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Abstract

The biochemical mode-of-action (MOA) for herbicides and other bioactive compounds can be rapidly and simultaneously clas-
sified by automated pattern recognition of the metabonome that is embodied in the "H NMR spectrum of a crude plant extract. The
ca. 300 herbicides that are used in agriculture today affect less than 30 different biochemical pathways. In this report, 19 of the most
interesting MOAs were automatically classified. Corn (Zea mays) plants were treated with various herbicides such as imazethapyr,
glyphosate, sethoxydim, and diuron, which represent various biochemical modes-of-action such as inhibition of specific enzymes
(acetohydroxy acid synthase [AHAS], protoporphyrin IX oxidase [PROTOX], 5-enolpyruvylshikimate-3-phosphate synthase
[EPSPS], acetyl CoA carboxylase [ACC-ase], etc.), or protein complexes (photosystems I and II), or major biological process such
as oxidative phosphorylation, auxin transport, microtubule growth, and mitosis. Crude isolates from the treated plants were sub-
jected to '"H NMR spectroscopy, and the spectra were classified by artificial neural network analysis to discriminate the herbicide
modes-of-action. We demonstrate the use and refinement of the method, and present cross-validated assignments for the metabolite
NMR profiles of over 400 plant isolates. The MOA screen also recognizes when a new mode-of-action is present, which is con-
sidered extremely important for the herbicide discovery process, and can be used to study deviations in the metabolism of com-
pounds from a chemical synthesis program. The combination of NMR metabolite profiling and neural network classification is
expected to be similarly relevant to other metabonomic profiling applications, such as in drug discovery.
© 2003 Elsevier Science Ltd. All rights reserved.
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1. Introduction

The commercial herbicides all act on about 30 bio-
chemically-distinct modes-of-action (MOA), as reviewed
by Schmidt (1997). While enzyme assays are available to
distinguish these, demonstrating the MOA for a com-
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pound is often laborious and time-consuming. In the
search for safer and more efficacious pesticides, it is
often desirable to: (1) establish which pathway a com-
pound is affecting; (2) determine whether a novel analog
has the same MOA as its parent molecule; or (3) classify
the MOAs of novel leads found by screening. This
should avoid involving well-exploited targets for which
novel compounds are not needed (Petroff, 1988; Fiehn
et al., 2000; Sauter et al., 1991).

The goal of this paper is to demonstrate that a robust,
reliable metabolic profiling method can discern most
MOAs targeted by commercial herbicides. We have
selected 27 herbicidal compounds representing inhibi-
tors for 19 different MOAs. Plants were treated for 24 h
with these compounds and a '"H NMR spectrum of a
raw aqueous plant extract was recorded. A computa-
tional expert system was developed that can rapidly
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detect, classify and characterize the nature of the che-
mical treatment by the changes in the composition of
the detected plant metabolites, even under conditions
where changes in sample characteristics are very small
(often close to the statistical variation between samples).

The term “metabonome” refers to the entire comple-
ment of low molecular weight metabolites inside a bio-
logical cell, and is also used to describe the observable
chemical profile or fingerprint of the metabolites in
whole tissue. The metabonome reflects the life history of
each individual plant, including age and environmental
factors such as soil type and moisture content, tem-
perature, stress factors, and exposure to applied fertili-
zers and crop protection chemicals. With the
expectation that, following exposure to a herbicide, the
herbicide’s mechanism-of-action might be recognizable
in the plant’s metabonome, we investigated whether
such characteristics can be reliably detected in the NMR
spectrum of a plant extract.

The gross chemical composition of various biological
fluids has been investigated by a variety of chromato-
graphic and spectroscopic techniques, notably gas and
liquid chromatography (Petroff, 1988; Fiehn et al.,
2000; Sauter et al., 1991), NMR spectroscopy (Nichol-
son et al., 1984; Ohsaka et al., 1979; Nicholson and
Wilson, 1989; Lee et al., 1991; Bales et al., 1984;
Rabenstein et al., 1988; Bell et al., 1987), mass spectro-
metry (Matsumoto and Kuhara, 1996; Wolfender and
Hostettmann, 1996; Aharoni et al., 2002), and infrared
spectrophotometry (Jackson and Mantsch, 1996). In
animal and human fluids, much of the NMR research
has been directed towards disease characterization and
diagnosis (Sauter et al., 1991; Nicholson et al., 1984;
Ohsaka et al., 1979; Nicholson and Wilson, 1989; Lee et
al., 1991; Bales et al., 1984; Rabenstein et al., 1988;
Nishijima and Fujiwara, 1997; Somorjai et al., 1996;
Holmes et al., 1994; Hahn et al., 1997).

NMR has also provided information on biosynthesis
(Lutterbach and Stockigt, 1995; Prabhu et al., 1996;
Weckwerth and Fiehn, 2002), on metabolism (Ratcliffe
and Shachar-Hilt, 2001), and on the effects of herbicides
on metabolism (Lutterbach and Stockigt 1994, 1995)
and mode-of-action (Hole et al., 2000; Hadfield et al.,
2001), or used in investigations of whole plants
(Schneider, 1997; Pope et al., 1993). A variety of com-
putational methods have been applied for the statistical
analysis of spectral data (Jackson et al., 1999; Shaw et
al., 1995; Mansfield et al., 1997; Eysel et al., 1997),
including artificial neural networks (NN) (Lisboa et al.,
1997, 1998; Anthony et al., 1995; Hiltunen et al., 1995).
In many cases, however, it was found that environ-
mental factors contribute significant “noise” to the
metabolite profile and reproducibility has often limited
the applicability.

Furthermore, in many reports only two states (e.g.
normal vs. treated) are simultaneously distinguished. A

robust NMR method able to simultaneously detect
many different treatment groups has not been described
previously. In the search for new pharmaceuticals and
crop protection chemicals, it is desirable to have a fast
and reliable means to detect the mode-of-action of a
new active compound, or pinpoint unusual phenotypes
by an altered metabolic profile.

In a recent report (Aranibar et al., 2001), we showed
that the '"H NMR spectrum of a crude plant extract
provides a fingerprint for the ‘“‘metabonome”, and
automated pattern recognition was shown to establish
the biochemical mode of action (MOA) for four differ-
ent herbicide classes. In extension of this earlier work,
additional compounds, representing nineteen different
MOASs, were selected for simultaneous classification and
we present a statistical validation for the methodology.

