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Abstract: Phalaris minor Retz. (littleseed canarygrass) is the most problematic and herbicide-resistant
weed in the rice-wheat cropping system in India. As such, it poses a severe threat to wheat yield
and food security. A number of herbicidal and agronomic practices have been identified for the
effective control of P. minor. These include crop rotation, crop establishment methods, herbicide spray
technology, sowing time, weed seed harvest and effective herbicide mixtures. A population model
of P. minor was built based on the life cycle of the species, herbicide resistance mechanisms and the
effects of weed control practices. The model simulated the interactions of these factors and provided
the best management recommendations for sustainably controlling this noxious weed species. Model
results indicate that integration of chemical and non-chemical control methods was the most effective
and sustainable strategy. For example, the integration of a happy seeder (a tractor-mounted mulching
and sowing machine) with an effective post-emergence herbicide reduced the probability of weed
control failure by 32% compared to the scenario with a rotavator and the same herbicide. Similarly,
more conventional crop establishment methods such as a rotavator and conventional tillage could
be accompanied by pre- or post-emergence applications of herbicide mixtures. Adoption of good
herbicide spray technology and weed seed harvest delayed the onset of resistance evolution by up to
four years. Furthermore, effective crop rotation such as the inclusion of sugarcane in place of rice in
the summer season reduced the risk of resistance evolution by 31% within the 10 year simulation
period. In addition to the scenarios using representative parameter values, the variability of model
predictions was investigated based on some field experiments. The model provided a powerful tool
for promoting Integrated Weed Management and the sustainable use of herbicides. Pragmatic ways
of dealing with uncertainty in model prediction are discussed.

Keywords: herbicide resistance; uncertainty; decision-support tools; herbicide mixtures; preventive
methods; crop rotation

1. Introduction

Phalaris minor Retz. is the most common grass weed in wheat agro-ecosystems in India
and was effectively managed by tillage, manual weeding and diversified crop rotations
in the past. The green revolution in the late 1960s saw large increases in wheat yields
in India, and rice-wheat rotation became popular in areas with high soil fertility and
assured irrigation, such as Punjab and Haryana. However, rice cultivation favours the
persistence of P. minor [1], and growers have relied heavily on herbicides for the control of
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this weed. In the 1970s, isoproturon, a photosystem II (PSII) inhibitor, provided effective
control of P. minor. Since the late 1990s, evolved resistance to isoproturon [2,3] has led
to the introduction and high adoption of herbicides with alternative modes of action
(MoAs), for example, clodinafop and fenoxaprop, both acetyl CoA carboxylase (ACCase)
inhibitors, and sulfosulfuron, an acetolactate synthase (ALS) inhibitor. After around six
years of continuous use, resistance to these herbicides [4—6] again led to the introduction
of newer products, such as pinoxaden (PXD), an ACCase inhibitor, and mesosulfuron
and iodosulfuron, both ALS inhibitors. More recently, evolved resistance to these latter
herbicides has also been reported [6-8]. In 2017-2018, many growers in the rice-wheat
belt sprayed the herbicides two to three times but still failed to control the weed. Due to
its prolific seed production, P. minor densities can reach as high as 1000-2000 plants/m?,
causing yield losses of 50-100% [9]. Even at modest densities of 5-50 plants/m?, wheat
yield can be reduced by 8-50% [10]. In some fields with high resistance levels, where
herbicides have failed to control P. minor, the crops have sometimes been cut for fodder,
resulting in huge financial loss to the growers. The increasing occurrence of multiple
herbicide resistance indicates that relying on a single herbicide for long-term control of P.
minor populations is unrealistic, and so Integrated Weed Management (IWM) strategies are
recommended [11,12]. An effective INM approach should include strategies to prevent
the soil seedbank from flourishing, to understand the weed biology, and to determine
the critical control window and the actual control practices [13]. The principle of IWM
is to combine cultural, mechanical and herbicidal practices to make cropping systems
unfavourable for weeds to survive and reproduce [14]. There are multiple factors to balance
in IWM, and population models can be particularly useful for studying the interactions of
these factors [15,16]. Models can quantify the contribution of “many little hammers” [17]
and predict the integrated effect on the population dynamics and resistance evolution. As
“no two problems are the same—even in adjacent fields” [18], predictive models can help
growers plan for appropriate responses while recognising the field-specific aspects of the
weed control problem.

