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Commercialization of numerous genetically
modified organisms (GMOs) has already been
approved worldwide, and several additional GMOs
are in the approval process. Many countries have
adopted legislation to deal with GMO-related
issues such as food safety, environmental
concerns, and consumers’ right of choice, making
GMO traceability a necessity. The growing extent
of GMO testing makes it important to study optimal
GMO detection and identification strategies. This
paper formally defines the problem of routine
laboratory-level GMO tracking as a cost
optimization problem, thus proposing a shift from
“the same strategy for all samples” to
“sample-centered GMO testing strategies.” An
algorithm (GMOtrack) for finding optimal
two-phase (screening–identification) testing
strategies is proposed. The advantages of cost
optimization with increasing GMO presence on the
market are demonstrated, showing that
optimization approaches to analytic GMO
traceability can result in major cost reductions.
The optimal testing strategies are laboratorydependent, as the costs depend on prior
probabilities of local GMO presence, which are
exemplified on food and feed samples. The
proposed GMOtrack approach, publicly available
under the terms of the General Public License, can
be extended to other domains where complex
testing is involved, such as safety and quality
assurance in the food supply chain.

I

n 2008, after more than a decade of commercialization of
genetically modified (GM) crops, the total accumulated
land areas sown with GM plants have exceeded 800
million hectares. Between 1996 and 2008, a total of 670
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approvals in 55 countries were granted for 144 events for 24
crop species (1). Not only the presence of genetically
modified organisms (GMOs) on the market, but also the
diversity of their taxonomy (taxon host plants) and
biotechnology (genetic constructs) is increasing. More than
40 countries worldwide have adopted legislation dealing with
GM crop-related issues. The goal of these regulations is
primarily to ensure food safety. These policies also ensure the
consumers’ right of choice between GMO and
non-GMO-derived products (2). The coexistence of
conventional, organic, and GM crop production also requires
additional traceability and fulfillment of legal obligations
concerning possible economic implications of GMO
admixture (2, 3). Accurate detection and identification of
GMOs are therefore necessary to ensure control of GMO
traceability. In most GMO detection enforcement
laboratories, the standard testing technology is PCR or its
quantitative derivative, real-time PCR. Different DNA
elements can be targeted by PCR. On the one hand, screening
elements that are found in several different GMOs can be used
to detect the presence of GMOs, and on the other hand,
event-specific targets are used for the identification of
individual GMOs (4). The reference gene system targets can
also be used to determine which host plants are present in the
sample.
Currently used GMO testing strategies in routine GMO
testing laboratories consist of two phases: a screening phase
followed by an identification phase (Figure 1). In the
screening phase, GMO presence is detected by performing a
minimal number of screening assays that cover all GMOs in
question. If GMO presence is indicated, a second phase using
event-specific assays is performed to identify possible GMOs
in the sample. In the screening phase, a minimal number of
most common genetic elements found in GM crops are
used (4), thereby minimizing the screening cost and not the
overall analysis cost. The increasing presence of GMOs on the
market and their growing taxonomic and biotechnological
diversity are rendering the second phase of current GMO
testing strategies unmanageable both in terms of time and
associated testing costs. Consequently, it is necessary either to
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Figure 1. An example testing strategy. The first testing phase includes P-35S assay and T-nos assay. The second
phase, depending on the outcome of the first phase, has between one and seven event-specific assays.