2. Results

A total of 430 '"H NMR spectra of plant extracts were
generated, representing plants treated with four differ-
ent acetohydroxy synthase (AHAS) inhibitors,
four different hydroxyphenylpyruvate dioxygenase
(HPPD) inhibitors, two different glutamine biosynthesis
inhibitors, and single inhibitors of ACCase, EPSPS,
photosystems (PS) I and II, phytoene desaturase (PDS),
4 - hydroxyphenyl - pyruvate - dioxygenase (HPPD),
5-enolpyruvil-shikimate-3-phosphate synthase (EPSPS),
glutamine synthase, dihydropteroate synthase (DHP),
uncouplers of oxidative phosphorylation, and auxin, as
well as systemic inhibitors of microtubule assembly,
mitosis/microtubule organization, and cell wall (cellu-
lose) synthesis. Spectra of 80 plants were treated only
with the vehicle acetone and represent controls in this
analysis. Typical spectra are shown in Fig. 1.

One goal of this work is to create a methodology that
will enable researchers to rapidly screen novel com-
pounds for herbicidal MOA by comparing their meta-
bolic profile with those of previously characterized
standards representing a range of commercially relevant
herbicide targets. Model A represents a general-purpose
neural network for classification of a wide range of
compounds. A second refined model, Model B, is pre-
sented that is tailored to distinguish metabolite profiles
of treatments that exhibit very small NMR signal dif-
ferences between each other and/or the controls. Both
models are cross-validated by using randomly selected
subsets for training and testing. The models will be
evaluated and applied in simulations to classify com-
pounds novel to the NNs. Lastly, we demonstrate the
use of a specialized NN for distinguishing treated from
untreated (control) plants.

Fig. 2 outlines, in a flow diagram, the procedure used
for the analysis presented here. The process reads its
input patterns from a database of spectra for all com-
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pounds. The user provides a mapping of spectra to user-
defined output nodes. We present results for three dif-
ferent levels of output node assignments: (1) compound
level: individual compounds each can be assigned a
separate class, (2) MOA level: compounds known to
affect the same pathway are assigned the same class, (3)
treatment level: treated and untreated samples are
separated into two classes. A pattern file is then created
for all spectra from which a training set, a validation
set, and an optional test set are created. The test set is
created for the leave-one-out approach, by selecting a
group of patterns corresponding to all spectra of a sin-
gle compound or a group of compounds. Thus, the test
set contains classes (MOAs) or individual compounds
that are neither present in the training set nor in the
validation set. The remaining patterns are subsequently
divided, by random selection, into two approximately
same sized groups of patterns: one used for training
(training set) and the complementary used for validation
(validation set). Thereby, each compound’s pattern is
represented in the training set and the validation set for
cross-validation. We iterate over different random selec-
tion steps to create a population of 20 NNs. All results
presented are averages over such populations. Every
time a new test set is generated, the remaining patterns
are used to create five new pairs of random subsets. All
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ten subsets are used to train a NN and classify the pat-
tern present in the test set.

In the following, we will use some abbreviate nomen-
clature to enhance readability, as follows: For NN clas-
ses and associated patterns derived from spectra of
extracts of plants that have been treated with a herbi-
cide, we will use the name indicated in column MOA in
Table 1 for that herbicide (e.g.: auxin for the pattern
representing naptalam-treated plants). If more than one
compound is used affecting the same pathway and we
want to distinguish the patterns derived from the NMR
spectra of the plant extracts individually, we will use the
compound generic name, e.g. imazethapyr. “Controls”
refers to spectra of plants treated only with acetone.
Unknown refers to a pattern that is characterized by our
procedure as unknown, according to the criteria speci-
fied in the experimental section. The terms “NMR
spectra of plants” (spectra), “patterns for NN analysis”
(pattern), and ““‘metabonome’ are used interchangeably.

2.1. Model A

Model A encodes one class for controls plus 17 classes
for the different herbicide MOAs, as listed in Table 1,
with all PS inhibitors combined into a single class. Fol-
lowing the procedure outlined in Fig. 2, 20 neural net-
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Fig. 1. "H NMR spectra of plant isolates representing nineteen different MOAs. The spectral region between 9.1-5.7 and 4.5-0.6 ppm is shown and

used for analysis. All spectra are scaled to a total mean intensity of 1.0.
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Table 1
List of herbicides studied, together with their biochemical mode-of-action and HRAC classification (see Schmidt, 1997)
Class name Compounds HRAC class Mode-of-action
ACCase Sethoxydim A Inhibition of acetyl CoA carboxylase (ACCase)
AHAS Chlorsulfuron B Inhibition of acetohydroxyacid synthase (AHAS, ALS)
Sulfometuron
Imazamethabenz
Imazapyr
Imazethapyr
PSII_cl Lenacil Cl Inhibition of photosynthesis at photosystem 11
PSII_c2 Diuron* C2 Inhibition of photosynthesis at photosystem 11
PSII_c3 Bromoxynil C3 Inhibition of photosynthesis at photosystem II
PSI Paraquat D Inhibition of photosynthesis at photosystem I
Protox Acifluorfen E Inhibition of protoporphyrinogen oxidase (PPO, PROTOX)
PDS Norflurazon F1 Bleaching inhibition at phytoene desaturase (PDS)
HPPD Sulcotrione F2 Bleaching inhibition of 4-hydroxyphenyl-pyruvate-dioxygenase (HPPD)
CL 836057
CL 818666
CL 836164
Carotenoid Amitrole F3 Carotenoid biosynthesis inhibition (unknown target)
EPSPS Glyphosate G Inhibition of EPSP synthase
Glutamine Bialaphos® H Inhibition of glutamine synthase
Glufosinate
DHP Asulam 1 Inhibition of DHP (dihydropteroate synthase)
Microtubule Oryzalin K1 Inhibition of microtubule assembly
Mitosis Propham K2 Inhibition of mitosis/microtubule organization
Acetochlor Acetochlor K3 Acetamide herbicide-like
Uncoupler Dinoseb M Uncouplers of oxidative phosphorylation
Auxin-like Quinclorac (0] Auxin-like (action like indole acetic acid)
Auxin Naptalam P Inhibition of auxin transport

Class name indicates the name used for the Mode-of-action classes and patterns throughout this paper. CL 836057, CL 818666, and CL 836164 are
proprietary herbicide lead compounds of undisclosed structure. + Diuron was applied foliar (class PS II_c2) and systemic [class PS II (root)].
4 Formulation.

