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• Current pesticide policies are mainly
based on quantitative indicators.

• Wecompare consistency of quantitative
indicators with pesticide risks.

• Highly detailed panel data on pesticide
use of Swiss crop farmers is used.

• We find a good average consistency but
no explanatory power for extreme risks.

• The use of purely quantitative indicators
might lead to adverse policy outcomes.
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As amatter of policy, minimizing human health and environmental risks associatedwith pesticide use is a major
challenge but necessary for improving agricultural sustainability. Efficient and effective policies that encourage
the use of less risky pesticides, such as pesticide taxes, necessitate a precise and realistic quantification of poten-
tial adverse effects. Various indicators are currently utilized in policies and they focus mainly on a purely quan-
titative dimension of the pesticides used, which can lead potentially to unfavorable outcomes of pesticide
policies. A unique dataset applied to pesticide use by Swiss farmers inwinterwheat and potato production, dem-
onstrates that on average the twomost important quantitative indicators show a significant correlationwith pes-
ticide risks as expressed by the Danish Load Indicator. However, they have almost no explanatory power for
extreme risks (e.g. most intensive use patterns for pesticides with unfavorable toxicity profiles). Results remain
stable over a range of aggregation levels, from application- to farm-level indicators of pesticide use. These find-
ings render the commonly used, quantitative indicators ineffective to reduce potential environmental and
human health risks of pesticides and, in theworst case, lead tomisinformedmarket-based pesticide policies con-
sequential to National Action Plans.

© 2018 Elsevier B.V. All rights reserved.
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1. Introduction

Current agricultural production systems often rely on an intensive
use of pesticides and other agrochemical inputs. Pesticides are tightly
regulated in many countries, subject to rigorous testing and highly

http://crossmark.crossref.org/dialog/?doi=10.1016/j.scitotenv.2018.07.287&domain=pdf
https://doi.org/10.1016/j.scitotenv.2018.07.287
nmoehring@ethz.ch
Journal logo
https://doi.org/10.1016/j.scitotenv.2018.07.287
Unlabelled image
http://www.sciencedirect.com/science/journal/00489697
www.elsevier.com/locate/scitotenv


504 N. Möhring et al. / Science of the Total Environment 646 (2019) 503–523
conservative risk assessment paradigms. However, the use of pesticides
can still present potential risks to human and environmental health
(Strange and Scott, 2005; Damalas, 2009; Beketov et al., 2013; Malaj
et al., 2014; Stehle and Schulz, 2015). The introduction of effective pol-
icies to reduce adverse effects of pesticides, while maintaining produc-
tion levels, is a major challenge on the way to achieving improved
sustainability in agriculture (Tilman et al., 2002). In the European
Union, the US and China, public policies have been established to ad-
dress pesticide risks and stricter pesticide policies are also being imple-
mented in several other countries (Lefebvre et al., 2015; Pimentel and
Burgess, 2014; Osteen and Fernandez-Cornejo, 2013; Zhang and Wen,
2008; Sun et al., 2012; MAAF, 2015; Bundesrat, 2017; Böcker et al.,
2018). However, the effectiveness of current policies has been
questioned recently (e.g. Hossard et al., 2017; Finger, 2018). The focus
of this research was to evaluate pesticide use/risk indicators utilized
for the purposes of informing market-based pesticide policy and high-
level reduction targets related to National Action Plans.

Setting up policies which promote a reduction in the impacts of pes-
ticides on the environment and human health is far from straightfor-
ward. Pesticides are highly heterogeneous with respect to properties,
application regimes and their potential impact on the environment
and human health. For instance, in the EU alone, a range of 494 active
substances for pesticides, with potentially different adverse effects, are
currently authorized (EU, 2017). The choice of suitable pesticide indica-
tors to quantify pesticide use is therefore essential to define efficient and
effective policy measures.

Currently, implemented indicators differ significantly. For example,
there are simple, purely quantitative indicators like the Quantity of Ac-
tive Ingredients (QA) and the Treatment Frequency Index (TFI), which
abstract from inherent pesticide properties, to very detailed, risk-
adjusted indicators such as the Load Index (LI). QA is a simple measure
of kilograms of pesticides used per area. TFI measures the intensity of
applications, i.e. quantity applied per unit of cropped area in relation
to the recommended dosage (Coll andWajnberg, 2017). The LI indicator
accounts for application intensity as well as a broad range of potential
environmental and health risks for each pesticide (Miljøministeriet,
2012; Kudsk et al., 2018). The indicator chosen differs across countries
and institutions. For example, France uses the QA and TFI indicators to
set targets for pesticide policies (MAA, 2017). Furthermore, QA and
TFI are applied as key indicators for pesticide use statistics by institu-
tions worldwide (Eurostat, 2017; USDA, 2017; JKI, 2017; MAA, 2017)
and are standard indicators for studies on the economics of pesticide
use (Ghimire and Woodward, 2013; Hossard et al., 2014; Gaba et al.,
2016; Perry et al., 2016; Lechenet et al., 2017). The Danish Load Index
(LI) is currently the only risk-based indicator implemented in
European pesticide policies which holistically assesses potential envi-
ronmental and health risks of pesticides on a product level. As with
the purely quantitative QA and TFI indicators, this allows pesticide
risks to be upscaled along a gradient of temporal and spatial resolution
(Kudsk et al., 2018). Since 2013, it has been used in Denmark for the as-
sessment of policy targets and at the same time as the basis for pesticide
taxation (Böcker and Finger, 2016; Kudsk et al., 2018).

However, it is hypothesized that large quantities of pesticides, as in-
dicated by high QA or TFI indicator values, may not inherently mean
higher risks for human health and the environment (e.g. high LI indica-
tor values). For example, Kniss (2017) recently showed that herbicide
use trends for major crops in the US were reversed when the assess-
ment was switched from quantity-based to toxicity-based indicators.
More importantly, the use of quantity-based indicators compared to
risk-adjusted indicatorsmay lead tomajor shifts in policy targets if indi-
cators rank pesticide use inconsistently. These policy targets include, for
example, the reduction of temporal or spatial “hotspots” and extreme
application regimes (over a given cropping season), as extreme applica-
tions are major contributors to the negative effects of pesticides on
human health (Larsen et al., 2017) and the environment (Relyea and
Hoverman, 2006; Gordon et al., 2012; Bundschuh et al., 2013, Topping
and Elmeros, 2016). Along these lines, Larsen et al. (2017) conclude
that there is a need for the implementation of pesticide policies that
tackle extreme applications.Market-based policymeasures such as spe-
cific taxes, quotas or subsidies can complement regulatory frameworks
and admission procedures in achieving this target (Baumol et al., 1988).
However, amisspecification of policy targets may result in biased policy
incentives and finally, adverse policy outcomes. Depending on the de-
gree of inconsistencies between indicators, indicator choice may there-
fore have severe implications for policy outcomes. Although a well-
informed policy discussion is of vital importance, there is a lack of stud-
ies which quantify the extent of inconsistencies between pesticide use
indicators in a common, robust framework.

This research gap was addressed by investigating the consistency of
pesticide use rankings between the purely quantitative, butwidely used
QA and TFI indicators and the LI indicator. The focus goes beyond aver-
age consistency by analyzing consistency for “extreme” application re-
gimes as well as temporal and spatial “hotspots”. Throughout the
article, we refer to extreme applications as the most intensive use pat-
terns andhighest risk scenarios and profiles compared to all other appli-
cations, i.e. the upper tails of the observed distributions of pesticide
applications. In the analysis, across-indicator consistency was tested
using a unique panel dataset of pesticide applications in real farming
conditions in Switzerland for two major crops, potatoes and winter
wheat. These crops were chosen because potatoes are characterized
by the highest average pesticide use andwinterwheat is themost abun-
dant crop in European (and Swiss) arable crop production. Pesticide ap-
plication patterns of farmers, including choices made regarding the
products used, their concentration, spatial distribution of application,
and their timing, are strongly heterogeneous across farmers. A compar-
ison of indicators on “real” application data was therefore necessary to
derive meaningful policy recommendations, especially regarding risks
from the most intensive pesticide use patterns. The analysis started off
by comparing the structure of the indicators. Then correlation coeffi-
cients were used to test the consistency of indicator rankings over the
whole distribution. Secondly, copulas were used to analyze tail depen-
dence between pesticide use indicators. This meant focus could be
placed on across-indicator consistency for extremes, i.e. observations
in the tails of the distribution. The detailed dataset allowed the robust-
ness of results to be assessed on different aggregation levels and for dif-
ferent pesticide types (i.e. all pesticides, herbicides and fungicides).

Current pesticide policies aim to reduce negative environmental and
health effects of pesticides. Market-based policy measures achieve this
target by incentivizing a change in the farmers' application behavior.
The objective of this paper is to show that the choice of underlying pes-
ticide indicators can crucially shift policy targets and incentives, and in
the worst-case lead to adverse outcomes of pesticide policies. The anal-
ysis emphasizes that the comparison of indicators should not merely be
based on their average fit. In fact, quantity-based indicators are found to
be unsuitable to proxy high-risk situations.

