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Including the bioconcentration of pesticide
metabolites in plant uptake modelingf

Zijian Li ® *? and Peter Fantke ©°

Although several models of pesticide uptake into plants are available, there are few modeling studies on the
bioconcentration of metabolites in plants. Ignoring metabolites in plant uptake models can result in an
underestimation of the parent compound's overall impacts on human health associated with pesticide
residues in harvested food crops. To address this limitation, we offer a metabolite-based plant uptake
model to predict the bioconcentration of the parent compound and its metabolites in plants. We used
the uptake of glyphosate and its major metabolite (aminomethylphosphonic acid, AMPA) into potato as
an example. The analysis of variability revealed that soil properties (affecting the soil sorption coefficient),
dissipation half-life in soil, and metabolic half-life in the potato had a significant impact on the simulated
AMPA concentration in the potato, indicating that regional variability could be generated in the plant
bioconcentration process of metabolites. The proposed model was further compared using the non-
metabolite model. The findings of the comparison suggested that the non-metabolite model, which is
integrated with the AMPA bioconcentration process, can predict the AMPA concentration in the potato
similarly to the proposed model. In conclusion, we provide insight into the bioconcentration process of
metabolites in tuber plants from a modeling viewpoint, with some crucial model inputs, such as
biotransformation and metabolic rate constants, requiring confirmation in future studies. The modeling
demonstration emphasizes that it is relevant to consider bioaccumulation of metabolites, which can
propagate further into increased overall residues of harmful compounds, especially in cases where
metabolites have higher toxicity effect potency than their respective parent compounds.

Although plant uptake models for pesticides are well established, there has been relatively limited research concerning the bioconcentration of their metab-
olites. This gap could potentially result in an underestimation of related health risks posed to consumers. To bridge this gap, we have integrated the uptake

kinetics of pesticide metabolites for inclusion in plant uptake models. Our simulation results demonstrate that the bioconcentration process of metabolites

should not be disregarded when assessing human health risks.

1. Introduction

has generated crucial data (e.g., residue concentrations in crops
at harvest).” Modeling tools (e.g., mechanism-based uptake and
data-driven dissipation models) have become promising to aid

Pesticides have a vital role in enhancing crop yield, guaran-
teeing food security, and fostering agricultural economic
expansion. After pesticide application, pesticide residues may
persist in crops and be transferred into other environmental
media such as air, soil, and water, posing a threat to human and
ecological health."™ To assess human and environmental
health concerns, experimental and modeling studies have made
substantial efforts to explore plant uptake of pesticides, which
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regulatory experts and risk assessors in high-throughput
simulations of residue concentrations in plants as a result of
the registration of hundreds of agricultural active ingredients.®

Models of plant uptake of pesticides have been actively
researched. The simulation results of cutting-edge modeling
methodologies were validated by field observations, resulting in
precise estimates of pesticide levels in plants. For instance, the
foliar vegetation uptake model was developed on the basis of
a one-compartment sink model” and was used for ecological
risk assessment and grazing land management.*® The fruit tree
uptake model was derived from a multiple-compartment
transport model,'*"* which was adapted for usage in several
tree species.””™* In addition, a matrix-based modeling module
was introduced to simulate pesticide concentrations in

This journal is © The Royal Society of Chemistry 2023
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harvested crops,*>*® which had been used for human health risk
assessment and lifecycle impact analysis.*” Other modeling
research studies had also contributed to the comprehension of
plant uptake of pollutants, which aided risk assessment and
phytoremediation tremendously.'®*>*

Some pesticides can be metabolized into harmful metabo-
lites in environmental media or plant tissues, according to
studies. Soil bacteria, for instance, can biotransform glyphosate
into aminomethylphosphonic acid (AMPA), which offers an
extra threat to human or ecological health.>**” Consequently,
AMPA formation must be accounted for in the fate and trans-
port model of glyphosate in soil; otherwise, the hazards to
human health posed by glyphosate in soil may be under-
estimated. Thus, neglecting metabolites in the plant uptake
model could lead to an underestimation of the health risks to
consumers posed by the parent compound in crops. In this
study, we used glyphosate, one of the most widely applied
pesticides on the global market,” as a modeling example.
Glyphosate has a number of metabolites reaching the environ-
ment,” and its primary metabolite AMPA**=* has been shown to
be toxic to humans.*>*® In addition, glyphosate and its metab-
olites are frequently detected in soil and crops,* and the active
metabolite (i.e., AMPA) is occasionally found at higher levels
than glyphosate in plant tissues.’” However, there are few
studies on plant uptake models of metabolites; the absence of
such models could hinder the regulatory process of the parent
compound in crops.