introduce new analytical technologies for high-throughput
GMO diagnostics or to develop new tools to support decision
making in determining cost-effective GMO testing strategies,
including optimized GMO identification.
In this paper, we present a new sample-centered approach
to analytical GMO traceability. We propose that, instead of
using the same testing strategy regardless of the
characteristics of the sample, the testing strategy should be
tuned to the given sample being analyzed in order to minimize
the total analysis cost. To study the benefits of the
sample-centered GMO testing approach, we have (1) gathered
relevant information on GM crops in a database that combines
data from various sources and includes innovative
information on the frequencies of appearance of individual
GMOs; (2) developed and implemented an algorithm called
GMOtrack, which generates testing strategies that use a
combination of screening assays that best trade off the
screening and the expected event-specific costs; and
(3) experimentally evaluated this approach for generating
cost-effective GMO testing strategies.
Methods
GMOtrack: The Formal Background
GMOs can be described with combinations of elements
(promoters, terminators, genes, and other genetic elements)
inserted into the host plant genome. Therefore, it is possible to
use methods specifically targeting these elements in routine
detection to design a smart screening phase before performing
the final identification and quantification of the GMOs. The
GMOtrack approach uses the following assumptions:
The assays’ outcome is either positive or negative, and
their accuracy is satisfactory (there are no false-positive or
ambiguous results); the negative screening assay results
confirm the absence of the GMOs which they are able to
detect; only the use of an appropriate event-specific assay
allows confirmation of the presence of a specific GMO; we
assume that a complete set of event-specific assays is at our
disposal.
The technology used for testing is real-time PCR and the
costs of analysis are formulated accordingly. The cost of all

assays is the same, but the testing cost per assay decreases
with an increasing number of assays applied simultaneously.
GMOs are independent. Knowing that one GMO is present in
the sample provides no information about the presence of
other GMOs in the same sample.
Strategies generated by GMOtrack are similar yet different
than current testing strategies. On the one hand, both types of
strategies have two phases: a screening phase and an
identification phase. In the identification phase, the
event-specific assays for all possible GMOs according to the
result of the screening phase are performed. On the other
hand, unlike current testing strategies which minimize the
number of screening assays, the GMOtrack testing strategies
propose a combination of screening assays that best trade off
the screening and the expected event-specific costs.
Results
The benefits of sample-centered GMO testing strategies
are shown in two use cases. First, the need for cost
optimization with increasing GMO presence on the market is
demonstrated. Second, optimal testing strategies are shown to
differ according to prior probabilities of GMO presence,
exemplified on food and feed samples.
Data Acquisition
Data from several publicly available databases were
collected to build the working database on GM crops and their
genetic elements (5–10). Only data about GM crops relevant
to the food and feed legislation were included in the database.
We have gathered the frequencies of presence of each GMO
per sample in different years, according to the actual situation
in our routine GMO testing laboratory (termed “TestLab” in
the following). If a GMO was never detected, it was assigned
a low frequency of one per thousand (0.001).
All the data were preprocessed to avoid false-positive
results. The data were also preprocessed to remove
redundancy. First, screening elements that detect one GMO
were removed, because in testing strategies the suitable
event-specific elements should always be used instead.
Second, if two or more screening assays detect the same set of
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GMOs (identical columns in the table), they form equivalence
classes. One representative of each equivalence class
remained in the table because, in such a case, one assay
provides the same information as the other(s) in the
equivalence class.
A sample dataset, describing GMOs approved in 1997, is
shown in Table 1. All the collected data, assembled by years,
are
available
at
http://kt.ijs.si/software/GMOtrack/.
Additionally, and to evaluate the usability of our framework in
the context of increasing number and variety of GMOs, we
have simulated a future situation (called “beyond 2008”)
where a sample should be analyzed over a set of GMOs that
are the GM crops being approved for use in food and feed in
the European Union (EU) in April 2008, plus additional GM
crops with applications awaiting approval.
Experimental Evaluation
The applicability of the proposed laboratory-level GMO
traceability cost optimization is shown in two use cases. In the
first use case, we investigated optimal testing strategies in
time, from 1996, when the first GMO was introduced on the
EU market, to the simulated situation beyond 2008, when
identification of 37 GMOs might be necessary. In the second
use case, we investigated how optimal testing strategies vary
if sample-dependent probabilities of GMO presence are
known.
We used the GMOtrack algorithm to compute the optimal
two-phase testing strategies. We approximated the g function
(cost of one run of PCR assays) for the chosen laboratory with
a linear function that depends on the number of assays
(numAssays) according to the equation g = 21.18
·numAssays+ 91.82. It is a simplification of the real situation
with a relative absolute error of 3%.
GMO Traceability Costs in Time
The aim of this use case is to show how GMO
identification costs per sample increase in time with increased
diversity and abundance of GMOs on the market. The effect is
much less pronounced if optimal testing strategies are used.
We collected data about GMOs authorized in the EU from
1996, when the first GMO [Roundup® Ready soybean, (RRS)]
was authorized on the EU market, up to 2008, when 22 GMOs
were authorized, along with their probabilities. To estimate the
GMO identification costs in a situation simulated beyond 2008,
we added to the data from 2008 additional data on 15 GMOs
that are in the pipeline for approval in the EU. A conservative
approximation of probabilities of GMOs appearing in samples
beyond 2008 was used. The probabilities of GMOs authorized
by 2008 stay the same, while the probabilities of the other (new)
GMOs are set to 10/00.
We compared the strategies generated by GMOtrack with
the strategy actually used in the TestLab, which is a detection
strategy with a single screening step combining the P-35S and
T-nos screening assays and the RT73 event-specific assay.
The results of our experiment are shown as trend lines in
Figure 2. The underlying data are presented in Table 2. The
total expected cost is the sum of the screening and the
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Figure 2. Comparison of the current and GMOtrack GMO testing strategies. Evolution of GMO testing costs from
1996 to 2008 and beyond, presenting the trend lines for the number of authorized GMOs, probability of non-GMO
sample and expected costs for the optimal two-phase strategy compared to the current testing strategy cost. Costs
were calculated for the real-time PCR technology, based on the TestLab data. Data for “beyond 2008” were
simulated by adding the GMOs with awaiting authorizations to the GMOs that were authorized by April 2008.