2. Background

2.1. Current pesticide policies

Since 2012, European Union member states have to draw up Na-
tional Action Plans (NAPs) for a “Sustainable use of pesticides” with
the goal of reducing “risks and impacts of pesticide use on humanhealth
and the environment” (Directive 2009/128/EC). The revision of existing,
and implementation of new pesticide policies is an ongoing process. In
the EU, Directive 2009/128/EC demands that EU member states review
NAPs every five years and the EU commission has recently announced a
“REFIT” evaluation of all EU pesticide legislation (EC, 2015). Further-
more, adverse effects from pesticide use are at the top of the policy
agenda in other countries like Switzerland, the US or China
(Bundesrat, 2017; Pimentel and Burgess, 2014; Osteen and Fernandez-
Cornejo, 2013; Zhang andWen, 2008; Sun et al., 2012). Policymeasures
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within the framework of the NAPs include training and extension ser-
vices, the promotion of Integrated Pest Management, inspection and re-
newal of equipment, information and awareness raising, as well as
market-based policy measures like pesticide taxes (Böcker and Finger,
2016). Market-based policies complement existing regulatory frame-
works and pesticide admission procedures (e.g. see regulations EC No.
1107/2009 and EC No. 396/2005 in the EU and the Federal Insecticide,
Fungicide and Rodenticide Act and the Federal Food, Drug and Cosmetic
Act in the USA). Their mix provides an “optimal regulatory strategy”
(Skevas et al., 2013, p.97) to reduce externalities from pesticide use on
the environment and human health. The analysis in this article focuses
on the incentives of market-based pesticide policies and the definition
of pesticide reduction targets.See e.g. Storck et al. (2017), Coll and
Wajnberg (2017) and EC SAM (2018) for a discussion of current pesti-
cide regulations and admission procedures.

2.2. Utilized pesticide indicators

The design of pesticide policies, i.e. setting and reviewing targets and
defining pesticide indicators, is complex due to the heterogeneity of
available pesticide products, production environments and farming
practices. Worldwide, many countries have reported national targets
for the reduction of impacts from pesticide use. In Europe, the majority
of EUmember states as well as Switzerland have defined risk reduction
targets - yet, nine EU countries also report pesticide use reduction tar-
gets. However, a clear definition of measurable targets is less common.
For example, only five EU member states have so far set “high level,
measurable reduction targets” according to EU DGHFS (2017). Out of
these five member states, four have defined risk reduction targets
(Belgium, Denmark, Greece andGermany) and one has defined a use re-
duction target (France). Risk indicators utilized in these member
statesinclude the POCER indicator in Belgium (Vercruysse and
Steurbaut, 2002; Claeys et al., 2005; Houbraken et al., 2016), the Load
Indicator in Denmark (Kudsk et al., 2018), an environmental and
human risk assessment in Greece (Tsaboula et al., 2016) and the
SYNOPS indicator in Germany (Gutsche and Rossberg, 1997;
Strassemeyer et al., 2017). A detailed spatial mapping of pesticide use
and associated risks, using pesticide reports, is for example already pos-
sible in California based on the CalPip database (http://calpip.cdpr.ca.
gov/) or in Denmark (Kudsk et al., 2018). An extensive discussion of
existing pesticide risk indicators does not lie within the scope of this ar-
ticle, but we refer to Labite et al. (2011), OECD (2016) and Yang et al.
(2017) for an overviewand a discussion. The analysis in this article is re-
stricted to three indicators. More specifically, thewidely used, quantity-
based indicators QA and TFI are compared to the Danish, risk-based LI
indicator. QA, TFI and LI are chosen because they are i) currently imple-
mented in the framework of theNAP; ii) allowpesticide use to be scaled
to different aggregation levels (product, application, farm, landscape);
and iii) can be computed based on pesticide administration data. They
are therefore policy-relevant, can be used as a foundation for market-
based policy instruments (such as taxes) and can be easily implemented
in other countries. Note that easy scalability and low data requirements
are accompanied by the drawback that the indicators utilizeddo not
consider the application context (e.g. timing, weather conditions, soil,
and distance to bodies of water) and different risk components are ag-
gregated (in the case of the LI indicator).

3. Methodology and data

3.1. Indicator calculation

The pesticide use records are based on observations of single appli-
cations from various farmers. Farmers may grow the same crop on sev-
eral fields of varying size. The observations include a wide range of
different pesticides and span across different years (see Data,
Section 3.5 below for a detailed overview). Thus, the data exhibit a
high level of spatial and temporal heterogeneity of pesticide use. This
also implies that pesticide use indicators cannot be simply transformed
into each other without knowledge of field level information. Fig. 1
gives an overview of the procedure used for computation of the QA,
TFI and LI indicators.

The pesticide products applied (i.e. A, B and C) may contain one or
several active ingredients in different concentrations. It is possible that
some products contain similar, or identical active ingredients. Products
are applied in different quantities and on different fields (or parts of
fields). The computation procedure for the QA, TFI and LI indicators is
described in detail below. All indicators are computed on different ag-
gregation levels.

Firstly, all applications were standardized to obtain per hameasures
of pesticide use per product.

Pesticide Useijk per ha ¼
Xn

l¼1

Pesticide Useijklin kg

� application surface in ha
surface field in ha

ð1Þ

where, for a given crop and year (indicators omitted for clarity), i de-
notes the farm, j the field, k the pesticide product and l a single applica-
tion of the product.

TheQuantity of Active Ingredient (QA) indicator is a simple indicator
of the quantity of active substances used per ha (Eurostat, 2017; USDA,
2017). It was first computed on a product level:

QAijk ¼ Pesticide Useijk � concentration of active ingredientk ð2Þ

where, for a given crop and year, i denotes the farm, j the field and k the
pesticide product.

Field-level pesticide use was computed in a second step. Finally,
farm-level pesticide use was computed as the area weighed mean
over all fields per farm, crop and year.

QAij ¼
Xm

k¼1

QAijk ð3Þ

QAi ¼ ∑n
j¼1 QAij �

surfacej

surfacei
ð4Þ

where, for a given crop and year, i denotes the farm, j thefield, k the pes-
ticide product and n the number of fields per farmer, crop and year.

The Treatment Frequency Index (TFI) indicator is an indicator of pes-
ticide use intensity (Coll andWajnberg, 2017). It was first computed on
a product level:

TFIijk ¼
Pesticide Useijk

Recommended standardð Þ dosage for product k per ha in the given culture

ð5Þ

where, for a given crop and year, i denotes the farm, j the field and k the
pesticide product. If a range of possible dosages was indicated themax-
imum dosage was taken, respectively.

Field-level pesticide use was computed in a second step. Finally,
farm-level pesticide use was computed as the weighed mean over all
fields per farmer, crop and year.

TFIij ¼
Xm

k¼1

TFIijk ð6Þ

TFIi ¼ ∑n
j¼1TFIij �

surfacej

surfacei
ð7Þ

where, for a given crop and year, i denotes the farm, j thefield, k the pes-
ticide product and n the number of fields per farmer, crop and year.

http://calpip.cdpr.ca.gov
http://calpip.cdpr.ca.gov


Fig. 1. Intermediate steps in the computation of the QA, TFI and LI indicators.
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The Danish Load Index (LI) indicator (Miljøministeriet, 2012; Kudsk
et al., 2018) is an indicatorwhich takes into account health, fate and tox-
icity properties of pesticides. It was first computed on a product level:

LIijk ¼
Pesticide Useijk

Recommended standardð Þ dosage of product k per ha in the given culture
� Loadk

ð8Þ

where, for a given crop and year, i denotes the farm, j the field and k the
pesticide product. Loadk denotes the potential, product specific environ-
mental and health impacts of product k. More precisely, Load is the sum
of theHumanHealth Load, Environmental Fate Load and Environmental
Toxicity Load. The Human Health Load is based on Hazard and Precau-
tionary Statements; the Environmental Fate Load on half-time in soil,
half-time in water, bio-concentration factors and the SCI-GROW
(Screening Concentration in Ground Water) index; the Environmental
Toxicity Load on long- term toxicity for fish, daphnia and earthworms
and short- term toxicity for birds, mammals, daphnia, algae, aquatic
plants, earthworms and bees (see e.g. Kudsk et al., 2018).HumanHealth
Load, Environmental Fate Load and Environmental Toxicity Load was
first computed separately. More specifically, each product was com-
pared to all other products for each sub-indicator. The relative scores
obtained for all sub-indicators were then summed up in the respective
categories Human Health, Environmental Fate and Environmental Tox-
icity. Thus, a single value per product was obtained for each of the three
Load categories. Load values in the three categories were finally added
up to a total Load, using equal weights for each category (sub-indicator
scores were weighted according to the scheme in Miljøministeriet,
2012).

Field-level pesticide use was computed in a second step. Finally,
farm-level LI of pesticide use was computed as the weighed mean
over all fields per farmer, crop and year:

LIij ¼
Xm

k¼1

LIijk ð9Þ

LIi ¼ ∑n
j¼1LIij �

surfacej

surfacei
ð10Þ

where, for a given crop and year, i denotes the farm, j thefield, k the pes-
ticide product and n the number of fields per farmer, crop and year.

Image of Fig. 1


1 The described estimation and testing procedure was implemented using the R statis-
tical software (R Core Team, 2013); especially the VineCopula (Schepsmeier et al., 2017),
CopBasic (Asquith, 2017) and gofCopula (Okhrin et al., 2016) packages. All R-codes used
for the implementation are documented in the Online Appendix to provide full transpar-
ency of the procedure.
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3.2. Confidence intervals and correlation coefficients

Confidence intervals for the respective moments were computed to
assess the statistical significance of differences in the distribution mo-
ments. It was then checked to see if confidence intervals overlap. If con-
fidence intervals do not overlap, the hypotheses of significantly
different parameters can be accepted (given the chosen error rate). In
this way it can, for example, be shown that two distributions have sig-
nificantly different means, variances or skewness. Payton et al. (2003)
show that 85% of the confidence intervals should be used to check for
overlaps, given a maximum error rate of 5% to falsely reject the null hy-
pothesis. To compute confidence intervals, 10,000 non-parametric
bootstrap replications were drawn from the empirical distribution of
the data, from which a bootstrap cumulative distribution function and
confidence intervals were then calculated (e.g. Davison and Hinkley,
1997).