To address this deficiency, we suggested a modeling strategy
to simulate the bioconcentration process of the parent
compound and its metabolites in plants. The three primary
factors are as follows:

(i) Because the tuber uptake model is well-established,****
we used the potato uptake of glyphosate as an example to
conduct the modeling experiment. A reliable bioconcentration
method for the parent compound and its metabolites can be
demonstrated using potato as a model plant. In addition,
glyphosate and its primary metabolite AMPA pose a global
threat to public health, especially in the soil-plant system.*

(ii) We considered biotransformation (through activity of soil
microorganisms) and metabolic (through activity of plant
enzymes) rate constants of substances as placeholder variables
due to data limitations. We performed a variability analysis to
determine the effect of several relevant factors on the simula-
tion outcomes. The suggested model allows users to alter these
model inputs with flexibility.

(iii) We examined the proposed model using the non-
metabolite model despite the lack of field data to support it.
The non-metabolite model pertains to the plant uptake model
that excludes the transformation of parent compounds into
metabolites within the plant. Instead, the non-metabolite
model factors in the uptake of metabolites from external envi-
ronmental sources (such as soil, air, and plant surface). In this
context, the non-metabolite model treats metabolites as sepa-
rately assessed chemicals in terms of the bioconcentration
process. The results of the comparison can assist regulatory
scientists and risk assessors in refining their regulatory exper-
tise regarding the parent compound. From a modeling
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perspective, this study could shed light on the bioconcentration
of toxic compounds in plants.

2. Materials and methods
2.1 General modeling framework

Fig. 1 depicts a general modeling framework for simulating
the uptake of pesticide metabolites by plants. The diagram
shows where the metabolites are generated, such as in envi-
ronmental media and plant tissues, and how they end up in
certain plant tissues, including the uptake and elimination
pathways. When pesticides are applied to croplands, they are
distributed in various environmental media, such as soil, air,
and plant surfaces.’ Plants can take up these pesticides via
different uptake routes.'>*>** Pesticides can also be degraded
and broken down into metabolites, which can be taken up by
plants wvia similar uptake routes as their mother
compounds.*”® Additionally, metabolites can be generated in
plant tissues via the degradation process of their mother
compounds. In this study, we use potatoes as a model plant,
since pesticide uptake both via leaves from air and via tubers

Plant uptake modeling of
chemical compounds
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Air *, —> N
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Fig. 1 Conceptual diagram of a general modeling framework for
simulating the uptake of pesticide metabolites by plants. The purple
arrow represents the transformation process that occurs between
pesticides and their metabolites in various environments, including air,
soil, and plant surfaces, as well as in different plant tissues such as
leaves, fruits, stems, and roots. The black lines depict the transport of
both the pesticide and its metabolites among different environments
and plant tissues.
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from soil and roots contributes to residual concentrations in
the harvested crop components.*>*® The considered pesticide
transport, plant uptake and metabolism processes are,
however, also applicable to a wider range of food and feed
crops.

2.2 General model for potato uptake of metabolites

The framework for bioconcentration modeling of pesticide
metabolites in potatoes is depicted in Fig. 2. The bio-
concentration model was proposed on the basis of current
potato uptake models,*****° in which diffusion is the prin-
cipal uptake or elimination pathway of chemicals between
potatoes and soil. These potato uptake models employed in
this study conceptually depict the potato as having a spherical
shape, utilizing first-order rate constants to characterize the
uptake and elimination kinetics of pesticides within the
potato. The diffusion-driven kinetic behavior of pesticides
captures the exchange of pesticides between the potato and
soil. Within the potato structure, these models further
incorporate a rate constant to account for the dilution effect
on pesticide bioconcentration stemming from potato growth.
From a risk and impact assessment perspective and due to
data constraints, these models typically omit the biodegra-
dation or biotransformation processes of pesticides within
potato tissue.”” However, our study deviates from this
approach by incorporating such processes, as our primary
focus centers on considering the generation of pesticide
metabolites. Both soil and potatoes are involved in the
transformation of the parent compound into metabolites.
Additionally, the parent compound and metabolites in pota-
toes undergo dilution due to potato growth. Contrary to root
plants, xylem and phloem transport did not significantly
contribute to the uptake of pesticide residues by tubers;***¢*®
hence, the bioconcentration of parent compounds and their
metabolites in potato leaves was not simulated in this study.
After pesticide application, the parent compound (i.e., the
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active ingredient) will first deposit in the surface soil and then
be degraded into metabolites; therefore, the proposed model
assumes that the initial concentrations of pesticides in tubers
and the initial concentrations of metabolites in the soil and
tubers are both zero.