Weeds and the agricultural systems are highly variable by nature. Different soil
texture, temperature, water availability, nutrients and light conditions could lead to varying
patterns in weed emergence and their responses to anthropogenic activities (e.g., [17,19-21]).
Consequently, the effect of agronomic practices on weed control also varies. For example,
delayed autumn drilling reduces Alopecurus myosuroides Huds. populations by 31% on
average, but the effect could range from —71% to 97%, due to the increased vulnerability
to inclement weather with delayed drilling [22]. In a dryland field experiments in the
US, cover crop had inconsistent effects on suppressing weed density, possibly due to the
variable moisture retained in the soil with cover crops [23]. These variabilities are often
the source of uncertainty in agricultural reality but are not necessarily reflected in model
predictions. Uncertainty can have a big impact on the quality of environmental decision
making [24,25]. Previous attempts to address uncertainty in decision-support tools include
multicriteria decision analysis (MCDA), data uncertainty engine (DUE), integration of
fuzzy-rule-based models and probabilistic data-driven techniques, Bayesian probability,
model divergence correction, etc. [24,26,27]. In addition to these modelling techniques,
field experiments specifically designed to inform model parameterisation could be helpful.
In this study, we built a population model based on the life cycle of the weed, herbicide
resistance mechanisms and the effects of chemical and non-chemical weed control practices.
Ten core scenarios representing the management practices of P. minor in the rice-wheat
agro-ecosystems in India were simulated. The influence and interactions of multiple factors
on weed density and resistance evolution were analysed based on the model predictions.
Uncertainties around some of the scenarios were explored via varying parameters based
on field experiments.
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2. Materials and Methods
2.1. Field Experiments on the Variation around Non-Chemical Weed-Control Methods

The model and the core scenarios were parameterised based on existing knowledge
and literature data and therefore were independent of the field experiments. The purpose
of the field experiments was to better understand the realistic range and help introduce
variations to the effects of non-chemical weed control methods in the model. Field experi-
ments were conducted in a field with sandy-loam soil in 2019-2020 at Punjab Agricultural
University (30°54’' N, 75°48' E) to study P. minor emergence (Experiment 1), seedbank
density and the effects of weed seed harvest (Experiment 2) and herbicide spray nozzles
(Experiment 3). The experimental site is within the Central Plain Region of Punjab under
the Trans-Gangetic agroclimate zone of India. The climatic conditions of the area are
listed in Table 1. Each experiment plot consisted of 12 x 7 m rows, and the plots were
separated by 0.5 m ridges. Plots were arranged in a randomised complete block design,
with four replications for Experiments 1 and 3 and three replications for Experiment 2. The
replications were separated by 2 m paths. All experiments were conducted in the wheat
season after puddle transplanted rice.

Table 1. Normal (long time average) climatic conditions during wheat growing period at Ludhiana.

Maximum Temperature =~ Minimum Temperature

Month €0) ©0) Precipitation (mm)
October 31.8 16.8 5
November 26.6 10.8 13
December 20.6 6.5 21
January 18.0 57 21
February 21.2 7.9 39
March 23.1 9.2 31
April 34.7 17.5 20

2.1.1. Experiment 1: P. minor Emergence Pattern and Effect of Conventional Tillage (CT)

The experimental field was under a rice-wheat cropping system. All rice residues
were removed at ground level at the time of harvest. After harvesting the paddy rice,
a pre-sowing irrigation was applied to ensure adequate moisture in the soil for wheat
sowing. When the field attained a workable soil moisture, the seed bed was prepared by
one pass of ploughing with a disc harrow followed by two passes of ploughing with a tyne
cultivator. The treatment details, seed bed preparation, sowing method, and fertilisation
and irrigation details are given in Table 2. The number of emerged P. minor seedlings was
recorded as three discrete cohorts during the wheat season: Cohort 1, emerging before first
irrigation (21 days after sowing); Cohort 2, emerging after first irrigation; and Cohort 3,
emerging after second irrigation (four weeks after first irrigation) (Table 3: #9, #10).

Table 2. Experimental sites, treatments, seed bed preparation, sowing, fertilisation and irrigation details of field experiments

at Ludhiana.
Attribute Experiment 1 Experiment 2 Experiment 3
1. Experimental soil (0-15 cm)
Soil texture Sandy loam Sandy loam Sandy loam

Sand (%) 69.8 65.8 69.8

Silt (%) 17.6 17.6 17.6

Clay (%) 12.5 16.5 12.5

Organic carbon (%) 0.38 0.45 0.38

pH 7.40 7.8 7.40
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Table 2. Cont.

