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Abstract

Pesticides have underpinned significant improvements in global food security, albeit with
associated environmental costs. Currently, the yield benefits of pesticides are threatened as
overuse has led to wide-scale evolution of resistance. Yet despite this threat, there are no large-
scale estimates of crop yield losses or economic costs due to resistance. Here, we combine
national-scale density and resistance data for the weed Alopecurus myosuroides (black-grass) with
crop yield maps and a new economic model to estimate that the annual cost of resistance in
England is £0.4bm lost gross profit (2014 prices), and annual wheat yield loss due to resistance
is 0.8 million tonnes. A total loss of herbicide control against black-grass would cost £1bn and 3.4
million tonnes of lost wheat yield annually. Worldwide, there are 253 herbicide-resistant weeds,
so the global impact of resistance could be enormous. Our research provides an urgent case for
national-scale planning to combat further evolution of resistance, and an incentive for policies
focused on increasing yields through more sustainable food-production systems rather than

relying so heavily on herbicides.
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Resistance to xenobiotics (e.g. antibiotics, antimycotics, pesticides), caused by high frequency of
applicatiort, is a severeard growing economg; food security® and public health crisi$”’. In

the past, pesticides have enabled increases in food production but growing loss of their efficacy is
now reducing yields®. This is a threatb global food security. Despite this, there are currently no
large-scale estimates of the effects of pesticide resistance on crop yields.

Future food security will rely on sustainable intensificattdnwhich aims to boost yields
from the same area of land but with reduced environmental impact. Pesticide resistance threatens
both these goals: yields are threatened by higher pest dérfsitied the environment is
threatened because the usual response to resistance has been increased pésfitideaspite
the knowledge that pesticides harm water and soil quality and biodiv&rSitin an era of
increasing population and extreme competition for land, there is strong motive to investigate any
phenomenon that jeopardsfood security. Furthermore, as pesticide resistance is implicated in
three elements of the UN’s water-food-energy-ecosystems nexus, there is an obvious incentive to
assess its impacts.

National- and global-scale economic costs of xenobiotic resistance are poorly quantified
but, where this has been attempted in human healthcare settings for anti-microbial resistance,
costs run into billion’$ or trillions'’ of dollars and even these enormous numbers are thought to
be underestimatesin agriculture, large-scale cost estimates are lacking but anecdotal e¥idence
combined with crop areasiggests that, in the US, increased chemical costs due to glyphosate
resistance magxceeds10bn annually. Costs due to yield legsuld further increase this figure.

The likely magnitude of the social, economic and environmental oEsiss &o-
ordinated global policy response, driving governance integration across sectors, is urgently
needed’. In healthcare, the World Health Organisation endorsed a Global Action Plan for anti-
microbial resistance in 2015; however, there is no equivalent in animal and crop production. This
is despite the fact that agriculture accounts for 37% of land use globally (World Bank Open Data,

2018), an estimated 4 million tonnes of pesticides are applied worldwide each year (FAOStat,

3
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2019), resistance to pesticides is well documeftédand there is a long-term upward trend in
pesticide us€. United Nations resistance advice (Guidelines on Prevention and Management of
Pesticide Resistance, FAO 2012) and a handful of informal, largely agrochemical industry-led,
groups exist (e.g. CropLife International, IRAC, AHDB resistance action groups), but the lack of
government involvement means that problems of resistance continue. Furthermore, even in
healthcare where a global plan exists, creation of national action plans is hampered by a lack of
evidence, particularly on the true costs of resistance and the cost-effectiveness ofpolicies
Determining the national costs associated with xenobiotic resistance is a critical first step in
creating a national action plan.

We address this issue for herbicide resistance in the UK. Mirroring the global state of
affairs, the UK has a national Antimicrobial Resistance Strategy but no national resistance policy
in place for other classes of xenobiotic such as pesticides. This is despite (a) a continuing upward
trendin the area to which pesticide is applied (FERA PUS stats, 2019), (b) evidence that
resistance is impacting outpand (c)UK government awareness of the issue (POSTnote 501,
2015). Here, we combine a national-scale dataset of the density and resistance status of the most
economically significant weed in western Eur§pblack-grass (Alopecurus myosuroides), with
10 years’ worth of past management history, corresponding yield data (Figure 1) and a new
economic mode{Supplementary Method$o estimate the economic and food production impacts
of herbicide-resistant black-grass in England. Using this approach, we provide the first national-
scale estimate of yield losses and the full economic costs due to herbicide cesWtan
distinguish between losses due to weed infestation, | (i.e. both resistant and susceptible plants) an
losses due to resistant plants, R. The magnitude of our results suggests a pressing need for
governmental action to address resistance issues, and for other countries to undertake their own

national-scale assessments.



94 Costingresistance at thefield scale

95 Estimated yield loss due to black-grass infestation in winter whesiow average, 0.4 t a

96 (Table 1), or 5% of the average estimated potential wheat yield (823 inhthe absence of black-

97 grass. We estimated this by applying yield penalties due to black-grass infestation (Figure 1) to

98 the crop yield estimation component in our economic model (details in Methods and SI).