To simplify the simulation process, the following assump-
tions are made. First, the transformation of parent compounds
and their metabolites is assumed to be irreversible, especially
when enzymes (such as soil microorganisms and plant P450s)
serve as catalysts for the chemical reactions. Second, we only
consider the parent compound's first-level transformation (i.e.,
the breakdown of metabolites into higher-order transformation
products is not considered). Third, it is assumed that the
formation of metabolites conforms to the first-order kinetics
corresponding to the degradation of the parent compound.*
Then, the general model for describing the tuber uptake of the
parent compound and its metabolites from soil can be
expressed using the following equations.

Within the soil compartment:

dCP,soil(t)
Parent compound : dr
Cp,soil(f =0)= Cp,son(o)

= ki Coson (1) (1)

dCisoil(? , _
%() = klt\ﬂzf)il Crsoin(1) — kgfllsj.soil Chisoil (1)

CMj,soil(t = 0) =0

Metabolite i:

(2)

where Cpgoi(tf) (mg kg™") and Cuisoi(t) (mg kg ') are the
concentrations of the parent compound and metabolite i in soil
as a function of time (¢, d), respectively; kgf:gﬂ (d™") and kﬁif‘,f_
il (A7) are the dissipation rate constants of the parent
compound and metabolite i in soil respectively; kfrson (A7) is
the production rate constant of metabolite i in soil via
transformation.

-
——
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Fig. 2 Schematic of bioconcentration modeling of pesticide metabolites in potatoes.
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n ZkO‘heHPCP,other(f); Crplant(f = 0) = 0 and Cpoer (1 =0) =0

P,plant

Metabolite i:
etabolite i &

dCwu; t
—Miiplanti?/ ,plam( ) = k;,[jvglﬂmCM,i,soil(t) +

trans
M, i,plant CPA,plam ( t)

P—oth Met 4
_< Z kMJgthS; + kM,ei,plam + ki{;:;) CM,i,plant(t) ( )

+ ZkOMuf;;n}:CM‘i.other(t); CM.i.plam(t = 0) and CM.i.mher(t = 0) =0

Within the plant compartment (generic crop):
where Cp pland(t) (mg kg ") and Cpome(t) (mg kg ') are the
pesticide parent compound concentrations in the plant tissue
and other parts of the plant, respectively; Cy,; plane(t) (mg kg ™)
and Cu,; otner(t) (Mg kg ') are the concentrations of metabolite i
in the plant tissue and other parts of the plant, respectively;
kS by (A7), KBt (@), kbt (d7Y), Rgers? (d) and
k&igne (d™") are the soil-to-plant uptake, plant-to-other parts
elimination, metabolic, other parts-to-plant uptake, and dilu-
tion (due to the plant growth) rate constants of the pesticide
parent compound, respectively; k375 (d7), kNfiplan (d71),

M.i,plant
kyroher (d™), kmgplant (1), and kgiher>? (d™) are the soil-to-

M,i,plant
plant uptake, production, plant—to—ol;her parts elimination,
metabolic, and other parts-to-plant uptake rate constants of the
metabolite 7, respectively.

Within the tuber compartment as an additional component

for potato as an example crop, we have:

dCP,tuber(Z) _ kS—>T
Parent compound :
CP,tuber(t - 0) =0

dGuitber(t) _ st
Metabolite i: dt
CM‘i.tuber(t = 0) = 0

where Cp wper(t) (Mg kg™") and Cupspuper(t) (mg kg™') are the
concentrations of the parent compound and metabolite i in the
: : - -1 - -1
tuber as a function of ¢, respectively; &y he, (A7), Kb (A7),
beaber (A1), and k&iper (d 1) are the soil-to-tuber uptake, tuber-
to-soil elimination, metabolic, and dilution rate constants of
the parent compound,  respectively; Ky ;fper (A7),
Moneaber (A1) kg7 oper (A7), and kv uber (A7) are the soil-to-
tuber uptake, production (via metabolism of the parent

compound), tuber-to-soil elimination, and metabolic rate

This journal is © The Royal Society of Chemistry 2023

constants of metabolite 7, respectively. The analytical solutions
of Cp tuber(t) and Cu i ruber(t) are provided in the ESI file.}

2.3 Added toxicity factor

To analyze the toxic effect of the parent compound and its
metabolites in potatoes on humans, we applied the added
toxicity factor (ATF, dimensionless) of the pesticide (the parent
compound), which is defined as the toxicity ratio of metabolite i
to the pesticide and can be expressed as follows:

HHEy

ATFw = HHE,
P

(7)
where ATFy;,; denotes the ATF of metabolite 7, indicating the
relative toxicity of metabolite i “added” to the parent
compound. The ATF quantitatively illustrates the toxicity
potency related relationship between a metabolite and its
parent compound. This information can then be utilized to