Attribute Experiment 1 Experiment 2 Experiment 3
EC (dsm~1) at25° C 0.45 0.14 0.45
Available N (kg ha—1) 238 242 238
Available P,Os (kg ha=1) 21.3 17.5 21.3
Available K5O (kg ha™') 347 262 347
2. Cropping season 2019-20 2019-2020 2019-2020
3. Cropping system Rice-wheat Rice-wheat Rice-wheat
Factor A (Crop
establishment:3)

C1. Conventional (all paddy
residue removed)

C2. All paddy residue
retained as surface mulch
C3. All paddy residue
incorporated

Factor B (Weed control:3)

1. Untreated check

Factor A (Date of sowing:3) 2. Herbicide (pre-mix of Factor A (Herbicide:2)
1. 26 October clodinafop 12% plus 1.  Untreated check
2. 15November metribuzin 42% at Pinoxaden 50 g per ha
3. 5 December 270 g ai per ha as as post-emergence in
Factor B (Weed control:2) post-emergence in 625 L water
4. Treatments 1.  Untreated check 375 L water using flat Factor B (Nozzle type:3)
2. Pinoxaden 50 g per ha fan nf)Z.Zle 1. Air induction twin jet
as post-emergence in 3. Herbicide followedby 5 Field jet boomless with
375 L water using flat weed seed harvest extra wide even spray
fan nozzle (WSH) at late wheat 3. Flatfan
stage. WSH was
realised by running a
power-operated
handheld tea cutter
across the field in the
third week of March, to
trim the P. minor ear
panicles when they
came up above the crop
canopy.
5. Experimental design Randomized complete block RED RED
(RBD)
6.  Replications 4 3 4
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Table 2. Cont.

Attribute Experiment 1 Experiment 2 Experiment 3
C1: Same as in Experiment 1
C2: All rice residues retained
on soil surface at harvest and
pre-sowing irrigation was
applied. When field attained
All rice residues were workable soil moisture,
removed at ground level at residues were cut into small
harvest and pre-sowing pieces with one pass of
irrigation was applied. When cutter-cum-spreader.
7. Seed bed preparation field attained workable soil ~ C3: All rice residues retained Same as under C2 in
moisture, seed bed was on soil surface, cut into small Experiment 2
prepared by one ploughing pieces with one pass of
with disc harrow followed by cutter-cum-spreader,
two ploughings with tyne incorporated with one pass
cultivator. of rotavator; pre-sowing
irrigation was applied. When
field attained workable soil
moisture, seed bed prepared
with another pass of
rotavator.
C1: Seed-cum-Fertiliser drill .
8. Sowing method Manually operated drill C2: Happy Seeder Same as u.nder C2in
C3: Seed-cum-Fertiliser drill Experiment 2

9. Sowing date As per treatment 7 November 2019 5 November 2019

10.  Seed rate per ha 100 kg 100 kg 100 kg

11. Sowing depth 4-5cm 4-5cm 4-5cm

12. Row spacing 20 cm 20 cm 20 cm
137.5 kg ha~! Di ammonium
Phosphate (DAP; 18% N and

46% P»05) and 275 kg ha~1 Same as in Experiment 1,

13. Fertilisation Urea (46% N). Full dose of except urea application Same as under C2 in
DAP drilled at sowing. Urea under C2 was made just Experiment 2
broadcast in two equal splits, before irrigation

after first and second
irrigation.
14. Firstirrigation 21 days after sowing 21 days after sowing 21 days after sowing
15. Harvest date

20 April 2020

24 April 2020

22 April 2020

Disc harrow: Medium tillage (10-15 cm depth) implement that cuts through and loosens the soil, chops up and incorporates plant residue.
Tyne cultivator: Secondary tillage (5-10 cm depth) implement used for breaking clods and working soil to a fine tilth in preparation of
seedbed. Seed-cum-fertiliser drill: Tractor-mounted machine that sows wheat and drills fertiliser at the same time. Happy seeder: Tractor-
mounted machine that cuts and lifts paddy straw and sows wheat and drills fertilisers into soil directly after paddy harvest under zero till
conditions and deposits paddy residue over sown area as surface mulch. Cutter-cum-Spreader: A small tractor-mounted implement that cuts
paddy straw into small pieces (7.5-15.0 cm) and spreads uniformly across the field. Rotavator: A versatile tractor-mounted implement used
for loosening and aerating soil up to a depth of 10-15 cm. It performs different functions, such as mixing soil, pulverisation and levelling,

at the same time.
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Table 3. Parameter values in the P. minor model. Variability was introduced to parameters #10, #21 and #22. fb = followed

by. PXD = pinoxaden. MTZ = metribuzin. PDM = pendimethalin. PYR = pyroxasulfone. PXD-R = pinoxaden-resistance. BN