Correlation coefficients were computed first to assess the depen-
dence between indicators. As dependence between indicators was
highly non-linear, a measure of ordinal dependence was chosen.
Kendall's tau was selected due to its direct connection to the concept
of copulas (see Section 3.3) and its better efficiency properties and ro-
bustness compared to Spearman's rho (Croux and Dehon, 2010).
Given two sets of observations of the joint random variables X and Y,
Kendall's tau is composed of the difference between concordant and
disconcordant pairs of values xi and yi, i.e. pairs where rankings
“agree” or “disagree”. See Croux and Dehon (2010) for a formal
definition.

3.3. Copulas theoretical background

(Bivariate) copulas are functions that allow (two) distribution func-
tions to be “coupled” to a multivariate distribution function. Formally,
consider the two (continuous) distribution functions F(x) = P[X ≤ x]
and G(y) = P[Y ≤ y] of the random variables X and Y. Then the joint dis-
tribution functionH(x,y) can be expressed by the copula function C(.) as
follows:

H x; yð Þ ¼ C F xð Þ;G yð Þ½ � ð11Þ

where the copula function C(.) captures the dependence structure be-
tween the two distribution functions. Empirical applications of the cop-
ula concept can be found in various disciplines such as finance and
insurance, as well as in applied agriculture. Copulas can also be used
tomodel joint occurrence of unfavorableweather conditions for agricul-
tural production. These models then serve to improve insurances
against weather shocks, where the tail of the loss distribution is partic-
ularly relevant (Xu et al., 2010; Okhrin et al., 2013). Copulas are linked
directly to concordant measures of dependence, such as Kendall's tau
(Nelsen, 2006). Indeed, such measures of dependence are functions of
the copula value (see Nelsen (2006) for an overview). This can be illus-
trated for Kendall's tau as follows (where F(x) = u and G(y) = v):

τ ¼ 4 � E½C u; vÞð �−1 ð12Þ

The upper and lower tail dependence coefficients describe depen-
dence in the upper and lower tails of bivariate distributions. Given the
copula function defined in Eq.(11), the upper and lower tail dependence
coefficients (TDCs), λU and λL, are defined as:

λU ¼ 2− lim
t→1

1−C t; tð Þ
1−t

and ð13Þ

λL ¼ lim
t→o

C t; tð Þ
t

ð14Þ

where λU and λL lie in the range of [0,1] andt denotes the 100t-th per-
centile of F and G, respectively. Therefore, TDCs depend solely on the
copula of the (continuous) random variables and “theoretical” TDCs
can be computed directly from copula parameters (for an overview
see Joe (1997) and Nelsen (2006)). The values obtained for TDCs
can be interpreted in such a way that larger values indicate a higher
probability of joint extremes in the respective upper or lower tail
than lower values of the respective TDC. A TDC of zero implies as-
ymptotic (tail) independence. In the context of this article, a larger
“upper TDC” implied a higher probability of jointly capturing major
application events with the two indicators compared, while a
smaller “upper TDC” signified that indicator choice had a large influ-
ence on the analysis of pesticide applications, as major application
events were not captured jointly. Differences in upper and lower
tail dependence further indicated an asymmetric dependence
structure.

3.4. Copula selection and estimation procedure

The following estimation procedure and robustness checks were ap-
plied in this article for the estimation of copulas and TDCs1:

i) Test independence of indicator pairs analytically with independence
tests. Before the dependence structure of indicator pairs was an-
alyzed, independence of all indicator pairswas tested analytically
with a bivariate, asymptotic independence test based on
Kendall's tau (Genest and Favre, 2007). Independence was
rejected for all indicator pairs, which led to the next step, the es-
timation of copulas and TDCs as indicated above.

ii) Estimate copula parameters and TDCs for a wide range of copula
families with a semi-parametric estimation procedure with empiri-
cal margins. Given the sample size, Frahm et al. (2005) find semi-
parametric estimation procedures perform best for the estima-
tion of TDCs. The semi-parametric estimation consisted of two
steps: firstly, parametric copula families with empirical margins
were fitted to the data with a maximum likelihood estimation
(Joe, 1997). Bivariate Gaussian-, t-, Archimedean- and two pa-
rameter Archimedean copulas were considered, therefore cover-
ing a wide range of possible dependence structures between
indicator pairs and all of themost important andmost used cop-
ula classes (compare Joe (1997) and Nelsen (2006)). More pre-
cisely, 39 different parametric copula types were fitted to the
data with the VineCopula package in R. See Schepsmeier et al.
(2017) for a full list of these copula types. Secondly, theoretical
TDCs were computed on the basis of the copula parameters esti-
mated in step one.

iii) Choose the three copula families which fit best overall indicator
pairs. It was then analytically and graphically evaluated which
of the copula families computed in step ii) provided the best fit
for the data at hand. Firstly, all the copula families tested were
ranked for each indicator pair according to Akaike Information
criteria (AIC), Bayesian Information Criteria (BIC) andmaximum
likelihood values. Copula fit was likewise checked graphically
with density plots in which the observed data were plotted
against 5000 simulated observations (based on the copula pa-
rameters estimated in step ii)).The three copula families with
the best fit for each cropwere selected to provide a broad and ro-
bust overview.

iv) Identify copula family with best goodness-of-fit. The copula family
with best goodness-of-fit compared to all other copula families
considered in step ii) was identified out of the three copula fam-
ilies selected in step iii). Goodness-of-fit was tested with Vuong
and Clarke tests (Vuong, 1989; Clarke, 2007), and the copula
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family with the highest score among all copula families was cho-
sen. In addition, Akaike and Schwarz corrections (Vuong, 1989,
Clarke, 2007) were applied for the number of estimated parame-
ters and then compared to the original results as a robustness
check.

v) Check robustness of obtained copula results with a parametric boot-
strap test and the fully non-parametric stable tail dependence func-
tion approach. Firstly, to support the copula selection and the
findings on tail dependence obtained with the semi-parametric
approach described in steps ii)–iv), a parametric bootstrap test
for copula goodness-of-fit (Genest et al., 2006) was performed,
based on Kendall's process (using Cramer-von-Mises test statis-
tics (Anderson, 1962)). Finally, a second, fully non-parametric ro-
bustness check was carried out using the stable tail dependence
function (Kiriliouk et al., 2016), which is an approach for infer-
ence on tail dependence.

3.5. Data description and validity checks

The dataset used here was provided by the Swiss Central Evaluation
of Agri-Environmental Indicators (CE-AEI). The data is obtained from
Agroscope, the Swiss Federal center of excellence for agricultural
research, that supervises the collection of the here used data. Farmers
participate voluntarily in the data collection scheme and receive com-
pensations for participation (for detailed information on payment
schemes and confidentiality agreements see www.agrarmonitoring.
ch). Data collection is handled by farmers with the AGRO-TECH soft-
ware, which is also used to document compliance with regulations
and direct payment schemes, and therefore integrated in daily working
routines. Primary data were collected and anonymized by intermedi-
aries to guarantee anonymity.

The dataset used for the analysis is unique in its level of detailed in-
formation on farmers' management practices. It consisted of an unbal-
anced panel (i.e. not all entities of farmers appear in the sample in
every year) of non-organically producing Swiss farmers reporting on
their input use (e.g. fertilizer, pesticides, machinery) from 2009 to
2013. While the absolute number of observations on a farm-level was
comparatively small (in total 462 farm-level observations), the dataset
consisted of around 7500 and 6000 field-level management measures
reported with daily resolution for winter wheat and potatoes, respec-
tively. Detailed information on the properties of the pesticides used
was available on a product level for each pesticide application. This
allowed the robustness of results from the analysis to be tested over dif-
ferent years, during single years, over different aggregation levels and
for the most important subgroups of pesticides (herbicides and fungi-
cides). Detailed tables indicating the number of farmers and fields per
crop and year and the types of pesticides used per field are documented
in the Appendix (Tables A1 and A2). The analysis considered a wide
range of application regimes, including 118different pesticides for pota-
toes and 131 different pesticides for winter wheat.

As data were self-reported by farmers, double entries and typos
might appear in the data set. These entries had to be identified meticu-
lously and removed before the dataset could be used. Therefore, a trans-
parent procedure was set up to remove such observations. The
procedure is summarized in the Appendix, Section A1. To calculate pes-
ticide indicators, CE-AEI data were merged on a product level with in-
formation on fate, toxicity and formulation of products from the
Pesticide Properties Database (Lewis et al., 2016), which collects publi-
cally available information on pesticides (e.g. frompesticide admission).
Information on recommended standard application dosages was ob-
tained from the Swiss pesticide register (e.g. BLW, 2013). A detailed de-
scription of the databases used and data sources, as well as their
linkages, can be found in Fig. A1 in the Appendix.

Sample farms differed with regard to farm types, climate condi-
tions, topographic and geographic regions: 36% of sample
observations consisted of purely crop producing farms, whereas
64% of the farms kept at least one animal unit per ha. Seventy-five
percent of observations were located in valleys or hilly regions and
25% in mountain regions. The altitude of farm locations extended
from 360 m to 950 m above sea level. Farm locations were distrib-
uted over the most important crop production regions of
Switzerland (see Fig. 2).