99 Resistance frequencies were then used (c.f. Methods) to calculate that most of this lost yield (0.38
100 t ha') was due to resistant plants. At low densities of black-grass the yield loss was negligible,
101 whereas at the highest weed densities mean yield loss was 1,8.088 of which was due to
102 resistant plants (Table 1 and Figure 3).

103 The mean economic cost of resistance (léfined as the production losses and additional
104  costs due to resistant black-grass) in winter wheat was £7&thaew black-grass density and

105 £450 hd at very high density (Table 1 & Figure 2c). Estimates il vary, potentially

106 greatly, according to the input and output prices used, but the costs calculated here using 2014
107 prices represent 7% and 37%, respectively, of potential gross profit from winter wheat in these
108 fields in the absence of resistant black-grass, and compare to average total agricultural costs
109 (English cereal farms, 2014) of £1,076{&arm Business Survey Region Reports, 2019). Across
110 all density states, the mean i@ winter wheat was £155 RgTable 1), or 14% of potential gross
111  profit. Cr within density states varied widely, ranging from £0-493 inawinter wheat fields

112  with low black-grass density, to £355-773ia fields with very high densities (raw data not

113 shown). At very high density states, 100% of the total costs of black-grass infestation came from
114 resistant plants (Table 1 and Figure 3).

115 Across a rotation, the mear (& low density fields was £58 faand £280 hain very

116 high density fields (Table 1). Again, 100% of the costs were due to resistant plants in fields with
117 very high black-grass density, whereas in low density fields just under 70% of costs came from
118 resistant plants. The per-hectarei@winter wheat was higher than the per hectaradcCoss a

119 rotation (Table 1 and Figure 2c & due to the negative impact of the weed on wheat yield (no

5



120 yield penalties were applied to other crops in the rotation). Overall, as average black-grass density
121 increases, so does the proportion of the cost or yield loss that is due to resistant plants (Table 1), ir
122  line with previous findingsthat resistance drives weed abundance. Field-scale resistance impacts
123 are thus greater in regions with higher black-grass densities, especially in winter wheat crops

124  (Figure 2), and resistance impacts in the UK reduce along a gradient from south to north (see
125 Figure 4). See Methods for a discussion of the assumptions that underpin these estimations.

126 The use of herbicides targeting black-grass in winter wheat did not differ across different
127 final (pre-harvestensities of weed infestation (x?1=0.0982, p=0.754, Figure 3b and

128 Supplementary Figure 5). Thus, in fields with low final black-grass density, herbicide costs

129 constituted 82% of total costs (this applies to both the cost of infestati@andXo &), whereas

130 in fields with high and very high final black-grass densities, the biggest source of lost income was
131 yield loss (60% and 77% respectively, Figure 3). In some of the low density fields, relatively

132 intense herbicide use will be justified where high levels of susceptibility remain in the weed

133 population and, therefore, where these herbicides are still effective in reducing yield loss

134 potential. However, in low density fields with high levels of herbicide resistance (in our data, 75%
135 of fields with low and medium black-grass density had high resistance (>60% survival) to

136 Atlantis), intense herbicide application may be counter-productive as (a) herbicide costs will

137 outweigh benefits of black-grass control, ifbyill impose an unnecessary environmental

138 burdert?2”2° and (c) it will have the unwanted effect of selecting for even higher frequencies of
139 resistance within populatioh¥®. In these situations, a reduction in herbicide use may bring

140 economic benefits but would need to be accompanied by cultural and physical control methods to
141 maintain low weed population sizes as part of an integrated weed management programme. We
142 expand on this in the discussion.

143

144
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Theimpact of resistance at a national scale

Total annual wheat yield loss for England was 0.86 million tonnes (mt; Supplementary Table 5),
almost all of which (0.82 mt) was due to resistant plants (Figure 4a and Supplementary Table 6).
Sensitivity analyses suggest that annual wheat yield losses due to resistant black-gjaes (YL
England may be as low as 02 or as high as &t (Supplementary Table 11) given uncertainties

in our yield penalty estimates (further details in SI). Whichever figure we accept, our estimates
run counter to global goals of increased yighddand are particularly concerning in view of the
current wheat yield stagnation in NW Eurdfp& UK annual domestic wheat consumption hovers
around 15 million tonnes (DEFRA); the highest yield loss values from our sensitivity analyses
represent nearly a fifth of this.