A) Neural Network Training B) Testing Unknown Patterns

Classified Patterns M

NN A NN B

Test Set

Random
Split

[ san A Y s / WA [ san /
NN A NN B NN B -

Fig. 2. Flow diagram for training and application of neural networks. (A) From the complete set of all spectra with their associated treatment
classifications, two subsets, A and B, of nearly equal size can be created by random selection. Each subset is used independently to train a NN
(training set), the complementary set is used as the validation set. This process is repeated 10-20 times to create a population of NNs. Optionally,
specific patterns can be selected into a fest set for later testing prior to the random selection into subsets. (B) Leave-one-out procedure: the test set
contains patterns for one or more classes of compounds that are unknown to the NN. The NN is used to classify the zest set. The pattern of the test
set should be classified as unknown if no other compound was present in the training set that represented the MOA of the pattern in the test set. (C)
Cross validation: the validation set is classified by a NN to produce statistics on the sensitivity and selectivity of the classification for compounds with
pathways that are known to the NNs.

C) Cross-Validation
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works were trained with randomly chosen subsets of the
available spectra, and the complementary set of patterns
were classified by the NNs. The results are summarized
in Fig. 3, which shows graphically the average number
of correct, wrong, and unknown classifications of the
spectra of the validation set by the 20 different NNs.
Overall, 64% of the spectra were classified correctly on
an individual basis, and 30% of the spectra were classi-
fied as unknown.

Inhibitors of pathways affecting amino acid pools
(e.g. AHAS, EPSPS, glutamine biosynthesis), fatty acid
synthesis (ACCase) are consistently recognized, as is the
photosystem II inhibitor, diuron when applied to roots.
With only 6% of the samples classified as wrong, there is
little confusion between the different classes, and most
wrong assignments are observed in only one of the
twenty different NNs. Some wrong assignments are
observed between related MOAs. An unusually large
fraction (10%) of glyphosate patterns is confused with
AHAS inhibitors (discussed below). Other patterns,
such as PROTOX, DHP, and, most notably, patterns of
herbicides affecting the auxin transport, microtubule
formation and mitosis have an increased pool of
unknowns.

Confusion with controls is observed for several treat-
ments in a few isolated cases (1-5%), but only Auxin
patterns have significant percentage (20%) confusions
with controls. Inspection of the NMR spectra reveals
that many treatment pattern, most notably Auxin,
Microtubule, and Mitosis show very little difference
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between each another and to the control samples. The
microtubule inhibitor treated samples are also confused
with HPPD inhibitors (7% wrong). Separate analysis
shows that this confusion is largely caused by the inclu-
sion of two very weakly herbicidal compounds into the
HPPD class. The photosystem inhibitor class is assigned
to several inhibitors that have, in turn, large fractions of
unknowns. A similar calculation representing four sepa-
rate PS classes for a total of 23 different classes, pro-
duces almost identical overall results (62% correct/ 27%
unknown), and only small changes in the confusion
between the different classes.

2.2. Model B

After identification of several batches of treatments
by the NN described in Model A, we removed those
treatments groups and performed a second round of
classification for the remaining MOAs that had more
than one third unknown classifications and were found
to be more likely to be confused with one another. We
also refined the analysis by using separate classes, PS I
and PS II cl, ¢2, and ¢3, for the photosystem inhibitors.
The refined NN (Fig. 4) improves the classification by
removing some over-represented and strongly distinct
signals, to focus on smaller differences between the
remaining patterns. Overall, the recognition level has
risen by about 20% for the MOAs that had previously
been difficult to classify. In particular, microtubule,
mitosis, and auxin are now more often recognized.

Carotenoid
Uncoupler
DHP
Protox
Auxin-like
Mitosis
PDS

Auxin
Microtubule
Grand Total

l Average of Correct B Average of Wrong O Average of Unknown

Fig. 3. Average number of correct, wrong, and unknown classifications of the NMR spectra by 20 different neural networks in Model A. A randomly
selected subset of ca. half of the spectra was used for training, whereas the complementary set (not used in training) was classified automatically by
the trained neural network. PS 1&2 refers to a class that is trained with all photosystem inhibitors.
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The confusion matrix (Table 2) indicates that, while
there are more frequently classifications confused
between related pathways, PS I and the three different
subclasses of PS II inhibitors separate well. PS II ¢3 has
a metabolite profile that is very distinct from that of the
other PS inhibitors while PS I, PS II c¢l, and PS II c2
have more closely related profiles. For example, about
10% of PS I pattern are classified as PS II c1 in average

Table 2
Confusion matrix for Model B

over all simulations. Similarly, 12% PSII c2 inhibitors
are classified as PCII cl. Thus, the second step which is
introduced in an attempt to enhance the sensitivity of
the approach, simultaneously enhances selectivity.
Auxin and DHP get confused in some of the runs,
which is reflected in increased percentage of wrong
classifications for these classes, and also in a higher
fraction of unknown classifications. Again, we do find

Model B Classification as percent recognition

Actual class PDS PROTOX PSII_cl PSII_c2 PSII_c3 PST Uncoupler Auxin-like Auxin DHP Microtubule Mitosis Acetochlor Unknown

PDS® 31 1
PROTOX 80 1

PSII_cl 3 1 50 3 1 1
PSII_c2 12 67

PSII_c3 93

PS1 10 1 53
Uncoupler 1 1 80
Auxin-like

Auxin 1

DHP

Microtubule 2

Mitosis 1 1 4

Acetochlor

3 2 58

6 2 11

1 2 38

1 21

7

1 35

1 1 16

71 1 1 27
51 7 2 39

1 68 1 30

5 3 3 51 5 32
3 50 1 40

1 3 70 21

Only MOAs were presented for which Model A lacked sensitivity. Rows indicate the actual treatment and columns represent the averages for the
assignment by 20 independent NNs. The diagonal elements of the confusion matrix represent percent correct assignment whereas (non-zero) off-

diagonal elements imply confusion between classes.
2 PDS is represented by only six spectra in total.
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Fig. 4. Summary of classification results for Model B. Averages of percent recognition of total for each compound/MOA is shown for 20 NNs, each
trained with a different random selection of half the spectra classifying the complementary set. The compounds tested were all represented in, but not

part of, the training set. Each column corresponds to a different class.
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that microtubule and mitosis have a “weak’ signature
that is frequently, but not consistently, confused with
other MOAs.

