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S3.1 Quantitative analysis of progress towards the Aichi Targets 

S3.1.1 Methods  

Datasets for a total of 68 indicators were compiled to assess progress towards the Aichi 

Targets (Table S3.1). This included all of the those considered by Tittensor et al. (2014), 

apart from Red List Index for seabirds (replaced by Red List Index showing impacts of 

fisheries), Protected area coverage of Alliance for Zero Extinction sites and Protected area 

coverage of Important Bird and Biodiversity Areas (both of which were combined into a new 

indicator Protected area coverage of Key Biodiversity Areas), Insecticide use (incorporated 

within a new indicator Pesticde use), rate of mammal and bird extinctions (which has not 

been updated since the 2000-2010 datapoint), and Protected area coverage of freshwater 

ecoregions (dropped as it is now judged to be a poor indicator given the large size of these 

areas and the high proportion of non-freshwater habitat included). Datasets were updated for 

all bu 22 of these indicators. An additional 16 indicators were included:  Red List Index 

(internationally traded species), Area of tree cover loss (ha), Red List index (forest 

specialists), Marine trophic index, Nitrogen use balance (kg/km2), Climatic Impact Index for 

birds, Area of mangrove forest cover (km2), Number of plant genetic resources for food and 

agriculture secured in conservation facilities, Red List Index (wild relatives of farmed and 

domesticated species), Percentage change in local species richness, Red List Index (species 

used for food and medicine), Percentage of global rural population with access to improved 

water resources, Percentage of countries that have ratified the Nagoya Protocol, Percentage of 

countries with revised NBSAPs, Species Status Information Index, and Proportion of known 

species assessed through the IUCN Red List (Table 3.3, S3.1). 

 

Table S3.1 Indicators used in the quantitative analysis of progress towards the Aichi 

Targets, their characteristics, and projected trends. Numbered target elements correspond 

to Table 3.3. Indicators marked with À are considered óIPBES core indicatorsô. Spatial 

coverage is scored as poor (1-2 continents, or 3-4 continents and <10 countries), moderate (3-

4 continents and Ó10 countries, or Ó5 continents and <20 countries), or good (or Ó5 

continents and Ó20 countries). Asterisks indicate time-series updated since Tittensor et al. 

(2014) or indicators additional to (or replacing indicators used by) Tittensor et al. (2014). 

 

Strat-

egic 

Goal 

Aichi 

Target 

Target 

Ele-

ment 

Indicator name Type  Spatial 

coverage 

Align-

ment 

Sampling 

dates 

Projected 

trend to 

2020 

A 1 1.1 Biodiversity Barometer (% of 

respondents that have heard of 
biodiversity) 

Response Poor High 2009-2016* Significant 

increase 

A 1 1.1 Biodiversity Barometer (% of 

respondents giving correct definition of 

biodiversity) 

Response Poor High 2009-2016* Significant 

increase 

A 1 1.1 Funding towards environmental 

education ($) 

Response Good Low 1995-2010 Non-

significant 

decline 

A 1 1.2 Online interest in biodiversity 

(proportion of google searches) 

Response Good Medium 2004-2016* Non-

significant 

decrease 
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A 2 2.2 Funding towards Environmental Impact 

Assessment ($) 

Response Good Low 1995-2012 Non-

significant 

decrease 

A 2 2.4 Number of research studies involving 

economic valuation 

Response Good Low 1974-2010 Significant 

increase 

A 3 3.2 World Trade Organisation ' green box' 

agricultural subsidies ($) 

Response Good Medium 1995-2011 Non-

significant 

increase 

A 3 3.2 Funding towards institutional capacity 
building in fisheries ($) 

Response Good Low 1995-2012 Non-
significant 

increase 

A 4 4.1 Percentage of countries that are 
Category 1 CITES PartiesÀ 

Response Good High 1994-2016* Significant 
increase 

A 4 4.2 Ecological Footprint (number of earths 

needed to support human society)À 

Pressure Good High 1961-2012* Non-

significant 

increase 

A 4 4.2 Red List Index (impacts of utilisation) Pressure Good High 1986-2016* Significant 

decrease 

A 4 4.2 Red List Index (internationally traded 

species) 

State Good Medium 1988-2016* Significant 

decrease 

A 4 4.2 Human appropriation of net primary 

productivity (Pg C) 