T—-S Met grow
ds P.tuber CP>50“ ([) - (kl’,tuber + kP‘tcuber + ktuber) CPJUbEI‘(I) (5)
T-S M
- kMA,i,luber CM«,fvSOil(t) + k;\r/la,?iuber CP.tuber(Z) - (kM.i.luber + kMi'Eluber + kﬁ:ﬁ::) CM.i,luber(Z) (6)

characterize the overall potential toxicity equivalent of the
pesticide that may potentially be introduced into the environ-
ment.** HHEy;;, and HHEp are the human health effects of
metabolite 7 and the parent compound, respectively, which can
be characterized using toxic endpoints. If the parent compound
and its metabolites have the same mode of action, then eqn (7)
can be further expressed as follows:
_ Cwuiituber () RPFy oral

ATFy, (1) = o (8)
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where the ATF of metabolite i becomes a function of ¢, namely
ATFy, i(t), depending on the time between pesticide application
and harvest (i.e., the time-to-harvest interval or [THI, d]).
RPFy;;ora1 (dimensionless) is the relative potency factor of
metabolite i via the oral route, which can be derived using
a surrogate chemical (i.e., the parent compound). Thus, the
toxicity of the mixture (comprising the parent compound and
its metabolites) equivalent to the parent compound can be
expressed using the equivalent toxicity factor (ETFmixturep,
dimensionless) as follows:

ETFoixure-p(f) = ATFp(1) + Y ATFy,(1)
i=1

i=

n

Z CM.i,tubcr(l)RPFM,[‘oral

=1+ i=1 9
CP‘tuber(z) ( )

If the parent compound and its metabolites have the same
toxicological properties (or they are considered to do so due to
information limitations), eqn (8) and (9) can be further
expressed as follows:

CM i.tubcr(t)
ATFy, (1) = ittt 10
v ( ) CP‘lubcr([) ( ]
Z CM,i‘tuber(l)
ETFmixtureﬂP([) =1+ =l (11)

CP‘tuber (Z )

where RPFy;ora values in eqn (8) are set to 1. In general,
metabolites tend to share the same mode of action (MoA) as
their parent chemicals, but their toxicity potency may differ;
hence, we assumed concentration addition to calculate the
toxicity of the glyphosate and AMPA mixture. In circumstances
where metabolites and their parent chemicals have distinct
MOoA, mixture techniques**~* that account for different MoA will
be more appropriate to account for the various combinations of
toxic pressure of mixtures.

2.4 Model application (glyphosate)

Due to a lack of knowledge on AMPA's toxicity in humans,**>*

AMPA is assigned a RPFy; o1 Value of 1 because its toxicity
profile and mechanism of action are thought to be comparable
to those of glyphosate. The ESI filef contains the complete
equations of Cp tuber(t) and Cpiruber(t), as well as the model
input data. In addition, Maggi et al. (2020)** assessed glyphosate
and AMPA concentrations in global surface soils. We used the
data of Maggi et al. (2020)** to estimate the potential toxic
pressure of the combination of glyphosate and AMPA in pota-
toes, which can benefit risk and impact assessors in predicting
the health risks via crop consumption. The simulation results
are provided in Table S1.f The model input variables, which
encompass first-order uptake and elimination rate constants for
glyphosate and AMPA, growth rate constants, and partition
coefficients, were derived using established and validated
modeling methodologies.**** The calculations for these vari-
ables are provided in the ESI filef (Section S2).

1712 | Environ. Sci.: Processes Impacts, 2023, 25, 1708-1717
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2.5 Variability analysis

Environmental variables (e.g., soil quality and weather) have
been shown to greatly affect plant uptake of soil pollutants,
particularly for underground crops (e.g., root and tuber crops).
Consequently, it is required to assess the variability in the
simulated concentrations of the parent compound and its
metabolites, which can give spatiotemporal simulations, in
order to extend the suggested model beyond the local level. To
do this, we altered the organic carbon-water partition coeffi-
cients and dissipation rate constants of compounds in the soil
in order to generate the variable intervals of the simulated
concentrations of the parent component and its metabolites in
the potato. Due to the lack of information on metabolic rate
constants of pesticides in plant tissues (including tubers),***>>®
we also varied the metabolic rate constants of glyphosate and
AMPA in tubers to evaluate the effect of metabolic kinetics on
the simulation results. The variability intervals of the simulated
concentrations of the parent compound and its metabolites in
potatoes were subsequently generated. The analysis of vari-
ability can aid users in carrying out the modeling exercise in
regional settings. The method to perform the variability analysis
is provided in the ESI file.}