The results of the two calculations listed above are
not only representative by virtue of performing repeated
runs with different selections of spectra used to train the
network. We find that very similar results are achieved
when classification schemes are changed. The best overall
results achieved so far with this data set are for a 15-class
NN (classes: control, AHAS, HPPD, PS II (root),
glutamine, PSI, PS II c3, EPSPS, carotenoid, protox, PS
I-PS 1II cl/c2, auxin-like, DHP, uncoupler, acetochlor)
where PS II cl, and PS II ¢2 are combined into a single
class, and microtubule, mitosis, and auxin inhibitors are
not part of the training. This NN has overall 85% correct,
with >70% recognition for any included MOA, and
only 13% unknown and 2% wrong classifications.

2.3. Application of Models A and B

How do the models presented in calculation A and B
perform when a new compound is presented that is not
part of the training set? Which MOAs are easily con-
fused with others? How sensitive and how selective is
the method in situations with overlapping or partially
divergent MOAs?

100%
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70%
60%
50%
40%
30%
20%

10%
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To answer these questions, we designed a leave-one-
out procedure in which we remove one compound at a
time from the data set and calculate 10 NNs, using 10
different random selections of half of the remaining
spectra for training (the other half is disregarded). We
then present the pattern removed in the beginning to the
NN for classification. If a compound is novel to the NN
and there is no related compound in the training set, we
expect the NN to issue an unknown classification. If
other compounds representing the MOA of the com-
pound presented are in the training set, we hope to find
this compound to be correctly classified. Related
MOAs are expected to be partially activated. Partial
activation is represented in the NN in the actual
activation values of the output nodes. Since those
numbers are difficult to present in the format of a
publication, we use the average of correct classifications
over a series of related networks as a measure of
relatedness, given the rules laid out in the experimental
section.

The results of the leave-one-out procedure are sum-
marized in Figs. 5 and 6. We will discuss four different
situations: (1) a group of chemically diverse compounds
has the same MOA; (2) a group of compounds from a
series believed to target the same enzyme are metabo-
lized differently by the plants; (3) A group of com-

0%

2 SN 55 ER28L3 LYV ERLEETRERLELELE
I8 5585028@pgrallsgEGSSear g TtIoaRe
< § 85 8l 500 o H O 5588 5 o & £ < 3 =
EEEEGJUJOOOQGD D_D_D_‘é S @ £ O E 2 5= 2 c
=2sg3 Z~Op 5 5¢8%2 o§gx< g¢
EcsE @ » = O =0
N O O T g
©
E
OClass Unknown B Class Control EClass AHAS B Class HPPD EClass PSland Il
OClass EPSPS B Class PS llc2 (root) OClass PDS OClass Protox B Class Carotenoid
OClass Uncoupler MEClass Auxin-like OClass Auxin EClass DHP OClass Microtubule

W Class Mitosis EClass Glutamine

OClass Acetochlor

OClass ACCase

Fig. 5. Results from “leave-one-out” computations. Each bar represents average classification result of 10 NNs for the compound/compound group
indicated. Each group of 10 NNs was trained with all spectra except those for compounds or groups of compounds indicated on the horizontal axis.
The colors refer to the class the classified spectra were assigned to. For example, in the first bar, all AHAS inhibitors were removed before training
10 NNs with randomly selected subsets of 50% of the remaining patterns. The AHAS inhibitors are classified as ~40% unknown, 48% EPSPS, 8%
carotenoid, 5% control.
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pounds affects different steps in the same pathway; (4) A
compound represents an entirely new MOA.

2.4. Co-classification of chemically distinct compounds
by their common MO A

The imidazolenone and the sulfonylurea herbicides, as
well as many other commercial herbicides, inhibit the
AHAS enzyme. We chose five of these herbicides having
a range of different specificities, but all targeting AHAS.
We had previously shown that a NN trained to recognize
the metabonomes of plants treated with imazethapyr,
glyphosate, two other herbicides, and controls recognizes
>99% of the metabolite profiles of other AHAS inhibi-
tors into the AHAS MOA. Extending this approach, we
now included more MOAs into the NN models and per-
formed a more rigorous, cross-validated approach.

Removing one compound from the training set, leav-
ing four compounds as AHAS representatives for
training, more than 90% of the samples are classified
correctly, with most AHAS inhibitors having more than
95% correct classifications. Imazapyr has only 83%
correct classifications and 17% wunknown classifications.
This result reaffirms our earlier findings (Aranibar et al.,
2001), but now, the statistical significance is higher since
the recognition is above the background of many more
alternative MOAs.

Using only one of the four AHAS inhibitors together
with all other MOAs in the training of the NN, decrea-
ses the sensitivity as there are only about six compounds
remaining in the training, resulting in about 20-30%
unknown classifications. However, of the positive classi-
fications, ~80% are true positive assignments. This
average is reduced by over 10% by poor recognition
when imazethapyr is used as representative for the
AHAS MOA within the training set. We attribute this
to the divergence between the individual NMR spectra
since the imazethapyr samples had been collected in the
very beginning of the study when we lacked experience
in reproducibly collecting the samples, and the growth
chamber was set 3 °C lower. Most of the difficulty in
recognizing different compounds affecting the AHAS
enzyme are caused by the presence of glyphosate as a
EPSPS inhibitor with a similar metabolite profile.