Pressure Good Low 1910-2005 Significant 

increase 

A 4 4.2 Human appropriation of fresh water 

(water footprint) (thousand km3)À 

Pressure Good High 1995-2009 Significant 

increase 

B 5 5.1 Wetland Extent Trends Index State Good Medium 1970-2015* Significant 

decrease 

B 5 5.1 Area of tree cover loss (ha)À State Good High 2001-2016* Significant 
increase 

B 5 5.1 Percentage natural habitat extent State Good High 1961-2011 Significant 

decrease 

B 5 5.2 Wild Bird Index (habitat specialists) State Poor Low 1968-2014* Significant 
decrease 

B 5 5.2 Red List index (forest specialists) State Good Low 1988-2016* Significant 

decrease 

B 6 6.1 Proportion of fish stocks in safe 
biological limitsÀ 

State Good High 1974-2013* Non-
significant 

decrease 

B 6 6.1 Marine Stewardship Council certified 

fisheries (tonnes)À 

Response Good High 1999-2016* Significant 

increase 

B 6 6.3 Marine trophic indexÀ Pressure Good High 1960-2014* Non-

significant 

decrease 

B 6 6.3 Red List Index (impacts of fisheries) Pressure Good Medium 1988-2016* Significant 
decrease 

B 6 6.3 Global effort in bottom-trawling (kW 

sea-days) 

Pressure Good Medium 1950-2006 Significant 

increase 

B 7 7.1 Nitrogen use balance (kg/km2)À Pressure Good Low 1961-2011* Non-
significant 

increase 

B 7 7.1 Wild Bird Index (farmland birds) State Poor Medium 1980-2014* Significant 
decrease 

B 7 7.1 Area of agricultural land under organic 

production (million ha) 

Response Good High 1999-2014* Significant 

increase 

B 7 7.1 Area of agricultural land under 
conservation agriculture (thosuand ha) 

Response Good High 1990-2011 Significant 
increase 

B 7 7.3 Area of forest under sustainable 

management: total FSC and PEFC forest 
management certification (million ha)À 

Response Good High 2000-2016* Significant 

increase 

B 8 8.1 Red List Index (impacts of pollution) State Good High 1988-2016* Significant 

decrease 

B 8 8.1 Pesticide use (tonnes)À Pressure Good Medium 2000-2011* Significant 
increase 

B 8 8.2 Nitrogen surplus (Tg N) Pressure Good Medium 1970-2005 Significant 

increase 

B 9 9.1 Number of invasive alien species 
introductions 

Pressure Moderate Medium 1500-2012 Significant 
increase 

B 9 9.3 Red List Index (impacts of invasive 

alien species) 

Pressure Good Medium 1988-2016* Significant 

decrease 

B 9 9.4 Percentage of countries with invasive 
alien species legislation 

Response Good High 1967-2009 Non-
significant 

increase 

B 10 10.1 Percentage live coral cover State Good High 1972-2016* Non-

significant 
decrease 
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B 10 10.2 Glacial mass balance (mm water 

equivalent) 

State Moderate Medium 1957-2015* Significant 

decrease 

B 10 10.2 Mean polar sea ice extent (million km2) State Good Medium 1979-2015* Non-

significant 

decrease 

B 10 10.2 Climatic Impact Index for birds Pressure Poor Low 1980-2010* Non-

significant 

increase 

B 10 10.2 Area of mangrove forest cover (km2) State Good Medium 2000-2014* Significant 
decrease 

C 11 11.1 Percentage of marine and coastal areas 

covered by protected areasÀ 

Response Good High 1990-2016* Significant 

increase 

C 11 11.2 Percentage of terrestrial areas covered 
by protected areasÀ 

Response Good High 1990-2016* Significant 
increase 

C 11 11.3 Percentage of Key Biodiversity Areas 

covered by protected areasÀ 

Response Good High 1980-2017* Significant 

increase  

C 11 11.4 Percentage of terrestrial ecoregions 
covered by protected areas 

Response Good High 1911-2012 Significant 
increase 

C 11 11.4 Percentage of marine ecoregions 

covered by protected areas 

Response Good High 1911-2012 Significant 

increase 

C 11 11.4 Protected area coverage of bird, 

mammal and amphibian distributions 

Response Good High 1990-2012 Significant 

increase 

C 11 11.5 Number of protected area management 

effectiveness assessmentsÀ 

Response Good Medium 1990-2013 Significant 

increase 

C 11 11.5 Funding towards nature reserves ($) Response Good Low 1995-2012 Non-
significant 

increase 

C 12 12.2 Living Planet Index  State Moderate High 1970-2012* Significant 
decrease 