2.6 Model comparison

To test the suggested method for simulating the bio-
concentration of metabolites in potatoes, we compared the
simulation results (ie., the residue concentrations in the
potato) between the proposed metabolite model and the non-
metabolite model. For the non-metabolite model, the metabo-
lites of the parent compound are not taken into account;
instead, the metabolic rate of the parent compound in potatoes
is set to zero for conservative risk assessment.*®*° Conse-
quently, for the non-metabolite model, an equivalent toxicity
factor is calculated based on the concentration of the parent
compound in the potato. Hence, the comparison results can be
used to examine the conservatism of the suggested metabolite
and non-metabolite models in assessing the risk to human
health. Furthermore, while the non-metabolite model does not
consider biotransformation of the parent compound within the
plant tissue, it can consider the bioconcentration of metabolites
formed in soil, in air, or on plant surfaces, based on separately
modeling metabolite uptake into plants. As a cross-check, we
have compared the simulation results between the metabolite
and non-metabolite models in terms of metabolite concentra-
tions in potatoes.

3. Results and discussion

3.1 Processes of glyphosate and AMPA bioconcentration in
potatoes

This section entails the simulated concentration of glyphosate
and its primary toxic metabolite (i.e., AMPA) in potato as
a function of time following glyphosate application (Fig. 3). The
simulation was based on an initial glyphosate concentration of
1 mg kg™ in the soil, which users can set arbitrarily (see eqn
[s4a]-[s4b] in Section S1t). This value was chosen as it falls

This journal is © The Royal Society of Chemistry 2023
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Fig. 3 (A) Simulated glyphosate and AMPA concentrations and the
glyphosate equivalent toxicity factor (ETF, dimensionless) using the
proposed metabolite model based on an initial concentration of
glyphosate of 1 mg kg~ in the soil plotted against time after glyph-
osate application (i.e., t = 0 d). The metabolic rate constant of AMPA in
the potato was set to zero.

within the range of current, realistic application doses, field
observations, or analytical detections.””*® The simulation
results for the BCF remain generally unaffected by variations in
pesticide and metabolite concentrations in the soil. This high-
lights that the BCF could serve as a more stable indicator for
assessing the bioconcentration potential in potatoes compared
to solely considering the absolute chemical concentration
values. Fig. S11 shows the simulated soil concentrations of
glyphosate and AMPA. Fig. 3 illustrates that the concentration
of glyphosate in the potato increased rapidly following pesticide
application, as predicted by the simulation results. For
instance, the maximum concentration of glyphosate in the
potato was reached approximately 3 d after the application of
the pesticide. This phenomenon is the result of a greater
elimination rate constant of glyphosate in potatoes compared to
the uptake rate constant. The glyphosate elimination from the
potato includes tuber-to-soil diffusion, metabolic, and growth
dilution processes, for which the elimination rate constants
were simulated as 0.69 d ', 0.15 d ™", and 0.14 d ™', respectively
(Section S17); however, the uptake rate constant of glyphosate in
the potato (via the soil-to-tuber diffusion process) was estimated
tobe 1.7 x 10 % d " (Section S1t). Consequently, the inflection
point (i.e., the maximum value) of the dissipation curve of
glyphosate in the potato occurred shortly after pesticide
application.

In contrast, the simulated AMPA concentration in the potato
increased over the selected time period (i.e., from 0 d to 30 d).
For instance, 5 d after glyphosate application, the simulated
AMPA concentration in potato (i.e. 0.012 mg kg™ ") was less than
30% of the simulated concentration 30 d after glyphosate
application (i.e. 0.2 mg kg™ *). This observation is a result of the
increased uptake of AMPA by potatoes. The potato uptake of
AMPA includes not only the soil-to-tuber diffusion process, but
also the parent compound-to-metabolite production process
(i.e., the biotransformation of glyphosate into AMPA in the
potato); additionally, the elimination route via biotransforma-
tion (i.e, the metabolic rate constant) of AMPA was not
considered due to a lack of data. Thus, the simulated bio-
concentration process of AMPA displayed a different pattern

This journal is © The Royal Society of Chemistry 2023
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Fig. 4 Simulated bioconcentration factors (BCFs, dimensionless) of
glyphosate and AMPA in the potato using the proposed metabolite
model plotted against time (t, d) after glyphosate application (i.e., t =
0 d). The BCF of the compound is defined as the concentration ratio
between potatoes and the soil. The metabolic rate constant of AMPA in
the potato was set at zero.