In terms of economics, the total annual cost of black-grass infestation in England was
£0.44bn across all crops (termed rotation cost from now on, Supplementary Table 5), £0.38bn p.a.
of whichwas due to resistant plants (Figure 4b, Supplementary Table 6). In winter wheat ¢rops, C
was £0.35bn p.a., of whichgwvas £0.31bn (Figure 4c, Supplementary Tal)leA6 a regional
scale, some rotation costs are higher than those in winter wheat. This is because, although field-
scale rotation costs are lower than those in winter wheat, the total cereal crop area is much larger
than the winter wheat area and so the scaled-up rotation costs are relatively higher. In the West
Midlands (WM) and South East (SE) the averag®€ ha in winter wheat crops was particularly
high compared to other regions (WM £387-h&E £270 hd, EM £159 hd, EE £206 ha, YH
£88 hat, abbreviations as in Figure 4); as a result, the scaled-up costs in these two regions
remained higher in winter wheat than across rotations. Values for the SE region should be treated
with caution as we used just eight fields from this region in our analysis and all of them were
concentrated in one aéwhere there are high densities of resistant black-§rsess
Supplementary Figure 3). The estimates for this region are therefore unlikely to be very

representative of the entire region.
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Sensitivity analyses showed that annual rotatiemight be as low as0E3bn p.a. or as
high as £0.8bn p.a. (Supplementary Tdlle Nevertheless, even at the lower end, the costs are
very large. To put these figures into perspective, total income from all types of farming in
England was £3.9bn in 2014. Herbicide resistas therefore having a severe impact on English
arable farming, and these results underscore the need to manage resistance through coordinated

action at a national level.

Potential costs and crop losses

Because resistance is increasing over time and driving black-grass Jevisiéyso estimated

yield losses and costs in winter wheat under a total loss of herbicide control (Figue) By

assuming that all quadrats in every field were in a very high density state and that 100% of costs

and yield losses were due to resistant plants (cf. Methods). Under this scenario of ubiquitous very

high black-grass density, whe#t r ranged from 1.4 2.3 t hat and on averageas? t hat,

representing over a quarter (28%) of average potential estimated wheat yield (§.Bittha

absence of black-grass. Thei@ winter wheat under this scenario ranged from £294th&904

ha', and on average was £467'h@his means that, if the problem continues unchecked, the costs

of infestation in winter wheat could approach half of the average agricultural costs on English

cereal farms (£1,076 Hx We do not suggest that such a scenario will occur; however, it is worth

estimating these impacts (a) to illustrate the potential consequences of inaction and loss of

glyphosate and/or pre-emergence black-grass herbicides, and (b) to present a frame of reference,

allowing the extent of the current situation to be assessed in relation to the worst possible case.
Scaling up theseworst-case’ estimates we find that potentdlLr in English winter wheat

under a scenario of total loss of herbicide control is 3.4 M(9%% Cl 3.3- 3.6 mt,

Supplementary Table 7), representing just under a quarter of UK domestic wheat consumption.

Potential annual rotationsGs £1bn (95% CI £0.9bn £1.0bn, Supplementary Table 7). To

present a more conservative worst-case estimate, we also esfifhatedd G using just those

8
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fields in the top quintile and top decile of the black-grass density range: these gave potential
annual yield losses in winter wheat of 2.1 mt and 2.6 mt respectively, and rotatdE@8bn
(Supplementary Table)8

A comparison of current and potential yield loss (Supplementary Tables 6 viesbiosvg
that yield loss in the worst case scenario could be four to six times greater than it is now, except
towards the northern edge of the black-grass range where it is seventeen times higher, reflecting
the fact that herbicide resistant black-grass is not yet such a pressing problsraneahThe
only region in which current resistance impacts are closer to potential impacts is in the South East,
where a large proportion of fields have very high average black-grass density (Supplementary
Figure 3); however, as previously mentioned, estimates for the South East are unlikely to be very
representative of the region and should be viewed with caution.

Cr under the worst case scenas@round two-and-a-half to three times the curregt C
except in winter wheat in northern regions: here, potentiah @inter wheat is around nine times
current &, again reflecting the fact that resistance is not yet so widespread in northern areas of
England. To contextualise these costs in terms of the agrochemicals market, in 2014 herbicides
contributed £0.2bn to the UK National Agrochemical Market, the total value of which was £0.6bn
(ECPA Industry Statistics, 2018). Some of our estimates of the costs of resistBngéand are
greater than the entire value of herbicides to the UK agrochemicals market.

Our estimates indicate that low black-grass densities currently account for just over half of
England’s wheat producing area (Supplementary Figure 3) so there is a strong incentive to prevent
densities increasing. In Europe, resistant black-grass has been recorded in 14 countries, including
Europe’s top wheat producers (Germany and France; Eurostat, 2018). European wheat
consumption is forecast to increase slightly over the next 10 years, so we urge wheat-producing

countries to undertake their own national-scale resistance impact assessments.



223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

Discussion

Here we report the first national-scale estimate of the impacts of human-induced evolution of
herbicide resistance. The scale of our findings illustrates that pesticide resistance has implications
for national food security and economics. Annual potential losses of the ordertain@ £1bn

are large enough that national-scale policy measures are needed to reduce the impact and spread
of resistance.

Resistance management is currently the responsibility of individual practitioners, whose
collective actions constitute a national response. However, when pesticides are effective, there is
an economic incentive for individual practitioners to use them and to crop mostly high value crops
such as winter wheat. This behaviour is unsustainable as it drives resi¥tanbech we show
has a negative impact on crop yields and income nationally. Our results thus imply that leaving
resistance management to individual practitioners is an inadequate approach and that a national,
targeted response is required. There is precedent for regulating pesticide use through policy
environmental and health arendgere is now an urgent need for national-scale policy to regulate
pesticide use in relation to resistance impacts on yield and economics.