C 12 12.2 Red List IndexÀ State Good High 1994-2016* Significant 

decrease 

C 12 12.2 Funding towards species protection ($) Response Good Low 1995-2012 Non-
significant 

increase 

D 13 13.1 Number of plant genetic resources for 
food and agriculture secured in 

conservation facilities 

Benefit Good High 1995-2016* Significant 
increase 

D 13 13.2 Percentage of terrestrial domesticated 

animal breeds at riskÀ 

Benefit Good High 2000-2013 Significant 

increase 

D 13 13.3 Red List Index (wild relatives of farmed 

and domesticated species)  

Benefit Good High 1988-2016* Significant 

decrease 

D 14 14.1 Percentage change in local species 

richness 

State Good Low 1970-2014* Non-

significant 

D 14 14.1 Red List Index (species used for food 

and medicine)  

Benefit Good Medium 1986-2017* Significant 

decrease 

D 14 14.1 Red List Index (pollinator species)  Benefit Good Low 1988-2016* Significant 

decrease 

D 14 14.2 Percentage of global rural population 

with access to improved water resources 

Response Good Low 1990-2015* Significant 

increase 

D 16 16.1 Percentage of countries that have 

ratified the Nagoya Protocol 

Response Good High 2011-2017* Significant 

increase 

E 17 17.1 Percentage of countries with revised 

NBSAPsÀ 

Response Good High 2010-2017* Significant 

increase 

E 19 19.1 Species Status Information IndexÀ Response Good Medium 1980-2014* Non-
significant 

increase 

E 19 19.1 Number of biodiversity papers 

published 

Response Good High 1980-2016* Non-

significant 
increase 

E 19 19.1 Proportion of known species assessed 

through the IUCN Red List À 

Response Good Medium 2000-2017* Significant 

increase 

E 19 19.1 Number of species occurrence records in 
the Global Biodiversity Information 

Facility 

Response Good Low 2003-2016* Significant 
increase 

E 19 19.1 Funding committed to environmental 
research ($) 

Response Good Low 1995-2012 Non-
significant 

increase 

E 20 20.1 Funding provided by the Global 

Environment Facility ($) 

Response Good High 1991-2016* Significant 

increase 

E 20 20.1 Official Development Assistance 

provided in support of the CBD 

objectives ($) 

Response Good High 2006-2015* Significant 

increase 
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E 20 20.1 Global funding committed towards 

environmental policy, laws, regulations 

and economic instruments ($) 

Response Good Medium 1995-2012 Non-

significant 

increase 

 

We assembled a broad suite of indicators to estimate historical trends and project to 2020, 

building on those used by Tittensor et al (2014) and CBD (2014). Tittensor et al (2014) used 

the CBDôs indicative list (CBD 2012) and scoped more than 160 potential indicators, 

reviewing them against five criteria: (i) high relevance to a particular Aichi Target and a clear 

link to the status of biodiversity; (ii) scientific or institutional credibility; (iii) a time series 

ending after 2010; where unavailable but indicator fills a sizable gap, data ending as near to 

2010 as possible; (iv) at least five annual data points in the time series; and (v) broad 

geographic (preferably global) coverage. Of the 163 potential indicators, 55 met these criteria 

and were included in Tittensor et alôs analysis. We expanded the set to include 68 indicators 

in total. 

 

Following Tittensor et al (2014), we fitted models to estimate underlying trends using an 

analysis framework adaptive to the highly variable statistical properties of the indicators. 