expected event-specific costs for the optimal number and
combination of screening assays. Trend lines representing the
number of authorized GMOs in the EU and the prior
probability of a sample being non-GMO are also displayed.
Optimal Testing Strategies for Different Sample Types
We investigated the optimal testing strategies if
sample-dependent probabilities of GMO presence are known.
For this purpose, probabilities for 2008 were estimated
separately for two types of samples: food and feed (as
opposed to single probabilities in the data in Table 1).
The probability estimates of GMOs in food samples are as
follows: the probability of RRS soybean is 14%, and the
probability of 21 other GMOs is 10/00. On the other hand, the
probability estimates of GMOs in feed samples are as follows:
probability of RRS soybean is 54%, probability of maize
(GA21, Bt176, Bt11, NK603, and MON810) is 2% each, and
the probability of 16 other GMOs is 10/00. From these data, we
can directly compute the probability of a sample being
non-GMO. The prior probability of a food sample being
non-GMO is 82%, and the prior probability of a feed sample
being non-GMO is 40%.
The GMOtrack testing strategies for the two sample types,
including their costs, are shown in Table 3, where the
expected total cost is the sum of the screening and
identification costs (rounded to increase readability).
Screening costs depend only on the number of screening
assays, whereas the expected identification cost is computed
according to the probabilities of screening outcomes and the
number of event-specific assays needed in the second phase.

Setting the probabilities of GMO presence according to the
knowledge about the sample allows GMOtrack to tune the
testing strategy to the sample.
From the results presented in Table 3, we can draw the
following conclusions. First, optimal GMO testing strategies
depend on probabilities of GMO presence in the sample.
Second, the optimal number of screening assays depends on
probabilities of GMO presence in the sample; having more
screening assays increases the screening cost but decreases the
total expected cost if the screening assays are chosen smartly.
Third, testing costs of GMOtrack strategies increase with the
probability of GMO presence in the sample. In summary, both
the current testing strategy costs and the GMOtrack testing
strategy costs increase with the probability of GMO presence
in the sample, but the GMOtrack costs are smaller and
increase less than the costs of the current testing strategy.
Discussion
The idea we pursued through this study is that
sample-centered GMO testing strategies that minimize the
total GMO analysis cost can be automatically generated and
bring major cost benefits. To prove this, we formalized the
laboratory-level GMO traceability optimization problem and
developed an algorithm, called GMOtrack, which
systematically searches through possible strategies and
generates cost-effective GMO traceability testing strategies.
GMOtrack advises on the best set of screening elements to be
applied in the first testing phase for a given sample without
compromising the detection accuracy. Our experiments
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Table 3. Optimal testing strategies depending on prior probabilities of GMO presencea
April 2008
Food