When designing resistance management policy, governments should adopt a nexus
approach and explicitly link the economic, agricultural, environmental and health aspects of this
issue. Joined-up legislation could help encourage this: in Europe, for example, resistance
management could be incorporated into existing legislation such as the EU Directive on the
Sustainable Use of Pesticid&xrective 2009/128/EC), which already legislates to reduce
pesticide risk to human health and the environmletegration of these different policy arenas
could help ensure that legislation for reduced pesticide use based on environmental or health
concerns also delivers resistance management benefits, and vice versa : from environmental and
sustainability policy perspectives, the impacts estimated here could be used as a lever to further
justify, in both food security and economic terms, reduced pesticide use through practices like

integrated pest management (IPM).
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249 Resistance management policy could be implemented via a national action plan, which
250 should aim to (a) reduce the spread of resistance into unaffected areas, and (b) find, and

251 communicate, non-chemical ways of reducing high weed populations in regions that already have
252 high resistance. A key aspect of such an action plan will be toeede of, and reliance on,

253 pesticides, because use is driving resistance. Reduced use has already been recommended for
254  other classes of xenobiotic, such as in the management of insect vectors of humaif,diselase

255 has been implemented for prostate catic&his reduction in pesticide use could be achieved by

256 improving crop rotation and employing other IPM practices such as seedbed sanitation, careful
257 choice of sowing dates and densities, direct sowing, physical control methods, field hygiene

258 measures and regular monitorifigC.

259 Because resistance management is likely to be a contentious issue, we suggest that a
260 national action plan should be formulated after public consultation and a process of consensus-
261 building and collaboratidh. Providing the public with high-quality evidence and information is

262 crucial to the success of these consultations: an assessment of the economic outcomes of reducin
263 herbicide use, and of the cost-effectiveness of a range of potential policies or mitigation strategies,
264 would thus be a useful next step, both for the consultation process and for subsequent policy

265 design.

266 It is likely that statutory limits on pesticide use will be necessary, and that incentives and
267 enforcement will be required to achieve behaviour change. Agricultural policy could be used to
268 incentivise and support farmers to change their management practices, for example by stipulating
269 improved crop rotation to qualify for income support or by providing support payments during the
270 initial phase of reducing pesticide use and increasing IPM. This would be especially important in
271 those areas where resistance is not currently a problem, and it would therefore be useful to

272  estimate the short-term opportunity cost to individual practitioners of reducing pesticide use in
273 areas with low resistance. Alternatively, governments could incorporate resistance management

274 into Payments for Ecosystem Services schemes (or set up such schemes where none exist)
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whereby farmers are rewarded for outcomes such as improved water quality or biodiversity, or
maintenance of pesticide susceptibility in pest populations. Governments could also leverage
commercial interest, for example by introducing tax incentives for water companies to set up
farmer advisory or support schemes to help reduce pesticide use. Enforcement could take the form
of caps on pesticide use and fines for breaking those limits or for spreading resistant weed seeds.
Additionally, governments could legislate for disincentives to the herbicide manufacturing

industry— for example by higher taxation rates on sales over a threshold velantecould help

reduce the influence of the agrochemicals industry by allocating public money to fund farm
advisory services as well as research and development.

Finally, any pesticide resistance policy must also target glyphosate resistance. Glyphosate
resistant weeds are already found on almost every corffifentare not yet present in the UK.
However, English farmers are increasingly reliant on glyphosate to control herbicide-resistant
black-grass and as a result there has been a dramatic increase iff,itamugeng up the
evolutionary pressure on black-grass to develop resistance to glyphositéntihe US,
widespread glyphosate resistance is already a reality and the scale of the problem dwarfs that
being faced with black-grass in EnglandU&-wide assessment of resistance-related costs and
yield losses should be undertaken as a matter of urgency to inform national food-security
planning. Worldwide there are many pesticide-resistant sp&¢ié$ Our findings should
therefore be a catalyst to other countries to develop national-scale estimates of the impacts of

resistance as a first step in assessing the need for their own pesticide resistance strategies.

12



301

302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331

Methods

Field data. Field management data was obtained for years 21 4. Black-grass (BG) density and resistance, and
winter wheat yield, was sampled fr®0142017. For details see referenceBG density states are given in
Supplementary Tabl&0. To estimate costs of resistance, we used a subset of 66 figidth&dull datasetl(38

fields), and field management histories up to 2014. This subsetisenhfields with>3 years’ management history

and with complete historical data on tillage operations and herbicide applicationg S&théype was not specified

by the farmer, we extracted soil type from the National Soil ResourcestmM®IMAP1000 database (Soils Data

© Cranfield University (NSRI) and for the Controller of HMSZD[LG). We usedBG density data from all 138 fields

in the scaling-up process.