Spycher et al. (2013) find that average pesticide use in the here used
database is well in line with national pesticide use statistics for
Switzerland, which also addresses general concerns regarding self-
reporting and self-selection of farmers. They state that the dataset
covers field crops, i.e. winterwheat and potatoes and themost common
pesticide types, i.e. herbicides and fungicides quite well. However,
Spycher et al. (2013) find a slightly lower average pesticide use than
in national sales statistics, as commonly reported for similar datasets
(e.g. Kruijne et al., 2012). Furthermore, a good fit of average sample sta-
tistics and population averages was found (see Appendix, Section A2).
Any concerns regarding biased self-reporting of extreme pesticide use
were also addressed by analyzing the compliance of Swiss farmers
with pesticide regulations, i.e. pesticide overdosing (see Appendix,
Section A2). Results suggest that farmers have reported actual manage-
ment decisions (i.e. extreme applications), and were not concerned
about anonymity issues.

Possible concerns about the unbalanced structure of the sample
and pooling of years were addressed by testing for significant differ-
ences in skewness of pesticide use distribution across single years
(Tables A3 and A4 in the Appendix). In general, none of the five
years was found to differsignificantlyin skewness from all other
years (at the 5% significance level), except for LI for winter wheat
in 2010. As 2010 was the year with the highest number of partici-
pants with winter wheat, this could indicate that skewness of the LI
indicator in winter wheat was biased downwards by pooling. The
opposite was observed for the QA indicator in winter wheat, where
the skewness was found to be significantly smaller in 2011 and
2012, compared to 2009 and 2010.

4. Results

4.1. Pesticide use trends shift by indicator

Yearly averages of QA, TFI and LI indicators for winter wheat and po-
tato production in Switzerland (Fig. A2, Appendix) showed that pesti-
cide use trends reversed when using different indicators. More
specifically, the TFI and LI indicators pointed towards a positive trend
in pesticide use, while the QA indicator pointed towards a negative
trend for the period (2009–2013) under consideration.

Data for all yearswere then pooled and focuswas placed on observa-
tions at farm and crop levels, as the crucial pest management decisions
are generally taken at the farm-level (Waterfield and Zilberman, 2012).
Histograms of pesticide use by indicator and crop are shown in Figs. A3
and A4 in the Appendix. Results showed that QA and LI indicators had a
significantly larger positive skewness than the TFI indicator (Tables A5
and A6, Appendix), suggesting that QA and LI were more likely to indi-
cate extreme applications than TFI. Median, 90% and 99% quantiles of in-
dicators were likewise compared, leading to the same conclusions
(Tables A7 and A8, Appendix).

4.2. Analysis of the dependence structure

Significant, positive correlations were found between the QA and
LI (in potatoes n = 192, Kendall's tau = 0.27 P b 0.01; in winter
wheat n = 270, Kendall's tau = 0.48, P b 0.01) and between TFI
and LI (in potatoes n= 192, Kendall's tau= 0.41, P b 0.01 and inwin-
ter wheat n = 270, Kendall's tau = 0.59, P b 0.01).Correlation for TFI
and LI indicators was higher than for QA and LI indicators, and higher
for winter wheat than for potatoes (Table 1). Copulas and tail
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Fig. 2. Location of sample farms in Switzerland.
Source: Own depiction. Shapefiles from Bundesamt für Statistik (BFS), GEOSTAT (2017). Points show farm locations per municipality.
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dependence coefficients (TDCs) were then used to reveal possible
asymmetric dependence structures and provide information on the de-
gree of dependence in the tails of the distributions, i.e. between extreme
observations. Firstly, the best fitting copulas for the indicator pairs (see
Methods, Section 3.4) were identified. Then copula density was plotted.
Fig. 3 visualizes how the dependence structure shown in the scatterplot
(Fig. 3a) is captured by the estimated copula function (Fig. 3b). The fig-
ure focuses on the comparison of QA and LI indicators for farm-level
pesticide use in potatoes and shows a relatively high dependence be-
tween the lower tails of QA and LI and almost no dependence in the
upper tails. Respective figures for the LI and TFI indicators, as well as
farm-level pesticide use in winter wheat can be found in the Appendix
(Figs. A5, A6 and A7).

Upper and lower TDCs of the estimated copula models were then
computed to quantify the degree of dependence in the tails of the distri-
butions. TDCs are ameasure for dependence in theupper and lower tails
of distributions and lie in the range from 0 to 1, where larger values in-
dicate a higher probability of joint extremes. Table 1 shows that all cop-
ulas reveal a clearly asymmetric dependence structure between all
indicator pairs. While they show a moderate to strong dependence in
the lower tails, they exhibit very weak to no dependence in the upper
tails. Thus, the analysis suggested that high quantities do not necessarily
correspond to high risks. Results were found to be robust over the three
best fitting copula types (see Methods, Section 3.4 for selection proce-
dure) and copula goodness-of-fit was confirmed (see Appendix,
Section A3 on robustness checks for copulas). TDCs were larger be-
tween TFI and LI than between QA and LI, in line with results from
the correlation coefficients. Similarly, a stronger dependence was
observed for winter wheat than for potatoes. In addition, the robust-
ness of the results was checked further by performing the same anal-
ysis again separately for herbicides and fungicides. These are the
most relevant pesticide types in the sample and in European agricul-
ture in general (e.g. Eurostat, 2017). Results were robust for both
indicator pairs over all analyzed crops, pesticide types and copula
families, leading to a total of 36 separately estimated copulas and
TDCs (see Appendix, Table A9).

Results continued to remain robust when pesticide use was aggre-
gated on a field level instead of a farm level (Appendix, Table A10).

4.3. Temporal hotspots shift by indicator

So far, extreme pesticide use was analyzed as “one-year application
regimes”, located in the upper tail of observed pesticide use distribu-
tions, without considering the spatial and time dimension of applica-
tions. It was then analyzed if results remained consistent when
defining extreme pesticide use as temporal “hotspots”, i.e. single, daily
applications with high risks for the environment and human health
compared to the other applications. Analysis with copulas and TDCs
was again applied on a level of non-aggregated, single pesticide applica-
tions. In linewithfield- and farm-level results, these results showed that
the purely quantitative QA and TFI indicators cannot capture hotspots in
terms of environmental and health risks, as indicated by the LI indicator.
Although goodness-of-fit of the copula models is weaker at the applica-
tion level than at the farm-level, results remained qualitatively consis-
tent for both crops, all copula families and different pesticide types
tested (Appendix, Table A11). Single applications, pooled for all farmers
and years, were plotted on a daily scale (Fig. 4) to illustrate differences
between QA, TFI and LI. Temporal hotspots as indicated by QA, TFI and
LI, respectively (the highest 1% of all applications), were then
highlighted. The graph for potatoes illustrates how indicator choice
may shift policy targets. While hotspots for the QA occurred be-
tween May and July, the TFI identifies June to August as the relevant
timeframe. Most importantly, the risk-adjusted LI identified an-
other timeframe (July–August) and other applications as relevant
hotspots. This was similarly observed for winter wheat (see Appen-
dix, Fig. A8).

Image of Fig. 2


Table 1
Significant correlation of quantitative indicators and farm-level pesticide risks – but very low explanatory power for extreme risks.

Potatoes

Comparing LI indicator to Kendall's τ correlation

Survival Gumbel
copula

Survival BB1 copula Survival BB7 copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA indicator 0.27 0.32 0.00 0.32 0.00 0.36 0.02
TFI indicator 0.41 0.49 0.00 0.45 0.06 0.50 0.28

Winter wheat

Comparing LI indicator to Kendall's τ correlation

Survival Gumbel
copula

Survival BB1 copula BB7 copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA indicator 0.48 0.56 0.00 0.56 0.00 0.62 0.16
TFI indicator 0.59 0.63 0.00 0.61 0.01 0.65 0.36

Level of dependence between farm-level indicators of pesticide use in potato (n= 190) and winter wheat (n = 270) production. QA, TFI and LI denote the Quantity of Active Ingredient,
Treatment Frequency Index and Load Index Indicators, respectively. LTDC andUTDC are in the range of [0,1] and indicate lower and upper tail dependence coefficients, i.e. the dependence for
extremely low and extremely high observations between two indicator distributions, respectively. The three copula families analyzed were chosen per crop for the farm-level observa-
tions, according to the six-step selection and testing procedure described in Section 3.4. Survival Gumbel, BB1 and BB7 copulas refer to the 180° rotated Gumbel, Clayton-Gumbel and
Joe-Clayton copulas, which are one parametric and two parametric Archimedean copulas, respectively. The LTDC of all three copula families lies in a positive range. The UTDC of the Survival
Gumbel copula is zero by definition and in a positive range for Survival BB1 and BB7 copulas. See Nelsen (2006) for exact definitions of the selected copula families. Bold numbers indicate
the best fitting copula type per indicator pair, according to Vuong and Clarke goodness-of-fit tests (Vuong, 1989; Clarke, 2007). Kendall correlation coefficients measured the (average)
ordinal dependence between two indicators and all were significant at the 1% level. Detailed robustness and goodness-of-fit tests for copulas and TDCs can be found in Appendix,
Section A3.
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5. Discussion