= burning fb zero-tillage. RW = incorporation with rotavator. HS = happy seeder, i.e., zero-tillage with rice residue on soil

surface. CT = baling fb conventional tillage. Cohort 1: before first irrigation; Cohort 2: between first and second irrigations;

Cohort 3: after second irrigation.

# Parameter Value and Unit References
1 Simulation replicates 100
2 Field size 4047 m?
. . Early: 25 October-7 November; Late:
3 Wheat sowing time 8 November-5 December
.. . BN or RW: 744; HS: 763; CT: . .
4 Initial seedbank density 1042 seeds/m> Field experiment
5 Old seeds annual mortality 60% in rice; 70% in other crops [1]
6 Fresh seeds viability 90% [10]
7 Fresh seeds predation risk 70% [28,29]; expert judgement
8 % Annual germination (RW) 15% in wheat, 12% in sugarcane [30]
% Seedling emergence in Cohorts 1, 2 BN: 5%, 5%, 2%; HS: early sowing 8%,
9 and 3 (using RW as benchmark 100%) 12%, 17%/1ate sowing 15%, 13%, 6%; [1,10,31]; expert judgement
without variation RW: 45%, 40%, 15%; CT: 45%, 37%, 18%
o . . CT early sowing: 42-48%, 33-41%,
10 e Seedhgﬁ;r;s\fﬁin‘f;lizﬁcozhorts L2 11-25% (adds up to 100%); HS late Field experiment
sowing: 14-15%, 12-14%, 5-7%
1 Reproductive system Diploid, monoec101.15, a.ssummg 95% [10]
self-pollinating
Cohort 1: 1750-2000; Cohort 2:
12 Seed production vs. cohorts 600-1200; Cohort 3: [10,32]
100-300 seeds/plant
13 Seed return in sugarcane <1% [33]
14 Tnitial proportion of PXD-R 107" (sensitive f1'eld), 107~ (resistant Assumption bas.ed on field
field) observations
15 Initial proportion of MTZ-R 1072 Assumption
16 Initial proportion of PDM-R 10-12 Assumption
17 Initial proportion of PYR-R 10714 Assumption
18 Inheritance of PDM-R and PYR-R 0.8 Assumption
19 Sigma of PDM-R and PYR-R 05 Assumption
phenotypes
20 Standard herblcﬁﬁ teyfggacy Onsensitive  pyh or MTZ: 99%; PDM or PYR: 99.5% Field trials
1 Range of herb1c1d.e efficacy on sensitive 95% (incl.)-100% (excl.) Assumption
biotype
Wﬁfggﬁigg eff;f]aecri bey(‘;gfﬁji 4 Airinduction: 32% (9%) [23%, 46%]
22 deviation) [mgiﬁimumgvalue Field jet: 1% (20%) [—28%, 23%]; Flat Field experiment
. ! fan: 0% (17%) [—28%, 15%]
maximum value]
23 Efficacy of weed seed harvest 1x CT: 15%; HS: 27%; RW: 25% Field experiment

2.1.2. Experiment 2: Seedbank Density and Effect of Weed Seed Harvest (WSH)
The nine treatment combinations consisted of three crop establishment methods and

three weed management levels (Table 2). The treatment details, seed bed preparation,
sowing method, and fertilisation and irrigation details are given in Table 2. The soil
samples for the weed seedbank were taken in the top 15 cm soil layer, one day after paddy
harvest, from four spots taken diagonally in each plot. The number of P. minor seeds were
counted from cylindrical core sampler (11.0 cm diameter and 15 cm depth) soil samples
and averaged across three replications for CT, HS and RW, respectively (Table 3: #4). The
soil was washed through a mesh and reduced to a small mass, which was placed evenly on
Whatman No.1 filter paper in 9 cm Petri dishes. Petri dishes were kept under laboratory
conditions at 20/15 °C (optimum temperature) and weekly counts of P. minor seedlings
were recorded, which continued for 30 days; at every count, germinated seedlings were
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uprooted. The experimental plots were the second season under the same layout and
treatment; hence, the efficacy of the weed seed harvest (WSH) was calculated based on
the comparison of number of surviving seedlings in the herbicide + WSH treatment vs.
the herbicide-only treatment and transformed from a two-year rate to an annual rate
(Table 3: #23).