The cost 0BG infestation(C;) comes mainly from two factors: (i) the direct impacB@& on wheat yield
through competition; (ii) the cost of herbicides targe®t® (which may also be applied in crops other than wheat)
and their application. There are also some additional, lesser costs, for examgpladhosd for an inversion plough.
With respect to herbicides, we were interested only in calculating costs related dir&ynfestation: in the field
management dataset, we therefore identified all herbicide applications specifically taBg&tirgr all other
herbicide costs (i.e. adjuvants, desiccants, and applications not specifically taBg&tiwg calculated an average
value per crop from our dataset and incorporated this into the suntsyrc8$RI-ECOMOD. For the thirteen
observations where farmers had grown crops not included in BGRMEID, we used proxy crops. Spring oilseed
rape was the proxy for borage, millet and mustard (1 observatiachj; ware potatoes were the proxy for onions (1
observation); and barley was the proxy for oats (7 observations) and t(@icddeervations).

Economic model. We custom-built an economic model, BGRI-ECOMOD, capable of incorporativige range of
farm management options and including a user-specified yield peoaltgirf/iing levels of weed infestatiomhe

model code supplied incorporates the mean yield penalties from our data (se€lFigd Sl); however, we enable
users to specify yield penalties so that BGRI-ECOMEDbe used for different weed speciesbe updated in light
of new BG yield penalty data, or for running sensitivity anaysethe yield loss-weed density function. The model
performs gross margin analysis (see equations 3-1@n8lincorporates the effect of variables such as soil type,
sowing date, tillage practices and yield penalties associated with crop sequéicalioWs us to estimate the costs
associated with a range of management practices aimed at reB&jgpulatiors. It is built in R*® and uses a
simple data-entry systerRor further details se®l and Code Availability statement.

The baseline for this analysis was harvest 2014 because this was the finstwigiah we undertook field
surveys of BG density and crop yield. All costings were therefagensing 2014 pric#s*’ (e.g. we assumedl

wheat price of £164% which was the average for feed wheat (E15%hd milling wheat (£173Y in 2014). Prices
13



332 given on GitHub, see Data Availability statement. For herbicide prices we calcuwlagdvalues from our dataset:
333  selective herbicides targeting black-grass = £19'56lyphosate= £2.43 t*. Estimates of the cost of resistance will
334 vary, potentially greatly, as input prices (especially herbicide) and ouipasgespecially winter wheat) change
335 each year.

336 The model can be run for multiple fields and years. This makes it usefstimating economic impacts of
337  current and historical weed infestations, for working with very large datasie¢seby enabling more reliable up-
338  scaling to policy-relevant scalesand for aiding within-year decision-making at the field scale orisped#tr planning
339 atafarm or landscape scale.

340 Estimating yield loss dueto black-grass. High-resolution yield dat, available for 17 fields from yea9142017

341  (Supplementary Figure 1), were used to estimatB@eensity-wheat yield relationship (FigureSlupplementary
342 Table 1) using a mixed effects model fitted using the Imer() functitimeitme4 librar§® in R*> (model details in

343  Supplementary Methods and Supplementary Figure 2). Brisrmodelwe prediced mean yield at each density state
344  inan ‘average’ field (Figure 1a and Supplementary Table 2). Parametric bootstrap 95% confittencals around
345  these means were estimated from 10,000 re-saffifles the model posterior with the ‘bootMer()’ function from

346  Ime4. We calculatethe percent reduction in yield (Figure 1b) from the reference state (‘low’) for the other three

347  density states using-1(predicted yield for state D / reference state yield). These estimates of yiedddasdine

348  with published yield losses due B in controlled plot experiments (Supplementary Table 3). We generated 95%
349  confidence intervals on the percent reduction (used to inform limits iitiggégysnalyses) by calculating the percent
350 reduction for each density state for each of the 10,000 bootstrapesathpn taking the 95% quantiles of those
351 distributions of estimated percent reductions. The resultant yield penalties applied HEBORIOD are given in
352  Supplementary Table Eurther methodological detaila SI.

353  Estimating field-scale Cr and YLr. Our aim was to estimate the average cost and yield loss per hectaréefentlif
354  densities of resistant BG at a baseline point in time (2014, see above). Eastsaloulated using 2014 prices (and
355  so will differ if using prices from other years)

356 Stage 1 was to estimate costs and yield losses due to BG infestatiérs{lwe derived a yield penalty for
357 each weed density state as described above and applied them as parameters5SG@BMRD. We then ran the

358 historical field management data and BG density data frofé@fields through BGRI-ECOMOD to estimate (a)
359 yield loss due to BG infestation (Y).and (b) costs due to yield loss and herbicide application (chemical + operations
360 costs) resulting from BG infestation jCfor every field in every year (maximum date range 200814). We did

361 this by running the model both with and without BG infestation, théaracting the estimated gross profit or yield