Feed

a

Screening
assays

Screening
cost

Expected
identification cost

Expected
total cost

Optimal combination of screening assays

3

155

78

233

P-35S, T-nos, P-FMV::epsps

4
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50

227

P-FMV, CryIAb, T-nos, T-35S

5
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Comparison of total expected costs of optimal combinations of different numbers of screening assays in two situations: given the food or feed
prior probabilities of GMO presence in the sample. The total expected cost (in EUR) is the sum of screening and expected identification costs
(in EUR); the numbers are rounded to increase readability.

showed that, by using these testing strategies, major savings
can be achieved.
Usually, the laboratories involved in routine GMO
diagnostics use a screening phase to preselect the samples that
possibly contain GMOs before a final identification process
using event-specific assays (4, 11). Screening relies on the use
of the most common genetic elements found in GM crops,
such as the cauliflower mosaic virus 35S promoter (P-35S)
and the nopalin synthase terminator (T-nos; 12, 13). The
choice of screening elements is intuitive and only provides
information on the presence or absence of GMOs (11) without
helping the final GMO identification. The results presented in
this study show that, for a routine laboratory, the optimal
screening combination is not the most intuitive P-35S and
T-nos duplex assay (often completed with the nptII assay), but
that it depends on the number and variety of GM crops needed
to be detected (Figure 2) and with the probabilities of
occurrence of these GM crops (Table 3). It also appears that,
with the exception of 1996, when only the GM crop RRS was
targeted, the P-35S and T-nos duplex assay is not able to cover
all the targeted GM crops alone (Table 2).
Our TestLab currently uses a detection strategy with a
screening phase combining the P-35S and T-nos screening
assays and the RT73 event-specific assay. The results of the
present study demonstrate the increasing cost per sample of
this detection strategy, and that this combination is unable to
ensure the detection of all authorized GM crops from 2008 on
(Table 2). Moreover, it turns out that this combination was
never the optimal one in terms of analysis costs (Figure 2).
The cost ratio between the current detection strategy and the
strategies proposed by GMOtrack constantly increases with
years (Figure 2).
We also investigated the influence of prior probabilities of
GMO presence on the optimal strategy. For this, we used the
estimates of the frequency of appearance of GM crops in food

and feed samples as gathered by our TestLab. Both types of
samples present different possible occurrences of GMOs.
From the results of this investigation (Table 3), it appears that
the optimal testing strategy and the associated cost are
affected by the prior probability of GMO presence in the
sample, and vary between food and feed samples. This shows
that, the more background knowledge the expert has on a
sample to be tested, the more the combination of screening
assays can be tuned to the sample. In our experiments, we set
the probabilities based on past experience in routine analysis,
but if additional information about GMO presence is known
for a sample at hand, this should be encoded as probabilities,
and GMOtrack would compute the optimal testing strategy for
that sample. For these reasons, a unique optimal combination
of screening assays does not exist for all types of samples.
Given the results of our investigation, using this new
strategy would have an important impact in the daily life of an
official GMO’s control laboratory. By using the GMOtrack
approach, routine laboratories will make significant savings in
terms of experimental costs. Take as example a feed sample
containing maize grains. In the case of our TestLab, it is
known that such a maize sample is often contaminated with
traces of soybean. The analyst would then follow the
GMOtrack approach using a data table limited to relevant
GMO events (maize and soybean). The computation in our
TestLab shows that the best cost-efficient detection strategy
uses a screening phase with the combination of three methods.
This strategy is expected to save more than 45 euros/sample in
comparison to the basic P-35S/T-nos screening, which,
however, appears as the best two-component screening
combination (Table 4). Similarly, in front of a packed food
sample for which listed ingredients include maize, oilseed
rape, and soybean, the analyst would find that the best
screening strategy uses a combination of four methods
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Table 4. Real case application on feed and food samplesa
Use
case

Sample
composition

Screening
assays

Screening
cost

Expected
identification
cost

Expected
total
costb

Optimal combination of screening assays

Feed

Maize grains and
soybean dust

2

134

174

308

P-35S, T-nos

3

155

106

262

CryIAb, T-nos, P-35S::patc

4

177

93
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CryIAb, nptII, T-nos, P-35S::pat

5

198

82
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CTP2, CryIAb, nptII, T-nos, P-35S::pat