from that of glyphosate. This difference in the simulated
concentrations of glyphosate and AMPA in the potato is also
evident in Fig. 4, where the bioconcentration factor (BCF,
defined as the compound concentration ratio between the
potato and soil) for AMPA was significantly greater than that for
glyphosate. Fig. 3 further demonstrates that the simulated ETF
of glyphosate in the potato increased more rapidly with
increasing time following pesticide application. 5 d after
pesticide treatment, the simulated ETF of glyphosate in pota-
toes was 10, and 10 d after pesticide application, this value was
roughly 25. This upward trend was a result of the declining
glyphosate concentration and the increasing AMPA concentra-
tion in the potato. We chose to conclude the simulation at 30 d,
considering that the pre-harvest interval (PHI) for glyphosate in
many crops typically spans from 7 to 28 d.** Additionally, we
noted a consistent increase in the simulated ETF value and
AMPA concentration in potatoes throughout the potato growth
period. This increase is attributed to the lack of a degradation
rate constant for AMPA in potatoes, stemming from data limi-
tations. As necessary data become accessible, this calculation
can be refined by incorporating the degradation rate constant
into the model.

3.2 Variability analysis

This section presents the findings of the variability test to assess
the effect of dissipation kinetics in the soil, soil sorption
partition coefficient (Koc, L kg™ ') and metabolic kinetics in the
potato on the simulation results. Fig. 5A depicts the variability
intervals of the simulated concentrations of glyphosate and
AMPA in the potato when the dissipation rate constants of
glyphosate and AMPA in the soil were varied. The intervals ‘1’ of
glyphosate and AMPA were calculated using the maximum
dissipation rate constants of glyphosate and AMPA in the soil,
whereas the intervals ‘2’ were calculated using the minimum
dissipation rate constants. Using the highest dissipation rate
constants of glyphosate and AMPA in the soil, the simulated
glyphosate concentration in the potato was significantly lower
than that using the minimum dissipation rate constants. This
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Fig. 5 (A) Variability intervals of simulated concentrations of glyph-

osate and AMPA in the potato plotted against time (t, d) after glyph-
osate application (t = 0 d). The simulation was based on an initial
glyphosate concentration of 1 mg kg™t in the soil. Variability interval 1
was generated using the maximum dissipation rate constants of
glyphosate and AMPA in the soil. Variability interval 2 was generated
using the minimum dissipation rate constants of glyphosate and AMPA
in the soil. The ranges of dissipation rate constants of glyphosate and
AMPA in the soil are provided in S3.1.¥ (B) Variability intervals of
simulated concentrations of glyphosate and AMPA in the potato
plotted against time (t, d) after glyphosate application (t = 0 d). The
simulation was based on an initial glyphosate concentration of 1 mg
kg~ in the soil. Variability interval 1 was generated using the minimum
soil sorption partition coefficients (Koc, L kgfl) of glyphosate and
AMPA. Variability interval 2 was generated using the maximum Koc
values of glyphosate and AMPA. The ranges of dissipation rate
constants of glyphosate and AMPA in the soil are provided in S3.2.7 (C)
Variability intervals of simulated concentrations of AMPA in the potato
plotted against time (t, d) after glyphosate application (t = 0 d). The
simulation was based on an initial glyphosate concentration of 1 mg
kg™t in the soil. Variability intervals were generated by setting the
metabolic rate constants (kn, d~%) of AMPA in the potato to 0 d %, 0.1
d™% 025d7" and 0.5d". Due to little information on the metabolic
kinetics of AMPA in plants,**¢ we arbitrarily set the metabolic rate
constants to test the variability.
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was because there were fewer glyphosate residues in the soil
(using the maximum dissipation rate constants), limiting the
mass transfer of glyphosate into the potato. In contrast, the
simulated AMPA concentration in the potato when using the
maximum dissipation rate constants of glyphosate and AMPA in
the soil was significantly higher than that when using the
minimum rate constants. AMPA in the soil is formed by the
biotransformation (part of the overall dissipation process) of
glyphosate in the soil; therefore, employing the maximum
dissipation rate constant of glyphosate in the soil would boost
the mass transfer process of AMPA from the soil to the potato.
For example, 5 d after glyphosate application, when using the
maximum dissipation rate constants of glyphosate and AMPA in
the soil, the simulated AMPA concentration in the potato (i.e.,
2.6 x 107° mg kg~ ') was 12 times higher than that (i.e., 2.1 x
10" mg kg~ ') when using the minimum dissipation rate
constants.