362  obtained in the presence of BG from that estimated in the absence of Be(petential profit or yield)
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For wheat, running the model with BG infestation involved four modellbenause different BG density
states resudtd in different wheat yield penalties, 8@ had to run our field management history through the model
once for each density state. in subsequent model ru; density for all fields was set at absent/low, then
medium, then high and then very high states, each time usingsbesed herbicide and spraying data. For each field
we then calculated mean gross profit and yield weighted by the propof&ach density state in the field (see
Supplementary Figure 3). Finally, the model was run without BG infestatiaihe density state of all fields was set
to absent/low and herbicide applications and spraying operations targ&tingre set to zerd-he weighted mean
gross profit (or yield) was then subtracted from the potential profitiétd) to give a cost and yield loss dueBG
infestation in winter wheat crops for each field. For other crops the gra@essimpler as BG density and yield were
not surveyed. Therefore, to estimatea€ross all crops (which, for any given field, is effectivelya€ross a rotation),
the model was run only twice, with and without BG infestation, and treecalculated costs were averaged over the
number of year’s management history for each field, giving a mean rotation G for each field.

Stage 2 was the estimation of costs and yield losses due to resitalan(RFor each field, the frequency
of resistance to mesalfuron was then used to calculate the proportion of the costs olgésies that were due to R
plants, giving a cost of resistancez]@nd yield loss due to resistand€.gr). We chose the frequency of resistance to
mesosulfuron because, of three actives tested, mesosulfuron (an ALS ihkibgdhe strongest driver BG
abundance in our fields in 2014 (Comont et al, in prep). FurthermdS target-site resistance was identified as a
particular concern back in 20%7

Using these field-scale estimates, for both winter wheat crops and rotatedsrived an average:@nd
YLr per hectare for each of the four weed density states. This waaselme @and YLr. Further methodological
details given in Supplementary Figure 3.

To estimate the worst-case scenario in winter wheat crops (i.e. coselhlbss under a total loss of
herbicide control), we used the methodology described in (ii) above butedsn the second model run that all
guadrats in every field were in a very high density state. Because at Vedelmigity 100% of costs and yield losses
were due to resistant plants, we assumed 100% of costs and yield loss wereediséatoce. Herbicide applications
remained unchangedi.e. we used the herbicide application data from the management histithpugh, in reality,
where black-grass was initially absent herbicide applications would have begndiketrease. The resulting per
hectare costs differ very slightly to those calculated previously fgrhigh density states because the management
history data of all fields was used in this worst case estimate, rather than thierdgtest those fields with very high
average density states. We also made two more-conservative estimates ofcasessenario by scaling up the

average costs and yield losses from fields in the top decile amglitdjle of observed black-grass density states.
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The relative contribution of herbicide application, yield loss and operationste@stsrall cost in winter
wheat crops (Figure 3) was assessed by extracting individual comp&entCOMOD output (output generated
by running empirical field management data from 66 fields througBNEGD, as described above). The effect of
weed density on herbicide use in winter wheat crops was assessedgmmagadized linear mixed effects model and
performing a likelihood ratio test using maximume-likelihood simplificatitéthe minimal adequate REML model
The model was fit with the Imer function in package Ifiesd included farm as a random effect to account for
multiple fields on the same farm. Model fit was assessed by visual inspettesidual plots, which indicated no
signs of heteroscedasticity or non-normality.

Scaling-up the cost of resistance. Fields were chosen to be representative of UK arable farming. Farms were
predominantly arable, the geographic range (Oxfordshire to Yorkshirenpassed the main winter wheat-growing
areas of the UK, and a range of farm sizes was included. Within fiefdsselection was based on those that were in
winter wheat in the first survey year. Farmexse asked to select their ‘best’ and ‘worst’ fields in terms of BG
infestation. We therefore assumed fields to be representative of both arable tamdi3( resistance and density
distributions within our wider study area and in England as a whuldence for which can be seen in the fact that
ECOMOD provides similar gross profit estimates to those in the Farm BuSiness?®, Supplementary Table 4)

We scaled up the costs of resistance accordingly.

Cr and YLr in winter wheat were scaled up to regional winter wheat areas (DEFR4#). Fait each region,
we estimated the area of wheat at each BG densitytstaéding the proportion ahat region’s surveyed fields at
each dengy state, then multiplying the regional wheata by these proportions (Supplementary Figure 3; all 138
fields in the dataset were used in this procdsdext, for each density state and region, these wheat cropping areas
were used to scale up the per hectarar@ YLr (Supplementary Methodsguation (1)). For each region, costs for
each density state were summed to give a regional total (Supplementary Methzdign (2)). This methodology
ensures that the up-scaling of costs and yield losses in winter wheatéféstts regional differences in BG density
The costs across rotations were scaled up directly to regional cereal grapgas (DEFRA, 2014) as we have no
data orBG density in crops other than wheat. Further details in Supplementargddeth
Assumptions. We assume that the herbicide resistant BG phenotype is present in evebaBeltlpn previous
work! which found that only 1% of fields in our dataset had no resistaragytof the three herbicides tested.
Furthermore, of the 126 fields from our dataset with the best-quabtygtyping data (these include Northern fields,
where resistance is less of a problem), only 1 field had <10% surJead Renoxaprop was applied at field rate. We
are thus confident that that there is some level of herbicide survival istawery field. In terms of the effect of

herbicide, we assume that resistant (R) plants survive a field-relevant desbioide. At the individual scale this
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means that R is binary (0|1) after herbicide. At the population scale itésamotinuous (0-1): herbicide redudG
abundance by the proportion of susceptible (S) individuals.

