking for non-GMO products. Verification involves a specific 

process-oriented standard, utilizing testing methods to ensure products meet expectations set 

forth by the organization. According to the Non-GMO Project Standard “A core goal of the 

Project is to identify, create, and/or maintain sources and practices that effectively minimize 

GMO risk to the supply chain.” 

The standard includes best practices for traceability, cleanout and segregation from GMO 

products, and testing methods. These are set into place to ensure the final product, before 

processing, is below a certain “Action Threshold”, or contamination percentage. For COMPANY 

X, they must achieve a GMO contamination level of 0.9% and below. This number is more 

realistic than a completely GMO free product, as best stated by the Non-GMO Project 

themselves:  

“Unfortunately, “GMO Free” and similar claims are not legally or scientifically 

defensible due to limitations of testing methodology. In addition, the risk of 

contamination to seeds, crops, ingredients and products is too high to reliably claim that a 

product is “GMO Free.” The Project’s claim offers a true statement acknowledging the 

reality of contamination risk, but assuring the shopper that the product in question is in 

compliance with the Project’s rigorous standard. While the Non-GMO Project Verified 

seal is not a “GMO free” claim, it is trustworthy, defensible, transparent, and North 

America’s only independent verification for products made according to best practices 

for GMO avoidance.” 

While companies strive to be as close to GMO free as possible, the reality of inbound lots 

being tested for above the 0.9% threshold is present and can create an issue for farmers when 

https://nongmoproject.org/product-verification/non-gmo-project-standard/
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these lots are rejected due to contaminates normally beyond their control. In order to incentivize 

growers to continue to produce non-GMO products, COMPANY X will accept inbound lots 

which are above the 0.9% threshold, knowing that these lots are mixed throughout their process 

with purer lots. The company does this to be in regulation with the Non-GMO Project standards 

as well as accommodate their growers who are working to ensure their product is worth the 

hassle and expense to grow.  