Throughout the world, current pesticide policies have been im-
plemented using diverse indicators for the quantification of pesticide
use. Inconsistencies between different pesticide indicators were an-
alyzed in this paper to aid the identification of targets for pesticide
policies, i.e. use patterns and profiles associated with the greatest
risks for the environment and human health. Results show that the
most important, commonly utilized, quantitative pesticide indica-
tors fail to identify the use patterns with the greatest risks for the en-
vironment and human health from pesticide use, as indicated by the
Fig. 3. Copulas reveal differences in the dependence structure of indicators between upper and
farm-level pesticide use in potatoes. Pesticide use in terms of the QA and LI indicators is plotted
do not correspond with extremely high values of the other indicator, are thus located in the bo
copula model for the same observations and indicators (Survival Gumbel copula, see Method
show distribution functions for QA and LI values, respectively (seeMethods, Section 3.3). The Z-
The copula captures the dependence structure between the distributions of the two indicators, n
for joint low values of QA and LI indicator (bottom left corner) and a low density of the copula
LI indicator. Therefore, reliance on these indicators for the imple-
mentation of high-level pesticide reduction targets and market-
based pesticide policies designed to incentivize a reduction in envi-
ronmental and health impacts from pesticide use, can lead to a
misspecification of policy targets and, consequently, to biased policy
incentives and outcomes. The goal of such policies is a reduction of
risks from pesticide use relative to current levels. It is therefore im-
portant to identify the use patterns associated with the greatest
risks, even if they are deemed acceptable in terms of potential risks
by regulatory authorities (e.g. the United States Environmental Pro-
tection Agency and the European Food Safety Authority).
lower tails The scatterplot in Fig. 3a) shows the relationship between QA and LI values for
on the X- and Y- axis, respectively. Extremely high values of the QA and LI indicator, which
ttom right and top left of the plot respectively. Fig. 3b) shows a contour plot of the fitted
s, Section 3.4 for selection and estimation procedure). X- and Y- axis in the contour plot
Axis (‘Copula Density’) shows the probability density of the fitted Survival Gumbel copula.
ot only on average, but over thewhole distributions. The plot shows a high copula density
for jointly high values of the QA and LI indicator (top right corner).

Image of Fig. 3


Fig. 4. Temporal hotspots of pesticide use in potatoes shift with indicator choice Bars
represent single pesticide applications in potatoes, plotted on a daily scale. Plotted
observations include application data for the years 2009–2013 and all sample farmers.
Pesticide use is expressed in Quantity of Active ingredient (QA), Treatment Frequency
Index (TFI) and Load Index (LI) indicators, respectively. “Temporal Hotspots” indicate
the Top 1% of all applications per indicator, respectively.
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More specifically, the analysis showed that the quantitative indi-
cators QA and TFI have a good average fit to proxy potential envi-
ronmental and human health risks of pesticides indicated by the
LI indicator but are unsuitable for identifying the use patterns asso-
ciated with the greatest risks, i.e. extreme risks. Differences be-
tween indicators may occur due to variations in standard dosages
(i.e. between QA and both TFI and LI), inherent pesticide properties
(i.e. between TFI and LI) or combinations of both (i.e. between QA
or TFI and LI). Positive, significant correlations between both QA
and TFI with LI were found. This is in line with Kudsk et al.
(2018), who find a good average fit of TFI and LI indicators. The
analysis of the dependence structure was then extended with cop-
ulas and tail dependence coefficients. Very small coefficients of
upper tail dependence were found between both the QA and TFI
with the LI. The finding of small “upper TDCs” suggested that indi-
cator choice has a great influence on the analysis of pesticide appli-
cations, as extremely high values are not captured jointly. These
findings show that the two quantitative indicators (QA, TFI) have
almost no explanatory power for the pesticide use observations
with the greatest risks for the environment and health as indicated
by the LI indicator.

The findings relating to the very low explanatory power of QA and
TFI for extreme pesticide risks remained robust over different crops
(winter wheat and potatoes), when separately testing the main pes-
ticides types in potato and winter wheat (herbicides and fungicides)
and for all tested aggregation levels of pesticide use (single applica-
tions, fields, farms). The existence of higher correlation coefficients
and TDCs for herbicides compared to fungicides as well as for pota-
toes compared to winter wheat highlights that the degree of
dependence is determined by registered (available) products and
farmers' application patterns in the analyzed cropping system. Dif-
ferences in results between pesticide groups may be an indication
of different levels of heterogeneity with regard to pesticide proper-
ties (e.g. toxicity) in the respective group of products. Differences be-
tween crops (winter wheat b potatoes) may be an indication that the
more input intensive a crop is, the greater the inconsistencies be-
tween indicators, as one would expect. The comparison of different
aggregation levels is especially important, as the definition of “ex-
treme pesticide use” (i.e. the greatest observations, located in the
upper tail of the distribution) is central for the analysis in this article.
Two policy-relevant definitions of “extreme pesticide use”were cov-
ered in the analysis. Extremesmight be relevant in a context of a high
risk of aggregated, farm-level pesticide use over the cropping year
(“extreme application regimes”), but also in a context of high tempo-
ral and spatial concentrations of pesticide risks from single applica-
tions (“extreme application events”). Peaks, or “temporal
hotspots”, of pesticide use are especially relevant for their effects
on ecosystems, like bodies of water. Results revealed that in both
cases, quantitative indicators are unsuitable for pinpointing the pes-
ticide applications and application regimes associated with the
greatest risks (as shown by the LI indicator), highlighting the broad
relevance of the findings.

In addition, results show that trends in national pesticide use may
shift with the choice of pesticide indicators, as different indicators cap-
ture different properties of the pesticides used. To this end, trends of av-
erage, yearly pesticide usewere computed and compared for theQA, TFI
and LI indicators. The findings confirmed results of Kniss (2017) for the
US, who has observed a reversal in pesticide use with different indica-
tors. National pesticide use trends serve to evaluate the efficiency of
public policies to regulate pesticide utilization. It is therefore important,
from a regulatory perspective, that the representation of pesticide
trends reflects potential pesticide impacts in a realistic manner. The
scope of our study was not to infer on long-term pesticide use trends
in Switzerland, but to identify the differences between indicators. Infer-
ence on long-term pesticide use trends demands a longer time series,
which would be more robust to yearly shocks, e.g. caused by adverse
weather events.

The above findings are transferable to other countries and regions
with a similar or even greater heterogeneity of pesticide products in
use. The pesticides used by farmers in the sample are similar to those
used by producers in the EU. 97.5% and 95% of the 40 most used herbi-
cides and fungicides in the non-EU country Switzerland were also ap-
proved in Germany (BLV, 2017) and France (Anses, 2017), and
pesticide use patterns are similar between these countries (CH: de
Baan et al., 2015, GER: JKI, 2017, FR: Agreste, 2017). Structural differ-
ences in the computation of the three indicatorswere compared to facil-
itate the transfer of results to other countries in a more general way. It
was found that in comparison to the QA indicator, the lower skewness
and shorter right tail of the TFI indicator (Tables A5 and A6 and
Figs. A3 and A4 in the Appendix) are based on the normalization of ap-
plied dosages used to compute it. The greater skewness and longer tail
of the LI indicator when compared to the TFI indicator (see Methods,
Section on “Indicator calculation”; Tables A5 and A6 and Figs. A3 and
A4 in the Appendix) are based on the heterogeneity of qualitative pesti-
cide properties (i.e. toxicity) that are also considered. It can therefore be
argued that the identified inconsistencies between indicators translate
to countries with similar application patterns and registered products.
Along these lines, inconsistencies should be even more pronounced
for countries with a potentially greater range of qualitative properties
(e.g. toxicity) across the pesticides used.

6. Conclusions

In conclusion, results suggest that when implementing pesticide
policies, policymakers should consider choice and design of underlying
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Table A1
Sample size.

Year Winter wheat Potatoes

2009 61 (195) 44 (101)
2010 66 (193) 38 (103)
2011 52 (158) 40 (108)
2012 48 (137) 32 (82)
2013 43 (134) 38 (88)
Total 270 (817) 192 (482)

Number of farms (fields) per year and crop.

Table A2
Share of treated fields per pesticide type.

Year Winter wheat Potatoes

Herbicide Fungicide Insecticide Herbicide Fungicide Insecticide

2009 0.92 0.76 0.07 0.88 0.97 0.25
2010 0.94 0.84 0.08 0.93 0.99 0.27
2011 0.96 0.76 0.25 0.92 0.97 0.31
2012 0.96 0.85 0.12 0.96 1.00 0.35
2013 0.97 0.80 0.04 0.93 0.98 0.39
Total 0.95 0.80 0.11 0.92 0.98 0.31

Table A3
85% confidence intervals for skewness of yearly pesticide use distributions in potatoes.

Pesticide type Year QA TFI LI

Lower Upper Lower Upper Lower Upper

All pesticides 2009 1.9 4.5 −0.0 0.6 0.3 1.7
2010 0.9 2.1 −0.1 0.8 0.9 2.9
2011 1.8 4.4 −0.4 0.3 0.8 1.9
2012 1.4 3.6 0.1 1.1 0.3 1.3
2013 2.2 5.2 −0.5 0.2 0.1 1.0

Skewness is calculated for each year (2009–2013) from farm and culture level pesticide
use distributions. Lower and Upper indicate the lower and upper bound of the 85% confi-
dence interval for each statistic, respectively. Payton et al. (2003) show that, given a max-
imum error rate of 5%, 85% confidence intervals should be used to check for overlaps (see
Methods, Section 3.2). Confidence intervals are computed with non-parametric
bootstrapping techniques with 10,000 repetitions, respectively. QA, TFI and LI denote
theQuantity of Active Ingredient, Treatment Frequency Index and”” Load Index Indicators,
respectively.

Table A4
85% confidence intervals for skewness of yearly pesticide use distributions in winter
wheat.