We assume that herbicide does not driveRieseedbank to zero before the field evolves resistalieed
eradication using herbicide alone is almost always impossible due to spatergruatal refuges from herbicide
treatments (e.g. field margins, seed bank, asynchronous germimauibtransfer of weed seed between fields on
machinery), so there aa#most inevitably herbicide ‘escapes’ capable of maintaining a population. More broadly,
feasibility studies of general weed eradication programmes have highligbtedricerted and prolonged effort
required for eradication to be succes3fuDespite relatively small field sizes, this degree of effort is unlikely to be
met for most farms, particularly using herbicide alone.

We assume that the resist&® phenotype has the same impact on yield as the susceptible wildtype. There
is good evidence illustrating how limited the effects of both non-taigetesistance (NTSR) and some predominant
target-site resistance (TSR) mutations are on relative performance of B&bi&ypes? >4 and thus any influence
on competition with the crop is likely to be negligible. Comparisons of Nai8RsusceptiblBG found no consistent
fitness costs, either when grown alone or in competition with wirttea®#>4 In a study of three ACCase TSR
mutations inBBG®, one mutant allele (Gly-2078) did result in a small reduction in biomass and seed produyction
however, this mutation is rare, with a frequency of only 0.34% basgaevious genotyping of 8256 haplotypes
from UK BG®S. Additionally, there is some evidence that the small fitness costs asdawititehis mutation are
rapidly lost inBG populations due to compensatory evolutfofiwo mutations (Leu 1781 and A2941) which are
considerably more common in UBG®, had no effect on vegetative biomass, height or seed production eshtpar
S wild-type plants. We are thus confident in our assumption that R types®fBG have the same impact on yield
as the S wild-type.

To calculate @ across the time span of our dataset (202914) we assumed that the density state of a field
as recorded in 2014 also applied to all the preceding years for whiciidwvadnagement history data (we had no
density data pre-2014). Hicks et &und slight evidence for a within-field increase in density betvi®dd and
2016, and showed that resistance is driving black-grass densityeMdn this increase in density is not at a
magnitude to change the categorical density state of a field unless ovey Bfajtimescale and could well simply
represent normal inter-annual fluctuations. To test the validity of usingritire time spa we re-ran the analysis on
just the later part of the time series (2612014 inclusive). Although this gave slightly higher costs (Suppléangn
Table 9), the costs estimated using 20014 data fell within the 95% Cls estimated using 202014 data,

indicating that the assumption hsldere.
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To estimate the worst-case scenario in winter wheat crops, we assumed rallsgmaglvery field werat
very high density state and that resistant plants were responsible for 1668tscand yield losses. This scenario
would arise only if no action were taken to address current problenestu€ide resistance and assumes that farmers
keep applying herbicide even once its efficacy is limited. Although thenaédence for these types of
behaviours®”-%8 this scenario is not currently anticipated and we present it only to Higtiigyworst possible effects
of inaction.
Model testing and evaluation. Model tests were carried out on yield and gross margin. For evaluatigeicbf y
estimates, we first removed from the dataset any observations (n =13) waemerldrew a crop not modelled by
BGRI-ECOMOD The model accurately estimated yield both with=@R91, slope=1.05upplementary Figure) 4
and without (R=0.97, slope=1.05, Supplementary Figure 4) failed crops in the dataset BTERWOD is unable to
predict crop failure). We also evaluated yield estimates without the heavy pota®oés, sugar beet) to remove their
influence on the relationship: the model still estimated yield wéi{R4, slope=1.01). Estimated regional gross
margin fell within the 95% confidence intervals for the regional valutsred from Farm Business Survey data
(Supplementary Table) 4Furthermore, the model was robust to sensitivity testing on tracrrnates during
different tillage operations, which was the management variable for whinttsiped data were lacking. We varied the
proportions used to calculate tillage work rates in relation to ploughing at&kthe range tested was +30% to -30%
(+/-5%, +/-10%, +/-20% and +/-30%) of initial valud$ere was no effect on the per hectaggr€sults not shown).
The model was, however, sensitive to the yield penalty applig8iGdnfestation. We observed considerable
variability in the yield loss~weed density relationship (Supplementary Figuespecially at the highest density, and
S0 ran a sensitivity analydissed on the extremes from our data and the literature (SupplementaryLU)abdlee
consequences of using different yield penalties are given in the resuitsSugplementaryfable1l. Full details of

model tests and sensitivity analyses are given in Supplementéngdie

Data availability

Model data and input template are availabre at https://github.com/alexavarah/BGRI-EGOMOD.