If all AHAS inhibitors are removed from the training,
AHAS becomes a novel MOA for the network. In this
case we find that about half the samples treated with
AHAS inhibitors are (wrongly) classified as EPSPS
inhibitors, and about 40% are unknown, as expected.
Also, vice versa, glyphosate will be classified as an
AHAS inhibitor if no sample from a glyphosate-treated
plant was present during training. AHAS and EPSPS
are in different pathways, and in general, the network is
capable of separating these MOAs, as long as the NN
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Fig. 6. Classification of compounds unknown to the NN (i.e. not included in training). Each bar represents the classification of the compound
indicated on the horizontal axis by 10 different NNs. The NNs were untrained in the compound/MOA presented, but trained with all other MOAs.
The compounds presented to the NN represent a “Novel MOA™ to the NN. An unknown classification is the expected correct answer.
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has been trained to do so. However, there is an average
of ~10% of glyphosate samples assigned to AHAS
even when glyphosate is represented in the training.
(The higher variability in the imazethapyr NMR spec-
tra, discussed above, is mostly responsible for the false
positive assignments.) The NMR spectra of AHAS and
glyphosate treated plants are very similar with only very
few proton resonances different between the two popu-
lations while there are a considerable number of signals
that commonly change with respect to the control and
other MOA spectra. Many of those signals can be
assigned to amino acids and we find that inhibition of
amino acid metabolism can increase the pool of free
amino acids, presumably due to increased protein turn-
around. While the composition of the amino acids
found changed in both populations is different, the
communality dominates if the NN is not specifically
trained to recognize the smaller differences. Thus, both
MOAs share similarities in the resulting metabolite
profile. The differences are due to the levels and types of
amino acids that accumulate.

Inhibition of glutamine synthase, in contrast, has a
very different profile, lacking the increase of amino acid
pools but distinguished readily by several resonances
and we attribute several of the resonances of the gluta-
mine biosynthesis inhibitors to components of the for-
mulation rather than to natural metabolites.

2.5. Same target, different metabolic fate

As a challenging example relating to a lead optimi-
zation problem, we had selected three chemically ana-
logous compounds from a series of experimental HPPD
inhibitors, and sulcotrione as a commercial herbicide
representing a different chemical class. Corn is resistant
to sulcotrione. From the remaining compounds, one
compound is highly active, one is very weakly active in
vivo, but was predicted as highly active in a quantitative
structure—activity relation (QSAR) study (data not
shown). The last sample appears much more potent
than was predicted by QSAR. Since this set is so diverse
in its in vivo activity, the signatures are less distinct in
the context of the many other MOAs. This is reflected in
an increased number of unknown classifications, ranging
from ~25 to ~55%. However, the correct MOA
assignment still dominates the positive classifications in
all cases and a more specialized NN can also highlight
the more subtle differences between these compounds.
When using each compound, in turn, as representative
in the training, the very active compounds reveal a very
similar profile, while spectra of the very weakly herbici-
dal compound are often confused with controls, and
patterns that are very similar to those of controls, like
Microtubule. (Removal of the weak HPPD inhibitors
from the training set does, in turn, improves slightly the
sensitivity of recognizing of some of these patterns.)

2.6. Pathway recognition

Co-classification of PS inhibitors into a single class is
a model for recognizing compounds that inhibit differ-
ent related biochemical functions. Fig. 5 demonstrates
that the photosynthesis inhibitors do, to some degree,
co-classify if the network is trained with a combination
of three of four of the PS I, PS II cl, ¢2, ¢3 inhibitors.
PS II ¢l and PS II c2 are well recognized into a related
class with most of the positive classifications being
correct. The results (~1/2 unknown, 1/2 shared class
assignments) are similar to the pattern observed for the
HPPD inhibitors as described above. The majority of
the positive classifications of PS 1 are also correct, but
several other MOAs have a similar large percentage
(20-30%) classified as photosynthesis inhibitors.

Applying the more specific and refined model B that
has each PS inhibitor as a separate class (Fig. 6) indi-
cates, in concordance with the analysis of the confusion
matrices during the validation runs, that while PS II c1
and PS II c2 have closely related profiles, PS I is more
distinct. PS II c3 has little in common with the other PS
inhibitors, but shares some features with uncouplers.

2.7. Novel MOAs

Several of the MOAs are represented by a single
compound in the present study. Thus, removing these
compounds before training the NN simulates results for
compounds belonging to novel MOAs. We would desire
that compounds belonging to a MOA that was not
represented in the training should be classified as
unknown. Every other classification would be considered
wrong. For many compounds presented to an NN, we
find that, for new MOAs, about 60% of the classifi-
cations are in fact unknown. The remaining 40% are
variable classifications. For practical purposes, we are
mostly concerned when a single “wrong” classification
dominates, since this could cause false positive conclu-
sions. Using Model A, several compounds have 20-30%
of their patterns classified incorrectly as control. Appli-
cation of the control model (below) can characterize
these compounds as “treated”” and thus identify them as
novel MOAs. Incorrect classifications as controls appear
to be an indication that there is very little change in the
metabolite profile caused by these compounds. Those
changes will only be picked up if such a MOA is speci-
fically presented to the NN. In addition, the NN train-
ing over-weights the untreated samples (e.g., 80 controls
vs. 12 treated spectra), and the controls show greater
experimental variation due to our experimental design.

Applying our more specialized NN, Model B, also
overcomes many of false positive classifications, as illu-
strated in Fig. 6. Now, all patterns have more than 60%
unknown classifications, one of our empirical cutoffs for
novel MOAs. The majority of the “novel compounds”
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has no consistent wrong classifications to another class
and can be attributed to noise, i.e. experimental varia-
bility, especially for treatments that cause little change
in the metabolic profile.

Auxin and DHP have about 24% classifications con-
fused between each another. We found, by comparison
of the NMR spectra, that one batch of DHP has a very
distinct metabolite profile from that of auxin, but the
other batch of DHP lacks several metabolites present in
the first batch and resemble more closely spectra of
control and auxin.