2.1.3. Experiment 3: Effect of Spray Nozzles

The paddy rice crop was harvested with a combine harvester. All residues were
retained on the soil surface at the time of harvest. After the paddy rice was harvested,
a pre-sowing irrigation was applied to ensure adequate moisture in the soil for sowing
of the wheat. When the field attained a workable soil moisture, the residues were cut
into small pieces (7.5-15.0 cm) with one pass of cutter-cum-spreader. Wheat was sown
directly (zero-tillage) using a happy seeder on 5 November 2019 using 100 kg seeds ha~!.
The seeds were placed at 4-5 cm depth in 20 cm spaced rows. Recommended doses of
fertilisers, 137.5 kg ha—! DAP (18% N and 46% P,0s) and 275 kg ha~! Urea (46% N), were
applied. The full dose of DAP was drilled at sowing. Urea was applied before irrigation
at a workable field moisture. PXD was applied 30 days after sowing, after first irrigation,
using three different spray nozzles: flat fan (FF), which was the default nozzle type in
all other experiments, air induction twin jet (Al), and field jet (FJ). All nozzles delivered
625 L water per ha. Weed control efficacy was calculated based on the number of surviving
seedlings in the treated plots vs. untreated weedy control at the end of the season. Efficacy
values for FF were calculated and used as a benchmark for comparison with Al and FJ. For
each nozzle type, average, standard deviation, and minimum and maximum values were
calculated from four replications (Table 3: #22).

2.2. Model Description

The individual-based model algorithm followed the model of Liu et al. [34], which
incorporates the life cycle of the annual weed P. minor, the resistance profile to the herbicides
of interest and the effects of chemical and non-chemical weed control tactics (Table 3). Three
major cohorts of emerged P. minor were considered in the wheat season, which were divided
by sowing and first and second irrigations. The amount of weed emergence in the cohorts
differed with wheat establishment methods and sowing time. Herbicides were assumed to
provide optimal efficacy at recommended rates, with a 5% variation. Resistance to PXD
and MTZ was assumed to be endowed by single target-site mutations (qualitative trait
denoted by genotypes RR, RS and SS), while resistance to PDM and PYR was assumed
to be endowed by non-target-site mechanisms (quantitative trait denoted by phenotypic
value Pz). Weed density and % evolved resistance emerged from the 10 year iterations. The
model was implemented in NetLogo 6.0 [35].

Ten representative scenarios with varying crop rotation, wheat establishment method,
sowing time, herbicides, and WSH were tested in the model (Table 4). Additionally,
variations around P. minor emergence, herbicide efficacy and the effect of herbicide spray
nozzles were introduced, based on the field experiments described above. Since not all
parameters were tested in the field experiments, the account of variability only applied to a
sub-set of the scenarios (54 (var.) and S7 (var.)).
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Table 4. Simulation settings. Variability (var.) was implemented on weed emergence, herbicide efficacy and spray nozzles

in HS (Table 3, parameters #10, #21 and #22). The default spray nozzle in all scenarios was flat fan (FF). Air induction

(AI) and field jet (F]) were also tested in S7 (var.). POST = post-emergence application. PRE = pre-emergence application.

S3R and S9R represent PXD-resistant populations, and the rest represent PXD-sensitive populations, with initial PXD-R

proportions of 1072 and 1076, respectively.

Scenario Crop Rotation Wheat Sowing Time Wheat Weed Seed
P Establishment & Herbicide(s) Harvest
S1 Rice-wheat BN Early PXD POST No
S2 Rice-wheat RW Early PXD POST No
S3,S3R Rice-wheat RW Early PXD + MTZ POST No
54, 54 (var.) Rice-wheat CT Early PXD POST No
S5 Rice-wheat CT Early PDM + PYR PRE No
56 Rice-wheat HS Early PXD POST No
57,57 FF (var), 57 Al Rice-wheat HS Late PXD POST No
(var.), S7 FJ (var.)
S8 Rice-wheat HS Late PXD POST 2%
S9, S9R Rice-wheat HS Early PXD + MTZ POST No
510 Sugarcane-wheat RW Early PXD POST No

In the model, weed density was capped at 10 plants/m?, an economic threshold above
which yield loss was deemed, and the simulations were stopped; hence, not all scenarios
were run for 10 years.