Pesticide type Year QA TFI LI

Lower Upper Lower Upper Lower Upper

All pesticides 2009 1.1 3.0 −0.3 0.3 0.9 1.7
2010 1.3 3.1 −0.1 0.5 −0.0 0.7
2011 0.2 0.8 0.0 0.6 2.0 3.7
2012 −0.1 0.6 −0.3 0.3 1.2 2.9
2013 0.5 1.3 0.3 1.8 1.6 2.9

Skewness is calculated for each year (2009–2013) from farm and culture level pesticide
use distributions. Lower and Upper indicate the lower and upper bound of the 85% confi-
dence interval for each statistic, respectively. Payton et al. (2003) show that, given a max-
imum error rate of 5%, 85% confidence intervals should be used to check for overlaps (see
Methods, Section 3.2). Confidence intervals are computed with non-parametric
bootstrapping techniques with 10,000 repetitions, respectively. QA, TFI and LI denote
the Quantity of Active Ingredient, Treatment Frequency Index and Load Index Indicators,
respectively.
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pesticide indicators with great care, as they have significant impacts on
the incentives of policies. This is highly relevant in the context of the
present implementation and revision of NAPs in Europe, which aim
to reduce “risks and impacts of pesticide use on human health and
the environment” (Directive 2009/128/EC). More specifically, given
the results, market-based policies with underlying quantitative indica-
tors currently in force might create mis-incentives for farmers. Policy
measures, such as pesticide taxes (Finger et al., 2017) based on quan-
titative indicators, could even encourage the use of more risky prod-
ucts if these were to become cheaper than products with low
inherent risks, but high standard dosages or a large number of applica-
tions. Similarly, the adoption of high-level pesticide reduction targets
using quantitative indicators might lead to the implementation of pol-
icies which incentivize the use of more risky pesticides. Countries
which plan to introduce new or revise existing market-based pesticide
policies or reduction targets should effectively target the “risk compo-
nents” of pesticides (e.g. risks for the environment and human health,
etc.), to prevent possible mis-incentives. Such “risk components”
might vary in their importance depending on the country and should
be adapted to country specific circumstances. The results of the study
are especially relevant in the light of recent evidence on the effects
of extreme pesticide use on the health of residents in agricultural
areas (Larsen et al., 2017) and on the environment (Relyea and
Hoverman, 2006; Gordon et al., 2012; Bundschuh et al., 2013 and
Topping and Elmeros, 2016). Larsen et al. (2017) conclude that there
is a need for the implementation of pesticide policies that tackle ex-
treme applications. Focusing on incentives of policies, this study
shows that the choice of a non-target-specific indicator can render
such policies inefficient or even lead to detrimental effects. Given the
large number of policies currently introduced to reduce adverse effects
from pesticide use and achieve greater sustainability in agriculture, the
results potentially have large-scale implications for farmers' pesticide
use worldwide.

The results of this study also have implications for the analysis of the
economic productivity of pesticides (e.g. as in Hossard et al., 2014 and
Lechenet et al., 2017). More specifically, they emphasize the need to in-
vestigate the lack of precision in the assessment of negative external ef-
fects with purely quantitative indicators. Further research is needed in
this field to compare the commonly used quantitative indicators to ac-
tual indicators of pesticide efficacy.

The study can be extended in various directions. Firstly, other
crops should be considered. This is particularly important for spe-
cial crops, vegetables and fruits that are characterized by very
high absolute levels of pesticide use. Secondly, an analysis of deter-
minants of extreme pesticide use is necessary to design efficient
and effective policies for the reduction of this practice. Thirdly,
other indicators might be included to quantify environmental and
health risks (e.g. Labite et al., 2011; OECD, 2016; Kudsk et al.,
2018). These indicators could explicitly include information on
the application context, thus improving the quality of risk assess-
ment (Pierlot et al., 2017). In addition, indicators based on more
complex, site-specific risk assessment models might become more
widely available in the future, given the increasing collection of
timely, detailed and spatially explicit data in agriculture. Finally,
the creation of a harmonized risk indicator for pesticides in
Europe could further improve the coherence of policies in the NAP
and help to monitor pesticide risks on a detailed level across time
and space in Europe.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2018.07.287.
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Table A5
85% confidence intervals of summary statistics for farm-level pesticide use in potatoes.

Pesticide
type

Confidence
interval of

QA TFI LI

Lower Upper Lower Upper Lower Upper

Herbicides Mean 2.46 2.82 1.99 2.23 3.92 4.65
Sd 1.63 1.82 1.05 1.24 3.09 4.00
Skewness 0.12 0.50 0.33 0.83 1.23 2.20

Fungicides Mean 5.98 6.66 5.54 6.19 4.41 5.08
Sd 3.10 3.47 2.87 3.31 2.99 3.67
Skewness −0.01 0.30 0.27 0.66 0.90 1.58

All
pesticides

Mean 10.43 11.87 8.48 9.22 8.86 9.84
Sd 5.87 7.94 3.31 3.82 4.27 5.23
Skewness 1.80 2.60 0.05 0.53 0.79 1.47

Summary statistics are calculated for the pooled data (2009–2013) on a farm and culture
level. Lower and Upper indicate the lower and upper bound of the 85% confidence interval
for each statistic, respectively. Payton et al. (2003) show that, given amaximum error rate
of 5%, 85% confidence intervals should be used to check for overlaps (see Methods,
Section 3.2). Confidence intervals are computedwith non-parametric bootstrapping tech-
niques with 10,000 repetitions, respectively. QA, TFI and LI denote the Quantity of Active
Ingredient, Treatment Frequency Index and Load Index Indicators, respectively.

Table A6
85% confidence intervals of summary statistics for farm-level pesticide use in winter
wheat.

Pesticide
type

Confidence
interval of

QA TFI LI

Lower Upper Lower Upper Lower Upper

Herbicides Mean 0.76 0.93 1.23 1.34 0.79 1.03
Sd 0.89 1.05 0.57 0.65 1.08 1.62
Skewness 1.25 1.65 0.35 0.82 3.39 4.47

Fungicides Mean 0.71 0.84 1.25 1.42 1.32 1.55
Sd 0.67 0.86 0.92 1.01 1.22 1.4
Skewness 1.29 2.71 −0.11 0.2 0.76 1.07

All
pesticides

Mean 1.9 2.15 3.13 3.37 2.32 2.73
Sd 1.28 1.55 1.33 1.5 1.99 2.6
Skewness 0.84 1.84 0.08 0.56 1.75 2.74

Summary statistics are calculated for the pooled data (2009–2013) on a farm and culture
level. Lower and Upper indicate the lower and upper bound of the 85% confidence interval
for each statistic, respectively. Payton et al. (2003) show that, given amaximum error rate
of 5%, 85% confidence intervals should be used to check for overlaps (see Methods,
Section 3.2). Confidence intervals are computedwith non-parametric bootstrapping tech-
niques with 10,000 repetitions, respectively. QA, TFI and LI denote the Quantity of Active
Ingredient, Treatment Frequency Index and Load Index Indicators, respectively.

Table A7
Median, 90% decile and 99% percentiles of farm-level pesticide use in potatoes.

Indicator Median 90% decile 99% percentile

QA 9.85 17.32 41.92
TFI 8.65 14.00 17.55
LI 8.75 16.44 23.66

Parameters are calculated for all years pooled (2009–2013) on a farm and culture level.
QA, TFI and LI denote the Quantity of Active Ingredient, Treatment Frequency Index and
Load Index Indicators, respectively. The ratio of 50% to 90% and 99% percentiles give infor-
mation about the skewness of the distribution and theweight of the distribution on upper
tails.

Table A8
Median, 90% decile and 99% percentiles of farm-level pesticide use in winter wheat.

Indicator Median 90% decile 99% percentile

QA 1.78 3.9 6.1
TFI 3.17 5.14 6.53
LI 2.13 4.71 12.63

Parameters are calculated for all years pooled (2009–2013) on a farm and culture
level. QA, TFI and LI denote the Quantity of Active Ingredient, Treatment Frequency
Index and Load Index Indicators, respectively. The ratio of 50% to 90% and 99% percen-
tiles give information about the skewness of the distribution and the weight of the
distribution on upper tails.

Table A9
Significant correlation of quantitative indicators and farm-level herbicide and fungicide
risks – but very low explanatory power for extreme risks.

Potatoes

Pesticide
type

Comparing LI
indicator to

Kendall's τ
correlation

Survival
Gumbel
copula

Survival
BB1
copula

Survival
BB7
copula

LTDC UTDC LTDC UTDC LTDC UTDC

Herbicides QA indicator 0.17 0.32 0.00 0.32 0.00 0.46 0.00
TFI indicator 0.46 0.58 0.00 0.58 0.00 0.67 0.20

Fungicides QA indicator 0.36 0.45 0.00 0.42 0.01 0.48 0.18
TFI indicator 0.62 0.70 0.00 0.68 0.10 0.74 0.52

Winter wheat

Pesticide
type

Comparing LI
indicator to

Kendall's τ
correlation

Survival
Gumbel
copula

Survival
BB1
copula

BB7
copula

LTDC UTDC LTDC UTDC LTDC UTDC

Herbicides QA indicator 0.54 0.55 0.00 0.64 0.00 0.71 0.25
TFI indicator 0.48 0.57 0.00 0.50 0.24 0.57 0.47

Fungicides QA indicator 0.58 0.71 0.00 0.71 0.00 0.85 0.06
TFI indicator 0.66 0.77 0.00 0.77 0.00 0.89 0.28

Level of dependence between farm-level indicators of pesticide use in potato and
winter wheat production. QA, TFI and LI denote the Quantity of Active Ingredient,
Treatment Frequency Index and Load Index Indicators, respectively. LTDC and UTDC
are in the range of [0,1] and indicate lower and upper tail dependence coefficients,
i.e. the dependence for extremely low and extremely high observations, respectively.
The three analyzed copula families are chosen per crop for farm-level observations,
according to the six-step selection and testing procedure described in the Methodol-
ogy, Section 3.4. Bold numbers indicate the best fitting copula type per indicator pair,
according to Vuong and Clarke goodness-of-fit tests (Vuong, 1989; Clarke, 2007). The
UTDC of the Survival Gumbel copula is zero by definition. Kendall correlation coeffi-
cients measure the (average) ordinal dependence between two indicators and are
all significant at the 1% level. Detailed robustness and goodness-of-fit tests for cop-
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ulas and TDCs can be found in the Appendix, Section A3.
Table A10
Significant correlation of quantitative indicators and field-level pesticide risks – but very
low explanatory power for extreme risks.