6

219

81
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CTP2, CryIAb, nptII, T-nos, Pat, T-35S

3
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220

P-35S, CTP2, T-nos

4
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CTP2, CryIAb, T-nos, T-35Sc

5

198

25

223

CTP2, CryIAb, Pat, Bar, T-nos

6

219

22

241

CTP2, CryIAb, nptII, T-nos, P-35S::bar, P-35S::pat

Food

a

b

c

Packed food: maize,
oilseed rape, and soybean

Total expected costs using combinations of different numbers of screening assays suggested by GMOtrack for two samples. Feed sample is
composed of maize grains in which the analyst expects the presence of soybean dust traces. Food sample is packed food for which the list of
ingredients includes maize, oilseed rape, and soybean. Computation was made using the food or feed prior probabilities of GMO presence in
the sample.
The total expected cost (in EUR) is the sum of screening and expected identification costs (in EUR); the numbers are rounded to increase
readability.
Most cost-efficient combination.

(including P-35S and T-nos). The basic P-35S/T-nos
screening does not cover all authorized GMOs (Table 4).
It is still possible to intuitively choose the screening
methods that are the most appropriate for screening all
authorized GMOs in one’s jurisdiction. However, with the
increasing number of GMOs being commercialized, this
intuitive setup will soon become impossible. Using the
GMOtrack approach would therefore help routine detection in
enforcement and companies' laboratories to ensure that all
possible GM events authorized in the relevant jurisdiction are
covered in an automated manner, thereby ensuring
cost-efficient detection.
GMOtrack can be seen as the core algorithm of a future
decision support system for routine use in laboratories. An
engineering effort is necessary to provide a proper user
interface with connections to external GMO data sources,
support for GMO presence probability tuning, which might
depend on sample type (e.g., food or feed sample), sample
composition (e.g., prepared food with many ingredients or
seed sample), sample origin, or even an automated sample
history tracking. The system should also allow the user to
provide other background information that can influence the
optimal testing strategy, for example, the information about
the reference gene systems for the sample. This system would
then prepare the data table and feed it to the GMOtrack
algorithm for generation of the optimal testing strategy, given
the data and the parameters. The user interface should then
also be able to interpret the wet-lab results and guide the user
to the final identification of GMOs. Because the algorithm
performs exhaustive search through an exponential search
space, it will no longer be appropriate if data grow beyond

some limit. In such a case, an algorithm using a heuristic
approach will need to be developed. These further
developments are planned for our future work.
Conclusions
The increasing presence of GMOs on the market and their
growing taxonomic and biotechnological diversity are the main
causes of increases in laboratory-level GMO testing costs. Our
analysis of GMO traceability costs in time shows the adequacy
of testing strategies currently used in routine laboratories just
for the early years of GMO traceability. Their increased costs in
the situation where dozens of GMOs need to be detected are
alarming. Therefore, optimization approaches to analytic GMO
traceability need to be developed.
Our research has the following implications. First, it
proves that the currently used GMO testing strategy is
unnecessarily expensive and may stimulate individual testing
laboratories to change the approach, resulting in a shift from
“the same strategy for all samples” to more cost-effective
“sample-centered GMO testing strategies.” Second, the
GMOtrack algorithm can be used to theoretically evaluate
new PCR assays; a theoretically founded evaluation of a PCR
screening method with GMOtrack may prove or disprove the
advantages in terms of cost of using such a method in routine
practice. Third, the presented algorithm can be seen as the
core element of a future decision support system to be used in
routine laboratory practice. The implementation is flexible,
allowing for changing of the data, probabilities, and
parameters, so that what-if scenarios can be tested and

1746 KRALJ NOVAK ET AL.: JOURNAL OF AOAC INTERNATIONAL VOL. 92, NO. 6, 2009

simulations of future testing costs can be computed depending
on different parameters.
Testing strategies tailored to each sample could be
generated if routine laboratories had decision support systems
available for real-time strategy generation. This would
substantially decrease the GMO testing costs, which would
imply increased food safety and more control over
GMO-related environmental issues.
GMOtrack was developed for GMO traceability, but its
application can be extended to other domains where complex
testing is involved, such as for safety and quality assurance in
the food supply chain in general.
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