The variability test on Koc had a different effect on the
simulation findings than the soil dissipation rate constant. The
intervals ‘1’ of glyphosate and AMPA were calculated using the
minimum soil sorption partition coefficients of glyphosate and
AMPA in the soil, whereas the intervals ‘2’ were calculated using
the maximum soil sorption partition coefficients. Fig. 5B
demonstrates that the variability intervals of the simulated
glyphosate and AMPA concentrations in potatoes followed the
same trend. For instance, the simulated concentrations of
glyphosate and AMPA in potato using the minimum Ko values
(i.e., intervals ‘1’) were greater than those using the maximum
Koc values (i.e., intervals ‘2’). This is due to the fact that the Ko¢
value of the chemical determines the associated soil-water
partition coefficient (Ksw, L kg’l) which in turn influences the
soil-to-tuber diffusion rate constant of the compound. Conse-
quently, low Koc values of glyphosate and AMPA led to low
simulated Kgw values (i.e., more residues will dissolve in the
water phase of the soil), which accelerated the soil-to-tuber
diffusion process. In addition, we noticed significant fluctua-
tions in the simulated concentrations of glyphosate and AMPA
in potatoes. For instance, 5 d after glyphosate application, the
simulated AMPA concentration in the potato was 5.6 x 10~> mg
kg~ " using the minimum Ko value of AMPA (i.e., 1160 L kg™ )
compared to 2.5 x 10> mg kg " using the maximum Ko value
of AMPA (ie, 24800 L kg '). The predicted glyphosate
concentrations in the potato likewise exhibited a great deal of
variance. Glyphosate and AMPA are ionizable chemicals whose
Koc values are significantly influenced by the soil type, pH,
charge, and organic matter content.”* Consequently, the
heterogeneity of soil conditions can result in a wide range of
simulated concentrations of glyphosate and AMPA in potatoes.

As there is limited information on the metabolic kinetics
(i.e., metabolic rate constants) of pesticides in plants,*** we
performed the model exercise with a metabolic rate constant of
zero for AMPA (Section S21). Although this cautious approach
may be valid for human health risk assessment,***° it may
overestimate the concentration of pesticides in harvested crops.
In order to investigate the effect of AMPA's metabolic kinetics
on the simulation findings, we altered the metabolic rate
constant of AMPA in the potato. The variation in the simulated

This journal is © The Royal Society of Chemistry 2023
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AMPA concentrations in the potato increased with increasing
time, as depicted in Fig. 5C of the simulation findings. For
instance, 5 d after glyphosate application, the simulated AMPA
concentrations in potatoes were 1.2 x 10~> mg kg™ " and 8.9 x
10~% mg kg ! using the metabolic rate constants of AMPA in
potatoes of 0 d* and 0.5 d™*, respectively, which ranged by
nearly 40%. Nevertheless, 30 d after glyphosate application, the
predicted AMPA concentrations in potato differed by nearly 50
percent. This was attributed to the increased AMPA concentra-
tion in the potato with time, which raised the AMPA mass loss
rate according to first-order metabolic kinetics. The metabolic
kinetics of AMPA had a lower effect on the bioconcentration of
glyphosate and AMPA in potatoes compared to the soil dissi-
pation kinetics and Koc.

3.3 Model comparison and recommendations

In this section, we compare the simulation findings for the
suggested metabolite and non-metabolite models, which can
assist risk assessors and chemical destiny modelers in
improving plant uptake models for human health risk assess-
ment. Due to the omission of the glyphosate metabolic process
in the non-metabolite model, the simulated concentration of
glyphosate in the potato was greater in the non-metabolite
model than in the metabolite model, as shown in Fig. 6.
Approximately 6 d after glyphosate application, the variation in
the simulated glyphosate concentrations between the metabo-
lite and non-metabolite models reached its maximum value,
with the glyphosate concentration simulated using the non-
metabolite model being approximately 20% higher than that
simulated using the metabolite model. The simulation results
suggested that the tuber-to-soil diffusion process dominated
the overall elimination kinetics of glyphosate due to the high
hydrophilicity of glyphosate (ie., logKow of —3.4), which
resulted in a high simulated tuber-water partition coefficient of
glyphosate. Moreover, 30 d after glyphosate application, the
difference in glyphosate concentrations between the metabolite
and non-metabolite models was negligible (i.e., 7 x 107> mg

2.0E-03

5.E-02
— Glyphosate (metabolite model)

= = -Glyphosate (non-metabolic madel)
—— AMPA (metabolite model) ’
= = =/AMPA (non-metabolic model),,

- =

' & 4.E-02

1.5E-03

3.E-02
1.0E-03
2E-02
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AMPA concentration (mg kg™1)

1E-02

Glyphosate concentration (mg kg

0.0E+00
0.03 0.3 3

Time after pesticide application (d)

0.E+00
30

Fig. 6 Simulated glyphosate and AMPA concentrations in the potato
plotted against time (t, d) after glyphosate application (t = 0 d) using
the metabolite model compared to the simulated concentrations
using the non-metabolite model. The simulation was based on an
initial glyphosate concentration of 1 mg kgt in the soil. In keeping with
current potato uptake models, the metabolic rate constant of glyph-
osate in the potato was set to zero for the non-metabolite model.38-4°
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kg ") due to the low simulated glyphosate concentrations in the
potato using both models. Thus, the non-metabolite model
agreed with the metabolite model in forecasting the glyphosate
concentration in the potato at harvest, as demonstrated by
recent modeling studies on various pesticides.***°