Data used to generate the yield penalty can be accegsed at https://github.com/alexavarjh/BGcost:

The field management data set has been deposited in the University of Sheffield Online Research

data archive (ORDA) and can be accessed at https://figshare.com/s/eb21f4d1862741d50ceb.
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Code availability

Model code is available |at https://github.com/alexavarah/BGRI-ECOI\/IOD.
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Figurelegends

Fig. 1 | Estimating yield penalties using black-grass density and winter wheat yield data. a, The average effect of
black-grass density on the yield of winter wheat. Black points are model-estimated average yields, bars show 95%
confidence intervals generated from 10,000 parametric bootstrap re-samples (some confidence intervals are narrow
enough to be obscured by the point; all values and confidence intervals given in Supplementary Table 2). Grey
points show observed yield for each 20 x 20 m plot from 17 fields over 4 years. See Sl for individual field estimates
across years. b, Average yield loss of winter wheat relative to the reference state, calculated based on yield
estimates and bootstrap resamples. Reference state = low density (note the estimate for low density is fixed at 0).
Percent reduction for subsequent density states as follows: medium 0 %; high 7.45 %; very high 25.60 %
(Supplementary Table 2). The y-axis of (b) is reversed so that the direction of the effect of black-grass density is the

same between (a) and (b). Further details in SI.
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Fig. 2 | Field-scale costs and yield loss due to resistant black-grass. These estimates were generated by running
empirical field management and black-grass density data (number of fields = 66) through BGRI-ECOMOD. a and b
show yield loss due to resistant black-grass (YLg, t ha'): a, average field-scale yield losses in winter wheat; b,
maximum field-scale yield loss in winter wheat in the event of total loss of herbicide control. ¢ — e show cost of
resistance (Cg, £ ha): average field-scale Cr for ¢, years in winter wheat crops and d, all years’ data, i.e. across a
rotation; e, maximum field-scale Crin the event of total loss of herbicide control. Fields are overlaid on a map of
modelled density (square root) of Alopecurus myosuroides averaged over 2015-2017. This density map was
generated by fitting a generalized additive model to the data reported in Hicks et al. (2018)?%, with spatial covariates

representing latitude and longitude.

Fig. 3 | The relative contribution of herbicide costs, lost yield and operations costs to total costs in winter wheat
crops. Values are average per hectare costs estimated by running empirical field management and black-grass
density data through BGRI-ECOMOD (number of fields = 66). a, Costs due to resistant black-grass plants and b, costs
due to infestation. Herbicide costs consider only those herbicide applications targeting black-grass. (Error bars
intentionally omitted as the purpose is to illustrate the contribution of component parts and, when data are

presented in this way, error bars of individual components influence each other and are misleading).

Fig. 4 | Annual impacts of herbicide resistant black-grass at regional and national scales. a, Annual winter wheat
yield losses due to resistance (YLg). National YLg given in million tonnes; regional figures in thousand tonnes. b,
Annual economic cost of resistance (Cg) across all crops and ¢, in winter wheat crops. National Crin billion GBP,
regional Crin million GBP. Figures in brackets are 95% confidence intervals. Regions are UK Government Office
regions: EE East of England; SE South East; YH Yorkshire and the Humber; EM East Midlands; WM West Midlands.
For each region, the mean per hectare Crand YLg at each black-grass density state were multiplied by the crop area

estimated to have that density state. For full details of scaling-up process see Methods and SI.
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675 Tables

676 Table 1 | Field-scale yield loss and economic costs due to black-grass infestation (/) and resistant plants (R) at

677 different densities of black-grass in England.

Average

black-grass Average yield loss Average cost’ (£ /ha)

density in winter wheat'

state of (t /ha)

field in winter wheat across rotations

R I R/I° R ) R/l R | R/l

absent/low 0.0 0.0 NA 75 106 0.71 58 85 0.68
(-0.1,0.1) (-0.1,0.1) (56,93) (90, 123) (44, 72) (73, 98)

medium 0.3 0.4 0.75 135 158 0.85 103 123 0.84
(0.2,0.4) (0.2,0.4) (120, 149) (148, 168) (91,115) (114, 132)

high 0.8 0.9 0.89 264 276 0.96 185 193 0.96
(0.7,0.9) (0.8, 1.0) (249, 280) (261, 291) (173,197) (182, 204)

very high 1.8 1.8 1.00 450 450 1.00 280 280 1.00
(1.7,1.9)  (1.7,1.9) (434, 466) (434, 466) (263,297) (263, 297)

Mean ’ 0.38 0.41 093 155 178  0.87 112 131 085

across a (0.2,0.6) (0.2,0.6) (135,174) (152, 204) (92,132) (114, 148)

densities

678 *Values are means, estimated by running empirical field management and black-grass density data (number of fields = 66)
679 through BGRI-ECOMOD, see Methods. 95% confidence intervals (generated by bootstrapping) in brackets.
680 © R/l gives the proportion of the cost of infestation that is due to resistance.

681 * infestation = resistant + susceptible plants.
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