2.8. Control model

Specialized NNs that are optimized to recognize a
specific treatment versus all others can be more sensitive
and specific. From the results presented above, it is
apparent that distinction of samples treated with a
compound versus samples treated with a blank solution

Table 3
Statistics for the control model

Control model Classification as percent recognition

Actual class Treated Control Unknown
Treated (known) 96 3 1
Treated (unknown) 89 9 2
Control 15 82 3

Treated (known) refers to average results of 10-fold cross-validated
NN runs in which all MOAs were part of the training procedures.
Treated (unknown) refers to the results of runs in which, in turn, each
compound or MOA group was first removed from the data set, after
which the 10-fold cross-validation procedure was run, and the spectra
of the compounds/MOAs that were excluded were classified by the
resulting NNs. This simulates the NN classification for a novel com-
pound or new MOA.
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sometimes poses difficulty. In the following we evaluate
whether a specialized NN to distinguish treated and
untreated samples might further reduce the already
small error rate. In a modified calculation, the samples
were classified into two subsets, freated and control, i.e.
those treated with a compound solution and those trea-
ted with a blank solution. We calculated the average
over ten classifications using the cross-validation proce-
dure outlined in Fig. 2.

As shown in Table 3, 96% of the spectra from treated
plants are recognized as treated, and only 3% were false
negatives, if other spectra of the same treatment were
included in the NN training. Controls are recognized as
such in 82% of all cases, with 15% false positives (con-
trols misclassified as treated).

To further validate the control model using the leave-
one-out method, we also removed, in turn, one com-
pound, and also all AHAS, and all HPPD inhibitors at
once, to simulate how such a binary model would per-
form when a new compound, previously unknown to
the network, would be introduced. If a particular treat-
ment was not known to the NN, the average true posi-
tive rate for the data is still 89%, with 9% false
negatives, as shown in Fig. 7, indicating that there is a
strong signature that characterized treated plants.

As expected, best results are usually achieved if other
compounds of a series, or with a similar MOA are
included in the training. Most HPPD and AHAS inhi-
bitors are consistently classified as treated, as long as
other inhibitors of that class are included. Even if all
AHAS pattern are excluded from the NN training, the
patterns are still recognized as treated in >95% of all
cases. Many other inhibitor patterns, like patterns of
photosystem inhibitors, are also well recognized, possi-
bly due to partial overlap with patterns included in the
training.
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Fig. 7. Results of recognition of unknown treatment classes by the control model. Each column represents the average fraction of correct, wrong and
unknown classification of 10 NNs that were trained without the compound or group of compounds used in the training.
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3. Discussion
3.1. Growing conditions

One of the most important requisites for the work on
metabolic profiling in plants is the stability and repro-
ducibility of the physical conditions in which the plants
are grown. Plants, as all living organisms, react to dif-
ferent environmental stimuli and changes that turn on
and off different genes expressing different proteins and
enzymes, and developing different metabolic states,
usually the most appropriate for the best development
of the organism in the given environment.

In the early developmental stage (5-10 days after ger-
mination) in which the seedlings in this study were
treated and harvested, metabolic changes are fast and
changes in the concentrations of metabolites are con-
siderable for the small amount of growing point tissue
that can be collected. Relative small changes in the
environment of a plant can be reflected in very detect-
able variations in the absolute concentration of a meta-
bolite and with that, a change of the profile.

For these reasons, the use of growing chambers,
where the environmental conditions can be accurately
controlled, is mandatory. In the course of the present
study, for example, some plants had to be transferred
from one growing chamber to another, due to the
mechanical failure of the first one. Several hours at a
more elevated temperature and then change in illumi-
nation produced detectable differences in the metabolic
profiles. The NN can be trained to either recognize or
ignore these changes in environmental conditions.
Thus, it is clear that the use of green houses and field
plots are not appropriate for growing the plants used in
this kind of study. This observation may have implica-
tions for other kinds of profiling, e.g., gene expression
profiling.

3.2. NMR spectroscopy

The use of an acidic matrix to prepare the extracts of
plant tissue allowed us to isolate the widest range of
primary metabolites (amino acids, sugar, sugar-alco-
hols, organic acids, etc.). Due to the relative low sensi-
tivity of NMR spectroscopy, it is important to choose
as many of the metabolites present in the highest con-
centrations as probes for the total metabolic profile.
This extraction matrix does not produce any undesir-
able solvent peaks in the NMR spectrum. Reproduci-
bility of the NMR operating conditions is the key for a
reliable classification of the spectra. Temperature and
spectral width seem to be the most important factors.
The exact total concentration of metabolites in the
sample (which is dependent on the amount of tissue
used for extraction) is less critical for two reasons: (1)
use of an internal reference standard in each sample,

and (2) normalization of all the spectral intensities as
part of the pre-processing of the spectra when preparing
patterns for analysis with the neural network software.

Many replicates of each sample were prepared and
measured in each experiment. Usually 5-12 plants were
grown, treated, and harvested for each treatment class.
Each experiment was repeated at least twice at different
times. We find that there is, even under tightly con-
trolled condition a slight “batch” factor in which sam-
ples of one batch tend to cluster together. This only
becomes a problem when experimental conditions have
changed or if the discrimination is already weakened by
other factors, such as too many similar pathways spread
over too many nodes. Since NNs can be trained to
recognize fluctuations in conditions, it is recommended
to always include, with each batch of treatments to be
classified, a few reference samples of the MOAs that are
most likely to be targeted by the compounds under
investigation.

3.3. Pattern recognition

We have presented the results for a full NN model
that simultaneously recognizes a wide variety of meta-
bolic profiles with a high success rate and confidence.
Most importantly, we find that compounds affecting the
same MOA have related NMR spectra and can be dis-
tinguished from a wide range of other MOAs with high
confidence. Compounds not previously known to the
NN co-classify with other compounds affecting the
same MOA. Related MOAs are sometimes indicated by
an increased fraction of patterns of a treatment being
classified to a second MOA.

MOA classes that are part of the NN training set are
usually well recognized. Inhibitors that affect pathways
that are involved in the metabolism of common, soluble
cellular components, for example inhibitors of the
amino acid metabolism pathways, are the most distinct
and are detected with high confidence. Other inhibitors
do not create large changes in the profile of soluble
compounds compared to controls: the auxin, mitosis,
and microtubule MOAs are difficult to classify in the
background of the many other compounds and produce
a larger fraction of wumknown classifications. Never-
theless, even in these more difficult cases, there are only
a small fraction of false positive classifications and even
those samples are classified with high confidence by the
control model as treated.