As the major metabolite of glyphosate (i.e., AMPA) in the
potato could have hazardous effects on human health,**>* the
uptake process of AMPA in the potato must be incorporated into
the non-metabolite model. AMPA concentrations in global soil
reveal the potential toxicity of AMPA in potatoes,*” The potential
risk of AMPA to consumers depends on both its quantity (in
terms of the residue bioconcentration potential in plants) and
the toxicity (in terms of chemical-intrinsic hazard properties).
Therefore, high concentrations of AMPA in soils may result in
elevated levels of AMPA in potatoes (Table S1t). As a result, when
evaluating the bioconcentration of glyphosate in potatoes, the
presence of AMPA cannot be ignored. In order to improve the
non-metabolite model, we disregarded the biotransformation of
glyphosate into AMPA in potatoes (i.e.,, the metabolic rate
constant of glyphosate in the potato was set to zero to be
consistent with the non-metabolite model). Thus, the bio-
concentration of AMPA in potatoes, which was solely formed in
the soil due to the breakdown of glyphosate, can be recreated
using the non-metabolic model via the soil-to-tuber diffusion
process. Fig. S21 demonstrates that the simulated AMPA
concentrations in the potato did not differ significantly between
the two models when ¢ was greater than 5 d. This concordance
between the two models was the result of low simulated glyph-
osate concentrations in the potato, which led to a low rate of
AMPA synthesis via biotransformation. Incorporating the uptake
of AMPA from the soil into the tuber, the non-metabolite model
is therefore able to forecast AMPA concentrations in the potato.

The outcomes and methodology could aid risk assessors in
evaluating health risks for consumers and preventing the
oversight of potential hazards arising from metabolites. While
we focused on potatoes and glyphosate as our demonstration,
the modeling approach we propose is versatile and can be
applied to various plant species, chemical species, environ-
mental conditions, and regions. Further details are provided in
Section 2.6 of the ESI file.t

4. Summary and conclusions

In this study, we developed a metabolite-based modeling
strategy to mimic the bioconcentration process of pesticides
and their metabolites in plants. Using the tuber plant as an
illustration, we demonstrated the bioconcentration process of
glyphosate and its most toxic metabolite (i.e., AMPA). The
simulation results suggested that the bioconcentration
process of AMPA cannot be disregarded, since the simulated
concentration of AMPA in potatoes could pose a greater risk to
human health than that of glyphosate. The modeling exercise,
which employed glyphosate, highlighted the importance of
considering the bioaccumulation of metabolites in plants,
particularly those with higher toxicity or lower dissipation
kinetics than their parent compounds. The results also indi-
cated that soil properties, dissipation kinetics of pesticides in
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the soil, and metabolic kinetics of pesticides in the potato had
a significant impact on the simulated concentrations of
glyphosate and AMPA in the potato, which should be taken
into account in regional-specific risk assessments. Due to
a paucity of information regarding the biotransformation and
metabolic rate constants of parent compounds and their
metabolites in plant tissues, the bioconcentration model of
metabolites in plants (i.e., the model is only applicable when
the kinetics of metabolites are known) can be improved by
implementing the following suggestions:

(i) Advanced techniques, such as mechanism-based models,
in silico predictions (e.g., quantitative structure-activity rela-
tionship), and in vitro analysis, should be developed to collect
information on soil-, plant-, and chemical-specific biotransfor-
mation half-lives of parent compounds and their metabolites;

(if) Multiple compartment plant uptake models, including
roots, leaves, fruits, trees, and periderms, should be combined
with the metabolite uptake process to thoroughly mimic the
bioconcentration process of metabolites in diverse plant
components;

(iii) To apply regulatory methods (e.g., environmental stan-
dards) for limiting levels of metabolites in crops at harvest
before necessary data (e.g., biotransformation kinetics) are
available, regulatory approaches such as read-across and expert
judgment are required.

(iv) The biotransformation (through the activity of soil
microorganisms) and metabolic (through the activity of plant
enzymes) kinetics and toxicity of pesticides and their trans-
formation products (e.g., metabolites) should be collected in
a database. To establish such a database, it is necessary to
undertake a comprehensive literature review of experimental or
field studies.”* In addition to experimental data, degradation
pathway models (such as EnviPath) can be regarded as
a supplemental tool.*

Appendix

ESI file - model input data and analytical solutions.f
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