2.3. Statistical Analysis

Each scenario in the model was run with 100 replicates, all of which were presented
by different coloured lines in the resulting figures for visual comparison of weed density
and % resistance over the 10 year simulation period. The probability of density exceeding
10 plants/m? and % resistance exceeding 20% out of the 100 replicates were also presented.
For model predictions presented in the form of probabilities, statistical tests that depend on
the number of replicates (t-tests etc.) are of little relevance because the number of replicates
in the simulations can always be increased (in contrast to lab or field experiments) until a
significant difference is achieved [25]. In addition, probability data by nature are bound
between 0 and 1 and are often not normally distributed, which means the prerequisite for
statistical tests such as ANOVA is not met. In this study, the number of replicates was
explored in advance, and 100 replicates proved sufficient for differentiating and ranking
between the scenarios.

3. Results
3.1. Representative Scenarios

In fields with sensitive P. minor populations, when pinoxaden (PXD) was used as
the solo herbicide in the weed control programme, resistance evolved in 8-42% of the
simulations (Figure 151,52,54,56-58,510), whereas with mixtures of two herbicide MoAs,
PXD plus metribuzin (MTZ) or pendimethalin (PDM) plus pyroxasulfone (PYR), resistance
did not evolve in any of the replicated simulations (Figure 153,55,59). Among the different
wheat establishment methods, burning (BN) resulted in the lowest risk of resistance and
population density (Figure 151): in 91% of the cases, population density was maintained
below two plants/m? for 10 years, and the earliest sight of PXD-resistance (i.e., when it
exceeded 20%) was in year five. The low risk was mainly because a total of only 12%
P. minor emerged in the wheat season in BN (vs. benchmark of 100% in rotavator (RW) or
conventional tillage (CT)). When wheat establishment was changed from BN to RW, using
single herbicide PXD, resistance evolved in 39% of the cases, and the weed density exceeded
the economic threshold of 10 plants/m? soon after four years (Figure 152). Adding MTZ, a
herbicide with a different MoA, PSII, had a strong effect in reducing resistance risk and
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maintaining optimum weed control (Figure 153): average weed density was <1 plant/m?
for 10 years in all the 100 replicates. CT resulted in similar weed density and resistance
risk to RW when PXD solo was applied (Figure 154). Residual herbicides PDM mixed with
PYR effectively controlled P. minor (density < 1 plant/m?). The mixture also leveraged
the selection pressure on either herbicide, resulting in a low level of evolved resistance to
PDM and PYR, even after 10 years of use (Figure 1S5). The happy seeder (HS) suppressed
P. minor emergence by more than 60% compared to RW or CT (Table 3: #9), and so the
probability of having weed control failure (i.e., density > 10 plants/m?) was three times
lower than in RW and CT, using single herbicide MoA, PXD (Figure 156). Late sowing led
to more P. minor emergence in Cohorts 1 and 2 (Table 3: #9), which produced more seeds
than those emerging later in the season, and so resulted in 3% higher probability of weed
control failure than early sowing (Figure 157 vs. Figure 156). Additionally, weed seed
harvest (WSH) towards the end of the season further reduced weed density, and growers
could gain one to two more years of good control (Figure 158 vs. Figure 1S7). Although the
probability of evolved resistance did not reduce within the 10 year time scale, the onset
of resistance was effectively delayed by WSH. Adding MTZ to the POST application in
HS had a stronger effect in reducing weed density than WSH (Figure 1S9 vs. Figure 1S8).
Where sugarcane replaced rice in the crop rotation, P. minor density and herbicide resistance
were kept at lower levels than HS + WSH (Figure 1510 vs. Figure 1S8), because of the
smothering effect of sugarcane during its late stage of growth, the frequent mechanical
control, as well as the use of residual herbicides such as atrazine and diuron at sufficiently
high doses, controlling seedlings of all cohorts of P. minor.

In fields where P. minor have already started to evolve resistance (1%) to PXD, MTZ
is often added to the programme to control the resistant plants. HS was more effective in
reducing the risk of MTZ resistance and so led to lower weed density than RW (Figure 2S9R
vs. Figure 2S3R).