The NN method is often capable of handling closely
related pathways, and we find that the analysis of the
confusion matrix for compounds affecting closely rela-
ted MOAs yields fruitful insights in the particulars of
each compound, and highlight similarities as well as
differences in their activity and metabolic fate. For
example, we found confusion between patterns of PS I,
PS II cl, and PS II c2, but not between these patterns
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and that of PS II ¢3. Thus, the separation and analysis
of the confusion pattern yields insight into the response
patterns that are created by the different inhibitors of
the photosystem I and II and their subsystems. The
analysis of the confusion matrix for NNs trained with a
single inhibitor of a series, classifying other compounds
in a series, as discussed for the HPPD inhibitors yields
deeper insight into the differences in metabolic fate.
Compounds not active in corn due to their limited
uptake or rapid metabolism co-classify with highly her-
bicidal compounds of the same chemical family, but at a
reduced NN output activation level. In addition, the
alteration in the metabolic fate may also be indicated
when samples of a treatment are also classified by the
NNs into other classes at elevated percentages (> 5%).
For novel compounds or compounds for which the
MOA is not well established, the MOA might not be
represented in the training set. We simulated this scen-
ario by removing a complete class of compounds prior
to training. The results of the “leave-one-out” experi-
ments highlight a critical feature of the method. A NN
trained to discern treated and untreated samples classi-
fies active herbicides with negligible small false negative
rate to the treated group (see discussion of the Control
model). In a detailed model, like Model A or B, novel
compounds are generally assigned to the correct MOA
or pathway if this pathway has been defined during the
training by the NN. Furthermore, if the pathway is not
known to the network, that is the NN has not seen a
mechanistically-related compound, we are likely to get a
majority of unknown classifications. If related pathways
are present in the training, we are likely to find that
more than 20% of all classifications point to the related
MOA(s). We find such a situation for the related PS
inhibitors and the HPPD inhibitors that have very dif-
ferent activity levels. Compounds of sufficient high her-
bicidal activity affecting the same MOA co-classify at a
high proportion. However, caution is indicated when a
novel compound affects an MOA that is not known to
the NN and the profile of the novel MOA has many
overlapping features with an MOA that is known to the
NN (the confusion of AHAS inhibitors and glyphosate
demonstrates this). The best safeguard against this type
of ““false positive” is the inclusion of as many MOAs as
possible into the NN and the observation of additional
experimental evidence, e.g. the plant phenotype.

The general purpose model, Model A, produces
satisfactory results for many MOAs and might suffice in
praxis for many applications. The model can be gen-
eralized in many ways, and other class assignments can
be chosen. In the variations we studied, we found little
change in the overall success rate upon using different
classification schemes (like various combinations of
MOAs in single or split classes), as long as treatment
classes were not entirely removed. The particular mod-
els detailed in this report were chosen to exemplify dif-

ferent levels of refinement and a stepwise approach that
is most likely to be used in a research setting.

The two step procedure was guided by our quality
control procedures that had indicated that there are
spectra, that include photosystem, mitosis, micro-
tubules, auxin classes, etc., that are statistically very
similar (data not shown), an observation that is con-
firmed by visual inspection of the overlay of the NMR
spectra. Also, controls, AHAS and HPPD inhibitors
were largely overweight in the training of Model A,
since multiple compounds of the same MOA were pre-
sent. Model B has the treatment regimes more equally
represented.

Because these experiments are subject to normal bio-
logical variation, it is unrealistic to expect 100% accu-
rate classification at all times. Some plants might be less
susceptible to a given herbicide than others and their
metabonome would be less affected. In such cases, a
treated plant might be wrongly classified as a control.
Extraneous effects might cause changes in the NMR
spectrum, causing classification of some treatments as
unknown. Different MOAs that result in similar meta-
bolite profiles will be confused with each other, while
other MOAs might have too small an effect on the
NMR spectrum to be classified. Ultimately, it will be
necessary to set a threshold or cut-off for acceptance of
a correctly classified MOA. In general, we find that if
more than 80% of all patterns of a batch are classified
consistently, these assignments can be trusted. As the
unknown fraction for a batch approaches 50%,
increased caution is advised.

In cases where the NN responds to new samples with
over 60% unknown classifications, the MOA of the new
sample might indeed be unknown. A specialized NN
including only those MOAs that have similar metabo-
nomes can improve selectivity. Those compounds that
retain a large number of unknown classifications and
also have a larger number of confusions with other
MOAs or controls will need close scrutiny.

The particular choice of class assignments, classes
included in training, the mix of spectra included in the
training and other factors seem to affect the particular
outcomes to less than 3%, on average. This implies that
the operator has only very limited influence on produ-
cing a particular outcome, except for avoiding parti-
cular MOAs or compounds.

Most variability between the NMR spectra within a
group is found for controls. Every batch was accom-
panied by controls, leading to many more samples, and
thus reflecting the overall variation between the batches
over a period of more than 1 year. Also, plants that did
not grow to the required size before treatment were
sometimes included as controls. Most notably, we
observe that the reproducibility between all spectra has
increased with the experience of the scientist running the
studies such that for the first few batches, correlation
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coeflicients between samples (regardless of treatment) is
better than 0.8, while after all details of the procedures
were fully established correlation coefficients were con-
sistently better than 0.9.

Most false negative (control) assignments are attrib-
uted to the lack of a sufficiently diverse training set. For
example, only a few MOAs are represented by com-
pounds applied to the medium and thus our control
model lacks mostly in recognizing pattern for com-
pounds applied though the medium. The same com-
pounds applied foliar are recognized as treated. A more
representative data set, with more compounds for each
class, and consistent application schemes should over-
come these difficulties.

Selectivity and sensitivity depend to a large degree on
factors other than the patterns themselves, for example
the presence of MOAs used in the training and the
granularity of the class assignments for related MOAs.
Manipulation of the analysis scheme can achieve
increased success rates. If the operator has some
knowledge of the MOAs that a set of compounds might
affect, it might be advisable to reduce the number of
MOASs in the training set. More specialized NNs often
will show increased robustness of the assignments.
Conversely, selectivity and sensitivity drop when the
NN is forced to separate between signatures for closely
related patterns, i.e. to distinguish too many closely
related pathways. However, we strongly favor inclusion
of several MOAs in the training set to avoid creating
signatures that are unrelated to treatment per se, such as
stress markers, rather than a specific compound profile.
In particular, “false positive” assignment (assignment of
a compound to the wrong MOA) can largely be avoided
when enough related MOAs are included to act as
positive controls.