Potatoes

Comparing LI indicator to Kendall's τ
correlation

Survival
Gumbel
copula

Survival
BB1 copula

Survival BB6
copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA indicator 0.47 0.28⁎ 0.00⁎ 0.28 0.00 0.28⁎ 0.00⁎

TFI indicator 0.58 0.42 0.00 0.44 0.00 0.44 0.00

Winter wheat

Comparing LI indica-
tor to

Kendall's τ
correlation

Survival
Gumbel
copula

Survival
BB1
copula

Survival
BB8 copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA indicator 0.22 0.57 0.00 0.57 0.00 0.00⁎ 0.00⁎

TFI indicator 0.37 0.63 0.00 0.62 0.00 0.00 0.00

Level of dependence between field-level indicators of pesticide use in potato and
winter wheat production. QA, TFI and LI denote the Quantity of Active Ingredient,
Treatment Frequency Index and Load Index Indicators, respectively. LTDC and UTDC
are in the range of [0,1] and indicate lower and upper tail dependence coefficients,
i.e. the dependence for extremely low and extremely high observations, respectively.
LTDC and UTDC are in the range of [0,1] and indicate lower and upper tail dependence
coefficients, respectively. The three analyzed copula families are chosen per crop for
field-level pesticide use observations, according to the six-step selection and testing
procedure described in the Methodology, Section 3.4. Bold numbers indicate the best
fitting copula type per indicator pair, according to Vuong and Clarke goodness-of-fit
tests (Vuong, 1989, Clarke, 2007). The UTDC of the Survival Gumbel, Survival BB6
and Survival BB8 copulas is zero by definition. Kendall correlation coefficients mea-
sure the (average) ordinal dependence between two indicators and are all significant
at the 1% level. * denotes acceptance of Kendall copula-goodness-of-fit tests (Genest
et al., 2006). Cramer-von Mises test statistics were used to accept/reject the null-
hypothesis of a matching copula family at the 5% level. P-values were computed ac-
cording to the parametric bootstrap procedure described in Genest et al. (2006).



Table A11
Significant correlation of quantitative indicators and application-level pesticide risks – but very low explanatory power for extreme risks.

Potatoes

Comparing LI indicator to Kendall's τ correlation Student t copula Survival BB6 copula Survival BB8 copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA Indicator 0.10 0.06 0.06 0.28 0.00 0.00 0.00
TFI Indicator 0.23 0.07 0.07 0.25 0.00 0.00 0.00

Winter wheat

Comparing LI indicator to Kendall's τ correlation Student t copula Frank copula Survival BB8 copula

LTDC UTDC LTDC UTDC LTDC UTDC

QA Indicator 0.33 0.13 0.13 0.00 0.00 0.00 0.00
TFI Indicator 0.36 0.07 0.07 0.00 0.00 0.00 0.00

Level of dependence between application-level indicators of pesticide use in potato and winter wheat production. QA, TFI and LI denote the Quantity of Active Ingredient, Treatment Fre-
quency Index and Load Index Indicators, respectively. LTDC and UTDC are in the range of [0,1] and indicate lower and upper tail dependence coefficients, i.e. the dependence for extremely
low and extremely high observations, respectively. LTDC and UTDC are in the range of [0,1] and indicate lower and upper tail dependence coefficients, respectively. The three analyzed
copula families are chosen per crop for application-level pesticide use observations. They represent the best fitting copulas according to the six-step selection and testing procedure de-
scribed in the Methodology, Section 3.4. Bold numbers indicate the best fitting copula type per indicator pair, according to Vuong and Clarke goodness-of-fit tests (Vuong, 1989, Clarke,
2007).The UTDC of the Frank, Survival BB6 and Survival BB8 copulas is zero by definition. All estimates of Kendall correlation coefficients are significant at the 1% level. Kendall
(Genest et al., 2006) goodness-of-fit tests with Cramer-von Mises test statistics were used to test the null-hypothesis of matching Survival BB6, Survival BB8 and Frank copulas. P-
values were computed according to the parametric bootstrap procedure described in Genest et al. (2006). PIOS goodness-of-fit tests were used for the Student t copula (Zhang et al.,
2016). Copula goodness-of fit could not be confirmed at the 5% level with the above tests.
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Fig. A1. Linkages of
(Source: Own depiction. 1: Central Evaluation of Agri-Environmental Indicators, Switzerland (2
(compare: Lewis et al., 2016); 3: Pesticide Load Indicator (compare Miljøministeriet, 2012); 4:
used databases.
009–2013, compare: Spycher et al., 2013); 2: Pesticides Properties Database, March 2016
BLW Pflanzenschutzmittelverzeichniss (2009–2013, compare BLW, 2013)).

Image of Fig. A1


Fig. A2. Pesticideuse trends shift by indicator. Linear pesticideuse trends inwinterwheat and potatoes from2009 to 2013with theQA, TFI and LI indicators. Linear trends are significant for
TFI and LI indicators in winter wheat at the 10% and 5% level, respectively. No significant trend was found for potatoes. Shaded areas indicate 95% confidence intervals of linear trends.
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Image of Fig. A2


Fig. A3.Distributions of LI and QA indicators showmore skewness than the TFI. Histograms of farm-level pesticide use in potato production (pooled observations from 2009 to 2013). QA,
TFI and LI denote the Quantity of Active Ingredient, Treatment Frequency Index and Load Index Indicators, respectively.
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Image of Fig. A3


Fig. A4. Distributions of LI and QA indicators show more skewness than the TFI. Histograms of farm-level pesticide use in winter wheat production (pooled observations from 2009 to
2013). QA, TFI and LI denote the Quantity of Active Ingredient, Treatment Frequency Index and Load Index Indicators, respectively.
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Image of Fig. A4


Fig. A5. Copulas reveal differences in the dependence structure of indicators between upper and lower tails (TFI and LI for potatoes). Comparing farm-level pesticide use in potatoes mea-
suredwith the TFI and LI indicators. Fig. a) shows a scatterplot of TFI and LI values. Fig. b) shows a contour plot of thefitted copulamodel (Survival BB1 copula, seeMethods, Section 3.4 for
selection and estimation procedure). TFI and LI denote the distribution functions for TFI and LI values, respectively (see Methods, Section 3.3). The copula captures the dependence struc-
ture between the distributions of the two indicators, not only on average, but over the whole distribution.
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Fig. A6. Copulas reveal differences in the dependence structure of indicators between upper and lower tails (QA and LI for winter wheat). Comparing farm-level pesticide use in winter
wheatmeasuredwith theQA and LI indicators. Fig. a) shows a scatterplot of QA and LI values. Fig. b) shows a contour plot of thefitted copulamodel (Survival Gumbel copula, seeMethods,
Section 3.4 for selection and estimation procedure). QA and LI denote the distribution functions for QA and LI values, respectively (see Methods, Section 3.3). The copula captures the de-
pendence structure between the distributions of the two indicators, not only on average, but over the whole distribution.

Image of Fig. A5
Image of Fig. A6


Fig. A7. Copulas reveal differences in the dependence structure of indicators between upper and lower tails (TFI and LI for winter wheat). Comparing farm-level pesticide use in winter
wheatmeasuredwith the TFI and LI indicators. Fig. a) shows a scatterplot of TFI and LI values. Fig. b) shows a contour plot of the fitted copulamodel (Survival Gumbel copula, seeMethods,
Section 3.4 for selection and estimation procedure). TFI and LI denote the distribution functions for TFI and LI values, respectively (seeMethods, Section 3.3). The copula captures the de-
pendence structure between the distributions of the two indicators, not only on average, but over the whole distribution.

Fig. A8. Temporal hotspots of pesticide use shift with indicator choice (winter wheat). Single pesticide applications in winter wheat, plotted on a daily scale. Observations include
application data for the years 2009–2013 and all sample farmers. Pesticide use is expressed in Quantity of Active ingredient (QA), Treatment Frequency Index (TFI) and Load Index (LI)
indicators respectively. “Temporal Hotspots” indicate the Top 1% of all applications per indicator, respectively.

519N. Möhring et al. / Science of the Total Environment 646 (2019) 503–523
B.1. Documentation of data cleaning procedure

The following detailed procedure was used to clean data entry mis-
takes from the raw data:

1) Selection. Only farmers with complete observations (field calendar and
socio-economic/bookkeeping data), only relevant cultures, only pesti-
cide applications where all indicators are available, only farmers with
a focus on arable farming (exclude those which have an area share of
N5% wine or fruit).
2) Remove outlier fields. Only keep those fields where seeding and har-
vesting activity (in this order) is reported. Eliminate fields where a
yield of zero is indicated or no seeding and or harvesting takes place.