3.2. Variability in Model Predictions

When variation around P. minor emergence and PXD efficacy was considered in
CT, the resulting probability of evolved PXD resistance was lower but the probability
of weed density exceeding the economic threshold was higher than when variation was
not considered (Figure 354 (var.) vs. Figure 154), indicating the importance of other
factors in agricultural reality, for example, weather affecting weed emergence and herbicide
performance. In HS, the magnitude of variation around P. minor emergence was minute
(Table 3: #10), and the major source of variation was the nozzle type (Table 3: #22). Air
induction (AI) had the most stable performance (Figure 357 Al (var.)) and was effective in
delaying resistance evolution compared to the default nozzle type, flat fan (FF) (Figure 157).
Field jet (FJ) had similar levels of variation to FF, in which the best case still resulted in
10 years of low weed density, similar to the simulation without variation (Figure 157).
However, the average density across 100 simulations in, e.g., year four, was 6-10 times
higher in FF (var.) and FJ (var.) (Figure 3) than that without variation (Figure 157).
When herbicide efficacy was low, despite the quick weed control failure, more sensitive
individuals survived in the population and resulted in a dilution effect and delayed
evolution of resistance (e.g., Figure 357 FJ (var.)).
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Figure 1. Simulated weed density (plants/m?, left panel) and % evolved resistance (right panel) to
PXD, MTZ, PDM and PYR in PXD-sensitive fields in 10 years, with non-variable parameter settings.
For scenario settings, see Table 4. X-axis = years. Different coloured lines represent 100 replicated
simulations. Squared percentage values indicate the probability of weed density > 10 plants/m?
(left panel) and the probability of % evolved resistance >20% (right panel).
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Figure 2. Simulated weed density (plants/m?, left panel) and % evolved resistance (right panel) to
PXD, MTZ, PDM and PYR in PXD-resistant fields in 10 years, with non-variable parameter settings.
For scenario settings, see Table 4. X-axis = years. Different coloured lines represent 100 replicated
simulations. Squared percentage values indicate the probability of weed density >10 plants/m?
(left panel) and the probability of % evolved resistance >20% (right panel).
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Figure 3. Simulated weed density (plants/m?, left panel) and % evolved resistance (right panel) to
PXD in 10 years, when variability around seedling emergence, herbicide efficacy and nozzle effect
(only in S7 (var.)) was considered. For scenario settings, see Table 4. X-axis = years. Different coloured
lines represent 100 replicated simulations. Squared percentage values indicate the probability of weed
density >10 plants/ m? (left panel) and the probability of % evolved resistance >20% (right panel).
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4. Discussion

In this study, we used a population model of P. minor to quantify the interactions
of different chemical and agronomic weed control practices in an Integrated Weed Man-
agement (IWM) programme. This demonstrates the value of technological advancement,
such as information systems and decision support tools, in the design of IWM [36]. We
concluded that using a single herbicide mode of action resulted in a high risk of resistance
and weed control failure. Agronomic practices, such as a happy seeder (HS), when used
alone, provided moderate mitigation effects, and a stronger effect was achieved when it
was combined with weed seed harvest (WSH). When two herbicide MoAs were concerned,
HS also reduced the risk of metribuzin resistance as compared to a rotavator. Integrating
herbicides with agronomic practices proved the most effective and sustainable solution
(Figures 159 and 2S9R). Despite the potential benefits of IWM, growers may not always
be willing or ready to adopt these programmes, as the efficacy of agronomic practices is
usually lower than herbicides, and their performance is often perceived as fluctuating and
unreliable [15,37]. In our simulations, when variation associated with spray nozzles was
considered, the added value was limited; in the best case, weed control quality was similar
to non-IWM programmes, while the poorer cases were more detrimental than non-IWM
programmes. Other barriers for IWM adoption include lack of direct economic benefit
and sustained support from the government, availability and cost of cover crop seeds, the
short window between harvest and sowing making it impractical to introduce cover crops,
higher water consumption, and the lack of transportation and channels to sell less popular
and profitable commodities [15,38,39]. Since IWM focuses on the causes of weed problems
rather than simply reacting to existing weed populations [14], it requires growers to have
sufficient understanding of agro-ecology and ecological diversity [15]. Population models
can contribute to grower education by demonstrating the consequences of good and bad
practices. For example, in this study, the importance of reducing weed seed input into the
soil seedbank using WSH or effective crop rotations was highlighted (Figure 158,510).