4. Conclusions

This work has shown the feasibility of '"H NMR
spectroscopy of plant extracts, in combination with
artificial neural network analysis, to distinguish treated
from untreated (control) samples and discriminate, with
high reliability, the modes-of-action of many different,
commercially important herbicides. Easily obtainable
extracts from plants, analyzed by 1D '"H NMR contain
a wealth of information about the treatment of the
plants. NMR is sensitive enough to produce fingerprint
information that enables the researcher to discern
between related MOAs and about twenty MOA classes
have been discerned by the automated pattern recogni-
tion approach. Compounds affecting the same target
enzyme are classified by their metabolic profile to the
corresponding MOA, even if only one reference com-
pound is used to create the signature for that MOA.
Compounds with novel MOAs are classified as

unknown. Detailed analysis also highlights differences
between compounds of a series that affect the same tar-
get but that are being metabolized differently. Of the 19
MOAs studied, the control group (untreated), AHAS,
HPPD, ACCase, EPSPS, PROTOX, carotenoid, PS-I,
uncoupler, auxin-like, acetochlor, PS II, and glutamine
synthase inhibitors were all well classified (little or no
confusion with control plants or other MOAs). For
MOAs that have closely related metabolite profiles,
enhanced sensitivity is achieved when a specialized NN
is used that includes only the closely related MOAs.
Such a stepwise process can be included into an expert
system to classify metabonome profiles of all treated
plants with high confidence. The method is reliable
when the experimental conditions are well controlled
and accurately kept under standard conditions. There
exists a large potential for similar applications in the
agricultural and pharmaceutical industries, as many
biological tissues are amenable to study by metabolic
profiling.

5. Experimental

The plant preparation methods were as described
previously in Aranibar et al. (2001). In brief, Zea mays
seeds (Pioneer 3514) were set to germinate for 5-days in
a controlled-environment growing chamber. The plants
were treated post-emergence with the herbicides shown
in Table 1. Twenty-four hours post-treatment, the
plants were harvested and the meristematic tissue
(approximately 250-300 mg per plant) was collected,
flash frozen in liquid nitrogen, and stored in a liquid
nitrogen freezer until further use. The plant meristems
were then pulverized, suspended in 0.25 N HCI, and
centrifuged. The supernatants or plant isolates contain-
ing the soluble metabolites were separated and reserved
for 'H NMR spectroscopy.

For each compound, treatment was repeated in at
least two separate batches, each containing six individ-
ual plants, resulting in at least 12 spectra per com-
pound. While conditions were kept as constant as
possible for the treated plants, some of the control
plants reflect small variations in environmental condi-
tions and growth stage. The batches of plants were
spread over a period of more than 1 year, and a few
plants were grown at a slightly elevated temperature
(due to a malfunctioning temperature controller).
Treatment of plants with AHAS inhibitors, sethoxydim,
glyphosate, and two batches of diuron were applied to
the media, while all other inhibitors were applied to the
leaves (‘“foliar”). The following data were excluded
from most of the analysis due to the lack of sufficient
samples for randomized training and testing: (1) two
glyphosate treated plants were killed rapidly and were
decaying after 24 h; (2) a single batch of six PDS treated
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plants was ignored in some analysis, due to the lack of a
second batch; (3) for the detailed analysis in the latter
part of this paper, we removed one batch with six sam-
ples of control plants and twelve samples of imazetha-
pyr-treated plants because the NMR spectra were
recorded at a higher temperature; (4) we also removed
one control sample that showed strong stress response
signals.

The NMR profiles were classified using a supervised
pattern recognition approach in which a neural network
is “trained” using a set of NMR spectra for plant
extracts whose origin and nature is well known, i.e. with
known herbicide treatments, known genetic phenotypes,
etc. The NMR spectra are “‘memorized” as patterns
during the neural network training step. When the
spectrum of an “‘unknown’ extract is presented to the
trained network, it will be recognized only if it is a
member of the training set; otherwise, it will not be
recognized and will be flagged accordingly.

The SNNS (Stuttgart Neural Network Simulator,
University of Stuttgart, Stuttgart, Germany) software
was encapsulated into a user interface that reads as
input a definition of a network topology, spectra to be
used to train the network, and spectra to be classified.
The output of the classification run is analyzed auto-
matically and converted into tabular and graphical
form. For the NN, a three-layered, fully-connected
topology is defined with 1080 input nodes (representing
the spectral data points after preprocessing), 12 hidden
nodes, and up to 30 output nodes. All nodes are
characterized by a logarithmic input function and unity
output function. Random values are assigned to each
parameter initially, and the resilient backpropagation
algorithm is used for optimizing the weights, which are
updated for 500 iterations in topological order. We use
an initial update value of 0.1 and a maximum step size
of 50. The NN is trained by presenting a subset of the
pattern to a suitable network topology and, after training,
the network can classify the metabonome represented
by the NMR spectra of samples other than those used in
the training. The output of the classification step is in
the form of output unit activation values. The proce-
dure employed converts the activation values into a
more readable classification by assigning a classification
to the spectra if a single output node has an activation
value >0.6 and no other output node has activation
values >0.4. Otherwise, the spectrum is classified as
unknown. The classification for each spectrum by the
NN is recorded and compared to the actual treatment
of the corresponding plant. The number of correct and
wrong classifications are tabulated, and are shown as
bar-graphs, together with the spectra that were classified
as unknown by the NN and that are counted separately.
The classifications are also displayed in the form of a
Confusion Matrix, whose rows indicate the actual
treatment and columns represent the assignment gener-

ated by the NNs. The diagonal elements of the confu-
sion matrix represent correct assignments, whereas
(non-zero) off-diagonal elements imply confusion
between classes. In addition, analysis can be performed
for batches of samples that received the same treatment
rather than an individual sample, thus reducing the
possibility of false conclusions.
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