3) Remove outlier applications. Remove applications with double ac-
counting (same product, same day, same amount).

4) Correct farmers'typos. According to the following procedure: Identify
applications where the product is applied with an amount of (mean
+− 1*sd). For applications (mean+ 1*sd) also check if the amount
exceeds the recommended standard dosage. For those outliers, check
every individual application in the context of thewhole field calendar

Image of Fig. A7
Image of Fig. A8


Table B1
Results of copula goodness-of-fit tests.

Survival Gumbel Survival BB1 Survival BB7

Potatoes

Herbicides QA-LI Reject Reject Reject
TFI-LI Accept Accept Accept

Fungicides QA-LI Accept Accept Accept
TFI-LI Accept Accept Accept

All pesticides QA-LI Accept Accept Accept
TFI-LI Reject Accept Reject

Survival Gumbel Survival BB1 BB7

Winter Wheat

Herbicides QA-LI Accept Accept Reject
TFI-LI Reject Accept Accept

Fungicides QA-LI Reject Reject Reject
TFI-LI Reject Reject Reject

All Pesticides QA-LI Accept Accept Reject
TFI-LI Reject Reject Reject

Note: The goodness-of-fit test described in Genest et al. (2006) was used. Cramer-von
Mises test statistics were used to accept/reject the null-hypothesis of a matching copula
family at the 5% level. P-valueswere computed according to the parametric bootstrap pro-
cedure described in Genest et al. (2006).
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for the given field/year and correct if necessary. In addition, compare
those applications to applications by other farmers and applications
of the same farmer in other years. In particular, consider the possibil-
ity of split applications/packages/mixtures for those outliers.

Each application was tested according to the above procedure with
the software package R (R Core Team, 2013) to avoidremoving or
changing actual documented behavior and only remove individual mis-
takes and thus guarantee a high data quality. The procedure was de-
signed to test the applications in the context of the given regulations,
of applications of the similar products on other Swiss farms, other appli-
cations on the same farm and the data quality of information on other
management measures provided by the farmer. Given the richness of
the data, applications could therefore be subject to context-specific
evaluation thus guaranteeing a higher reliability than simple outlier
identification algorithms.

B.2. Validity checks for self-reporting and self-selection

Swiss pesticide regulations explicitly forbid pesticide overdosing
(application dosages higher than recommended dosages). Therefore,
to address any concerns regarding self-reporting by farmers checks
were carried out to verify that they complied with these regulations ac-
cording to the reported data, or reported any violations of these regula-
tions. The latter would be a sign for a high degree of trust in anonymity
assurances given to farmers. Applications were rated as overdosed
when the maximum allowed amount in the respective culture was
exceeded by N5%. 5-year average values of the share of overdosed ap-
plications were then computed per culture and pesticide type. The
share of overdosed applications in potato and winter wheat produc-
tion is 2% and 4.8% for herbicides and 5.6% and 3.4% for fungicides, re-
spectively. This suggests that farmers were not concerned about
reporting and anonymity issues during data collection. We also com-
pared important socio-economic characteristics of our sample to the
population averages, as reported by Agroscope for 2013 (Hoop and
Schmid, 2014) and the Swiss Institute for Statistics for 2016 (BFS,
2017). The average farm size in the sample is 26.8 ha, which is
representative of Swiss crop producers with an average farm size of
26.5 ha. We also find a representative age structure in our sample.
The percentage of farmers in a given age group (population averages
in parenthesis) is as follows: b39 years: 28(21)%; 40–49 years: 30
(30)%; 50–59 years: 35(37)% and N 60 years 7(13)%. Finally, we
found the ratio of farmers with no education lies at 15% compared to
2% as the population average. The higher rate of educated farmers,
compared to population averages, might be explained by the focus
on crop producing farms in our sample, compared to a high share of
milk producing farms in the population. Moreover, our dataset does
not cover very remote regions, as crop farms are located in more ac-
cessible regions (compare Fig. 2).

B.3. Assessing robustness of farm-level results for copulas and tail dependence

As described in the Methodology Section, step v) of the article, ro-
bustness was also checked regarding the results obtained for copula es-
timation and tail dependence with a parametric bootstrap test and the
stable tail dependence function, respectively. The first robustness
checkwas a goodness-of-fit test based on Kendall's process as described
in Genest et al., 2006. Cramer-von-Mises test statistics were used to as-
sess if the null-hypothesis, that the chosen copula family matches the
empirical copula, is rejected or accepted at the 5% level (Genest et al.
(2006) report a higher test power for Cramer-von-Mises test statistics
than for Kolmogorov-Smirnov test statistics). Genest et al. (2006) and
Genest and Rémillard (2008) reported that test power for some of the
copula families is low. Furthermore, it was not possible to identify a
power study for the two-parameter copulas used to assess tail depen-
dence in this article. However, the results of the test still give some
indication of whether the distributional assumptions of the selected
copulas are met, or if further analysis is needed.
Table B1 reports outcomes of the goodness-of-fit test described by
Genest et al. (2006) for all indicator pairs and copula families for farm-
level pesticide use. With the exception of four copula pairs (QA-LI for her-
bicides in potatoes, fungicides in winter wheat, TFI-LI for all pesticides in
winter wheat) goodness-of-fit for the best fitting copula is confirmed. The
semi-parametric approach used to assess tail dependence in this article is
expected to show a bad performance if distributional assumptions are not
met (Frahmet al., 2005). In addition, the fully non-parametric stable tail de-
pendence function (Kiriliouk et al., 2016) was used to assess tail depen-
dence and test if the results on tail dependence remain valid for those
four indicator pairs.

Computation of the stable tail dependence function was imple-
mented in accordance with Kiriliouk et al. (2016) and using the R pack-
age copBasic (Asquith, 2017). The function was estimated for the
following indicator pairs:

i) QA and LI indicator for herbicides in potato production
ii) QA and LI indicator for fungicide use in winter wheat production
iii) TFI and LI indicator for fungicide use in winter wheat production
iv) TFI and LI indicator for overall pesticide use in winter wheat

production

More specifically, itwas checked to verify that the statement of a low
degree of upper tail dependence for i) to iv) respectively, can be sup-
ported by the results of the stable tail dependence function method.
To this end, the stable tail dependence function was plotted for all indi-
cator pairs, as suggested by Kiriliouk et al. (2016). This allows qualita-
tive confirmation or rejection of findings on tail dependence. The
approach consists of plotting several levels of the stable tail dependence
function,where levels are ordered according to their relative distance to
the upper endpoint of the joint distribution of the indicator pairs. The
stable tail dependence function l(x) is defined as follows.

l xð Þ ¼ limt↓0t−1ℙ F1 X1ð ÞN1−tx1;… ; Fd Xdð ÞN1−txd½ �

whereX=(X1,…,Xd) is a randomvectorwith continuousmarginal distri-
bution functions and a joint distribution function. ℙ( X1 ≤ x1,…,Xd ≤ xd),t N
0 is small and the numbersx1,…, xd ∈ [0,∞) parametrize the relative dis-
tances to the upper endpoints of the d variables (inthis case two, namely
the respective indicator pair). Tail dependence is therefore investigated
close to the upper endpoints (1,1) of the joint (bivariate) distribution.
An example of how to interpret plots of the stable tail dependence func-
tion is given in Figs. B1 and B2. These illustrate plots of the stable tail de-
pendence function for several levels of two Gumbel-Hougaard copulas
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with theoretical upper TDCs of 0.78 and 0.01 indicating strong upper tail
dependence and almost no upper tail dependence, respectively.
Fig. B1. Example plot of the stable tail dependence function for a Gumbel-Hougaard cop-
ula with a TDC of 0.78.

Fig. B2. Example plot of the stable tail dependence function for a Gumbel-Hougaard cop-
ula with a TDC of 0.01.

Fig. B3. Plot of the stable tail dependence function for indicator pair i).

Fig. B4. Plot of the stable tail dependence function for indicator pair ii).
Level sets would show 90° bends and straight lines, respectively for
the two extreme cases of complete asymptotic dependence and asymp-
totic independence. Given this indication, the upper figure clearly
depicts the high degree of tail dependence present, whereas the lower
figure points towards (asymptotic) independence, as expected.
Figs. B3, B4, B5 and B6 show plots of the stable tail dependence function
for the indicator pairs i)–iv), respectively.

Image of Fig. B1
Image of Fig. B2
Image of Fig. B3
Image of Fig. B4
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Fig. B5. Plot of the stable tail dependence function for indicator pair iii).
Fig. B6. Plot of the stable tail dependence function for indicator pair iv).
The plots clearly indicate a low level of tail dependence for indicator
pairs i) to iv) as the level sets are close to straight lines. However, level
sets of indicator pair iv)get closer to the curves shown in Fig. A10with a
higher relative distance to the endpointwhich indicates a higher degree
of asymptotic dependence than indicator pairs i) to iii). These findings
are in line with the values reported for the upper TDCs in Tables 1 and
A5, where the estimated upper TDCs for indicator pairs i) to iii) were
{0.00; 0.00;0.00}, {0.00;0.00;0.06} and {0.00;0.00;0.28} and
{0.00;0.01;0.32} for indicator pair iv), respectively. The findings for the
stable tail dependence function method are therefore in line with the
findings reported in Tables 1 and A9 and qualitatively support the result
indicating only a weak upper tail dependence.
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