Population models can also contribute to the exploration of variability in the perfor-
mance of IWM. Depending on the purpose of the model, uncertainty can be reduced or
addressed in different ways. For example, for educational models that aim to promote good
management practices, such as the first part of our work, variability relating to atypical
weather or unrecommended practices such as spraying herbicides at reduced rates can
be ignored; whereas for models supporting decision making on a site- and time-specific
basis [14], the potential variability needs to be accounted for. In the present work, we
had the opportunity to conduct field experiments that specifically fed into the model to
represent the variability of natural emergence patterns and nozzle efficacy, in addition to
the ten non-variable scenarios. The experiments pointed to some cases where RW gave
better weed control than HS (Figure 152,53 vs. Figure 3S7FF (var.)). Normally, a happy
seeder suppresses weed emergence by creating a mulch of rice residue on the soil sur-
face. A rotavator (RW) incorporates rice residue and leads to high soil moisture, which
favours weed emergence. However, when sub-optimum nozzles were used in HS, there
was a risk of the herbicide solution not effectively reaching the weeds that were hidden
under the rice residue, whereas in RW-sown wheat, all weed plants were exposed and
hence better controlled. In these circumstances, expert judgement provided an important
interpretation of the seeming outliers in the experiments. According to the central theme
of “pattern-oriented modelling”, the basic mechanisms driving a biological system are
best identified when we simultaneously look at a diversified range of general patterns,
instead of attempting to quantitatively match model outputs with a few detailed and
context-specific patterns [25]. Expert judgement here essentially served as pattern-oriented
modelling, on the basis of many years of agronomy knowledge and field experience. It is
also important to note that uncertainty in parameter values and variability of the modelled
system are two different concepts. Variability from a replication experiment does not
necessarily represent all sources of variability in the real system [25]. For example, our
experiments were done in adjacent areas and within the same season, and so temporal
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variation across years could not be addressed. In the future, with the wide adoption of farm
management tools, the amount of multi-year, multi-site data under various conditions will
grow exponentially and become available for use in models. Mechanistic effect models may
find it challenging to explore such massive data spaces. The fast development of machine-
learning techniques presents a special opportunity in dealing with these multimodality,
multifidelity data, revealing the correlations between intertwined phenomena [40]. Al-
though current machine-learning models in weed science focus mainly on image analysis
and physiological predictions of plant growth [41], they have the potential to go further
and make more complicated predictions on evolutionary processes such as resistance. A
hybrid model between data-driven approaches and knowledge-based mechanistic effect
models is a promising direction, as proved by the preliminary success in adjacent disci-
plines such as hydrology [42], biomedical and human health [40], earth system sciences [43]
and environmental sciences [44].

In addition to herbicide resistance, weeds also show evolutionary adaption to non-
chemical control methods [45] (e.g., Echinochloa crus-galli adapted to hand weeding by
mimicking the morphological characteristics of rice, A. myosuroides adapted to spring
cropping), although this is more likely to happen over a longer time scale, considering the
moderate selection pressure as compared to herbicides. Therefore, recurrent parameterisa-
tion and recalibration of weed models will be necessary as the environment changes and
weed control tactics evolve [15,24,41]. Finally, factors other than weed control and resis-
tance evolution are also important in sustainable agriculture, and an ideal digital tool will
also model and balance land value, soil health, water quality, biodiversity and ecosystems.
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Abbreviations

ACCase acetyl CoA carboxylase

Al air induction twin jet nozzle

ALS acetolactate synthase

BN burning followed by zero-tillage

CT baling followed by conventional tillage

DAP Diammonium Phosphate

DUE data uncertainty engine

FF flat fan nozzle

FJ field jet nozzle

HS happy seeder, a tractor-mounted mulching and sowing machine zero-tillage with rice

residue on soil surface
IWM Integrated Weed Management
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MCDA  multicriteria decision analysis
MoA mode of action

MTZ metribuzin

PDM pendimethalin

POST post-emergence application
PRE pre-emergence application
PSIT photosystem II

PXD pinoxaden

PXD-R  pinoxaden-resistance or pinoxaden-resistant
PYR pyroxasulfone

RBD randomized complete block
RW incorporation with rotavator
var. variability

WSH weed seed harvest
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