Dynamic linear models (Durbin and Koopman 2001) were fitted to high-noise time series, 

while parametric multimode averaging (Burnham and Anderson 2002) was used for those 

with low noise. We projected model estimates and confidence intervals to 2020 to estimate 

trajectories and rates of change for each indicator (Table S3.2). As most targets lack 

explicitly quantifiable definitions of ñsuccessò for 2020 (and those that have definitions for 

some components lack them for others), it was not generally possible to measure progress in 

terms of distance to a defined end point. Therefore, we assigned indicators as relating to 

states, drivers, responses or natureôs contributions to people, and compared projected values 

in 2020 against modelled 2010 values (underlying trend estimates) for all indicators, while 

additionally measuring absolute progress where possible. For protected area coverage of the 

terrestrial environment, marine environment, and Key Biodiversity Areas, we took 17%, 

10%, and 100% as thresholds for achievement of the target. For protected area coverage of 

ecoregions, we assume achievement of the target would require 100% of terrestrial and 

freshwater ecoregions to have 17% protected area coverage, and 100% of marine ecoregions 

to have 10% protected area coverage. For protected area management effectiveness 

assessments, we assume achievement of the target would require all protected areas to have 

had their management effectiveness assessed. 

 

Selecting indicators for use in the analysis  

The first step in the analysis was to identify indicators that could be used to project trends to 

2020 by assessing them against the analysis criteria (Tittensor et al 2014): 

(i) substantial relevance to a particular Aichi Target and a clear link between the 

indicator and the status of biodiversity  

(ii)  (scientific or institutional credibility, in terms of the indicator dataset or its 

underlying methodology being peer-reviewed and generally accepted by the 

scientific community, it being developed or used by an international public or 

third sector organization, or being used in previous global assessments of 

biodiversity trends (e.g. (1))  

(iii)  a start point before 2010 and end-point after 2010 where feasible, and where 

not feasible but the indicator was essential due to a lack of alternatives for the 

Target, a long series of data points ending as near to 2010 as possible 

(iv) at least 5 annual data points in the time-series  
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(v) broad geographic (preferably global) coverage.   

 

Statistical modelling framework 

Once the indicators used to assess progress towards Aichi Target had been selected, we used 

an adaptive statistical framework to fit models and project time trends based on the properties 

of each individual time-series, using the statistical properties of the data to select an 

appropriate modeling paradigm; noisy time series needed an approach designed to deal with 

this property, while those with low levels of noise required a separate method (Tittensor et al. 

2014).  

We first divided the series into two fundamental categories depending on whether or not they 

exhibited a statistically significant white noise component. We calculated the signal-to-noise 

ratio by fitting a dynamic linear (state space) model to each time-series based on a random 

walk plus noise model. Indicators with a low signal-to-noise ratio (i.e. significant noise) were 

then fitted using linear Gaussian sate-space models (i.e. a Kalman filter and smoother) with a 

time-varying trend. This approach is specifically developed to filter white noise. Conversely, 

time-series with a high signal-to-noise ratio (i.e. low noise) were fitted with deterministic 

models using a multi-model parametric approach assuming an unknown underlying 

functional form and then model-averaging. Given the desire for a unified approach that could 

be used to seamlessly compare projections between both these parametric methods, we 

transformed data where necessary to ensure that the assumptions of Gaussian errors (used in 

both the multi-model and dynamic linear model approaches). In both cases we visually 

inspected the residuals for independence of residuals, homogeneity of variance, or 

contravention of the assumptions of normality; where the latter two occurred, we applied log-

transformations and arcsin square root transformations as appropriate. Where autocorrelation 

was visible in the residuals, we added AR1 and AR2 terms to correct for this. 

(i) Dynamic linear models. The dynamic linear model approach fitted a model consisting of 

global mean with a locally varying trend  to each time series. This allowed for a temporally 

evolving rate parameter within each time-series, thus enabling the model to capture 

significantly non-linear behavior. Models were fit using maximum likelihood and a Kalman 

Filter in the R package dlm. 

(ii) Multi -model parametric models. The multi-model parametric approach assumes a 

deterministic trend with an unknown functional form. A total of 18 candidate trend models 

were fit to each time-series as an ensemble. The models were selected for their ability to fit a 

wide range of functional forms, such as linear, exponentially increasing or decreasing, 

asymptotic and others. The ensemble models were ranked according to the Akaike 

information criterion (AIC) value which is an information theoretic-based goodness of fit 

statistic and takes into account model fit, complexity, and sample size, 

 
ὃὍὅ ςÌÎὒ— ώ  ὴ 

 
 

where ὲ  is the sample size, ὒ— ώ are  the likelihood estimates of the model parameters —, 

given the data ώ, and ὴ is the number of free parameters estimated by the model. The overall 
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model is then represented as a multi-model average of the top-scoring candidate models (as 

defined below), with weights proportional to their relative AIC score. Small sample size 

corrected AIC was used to adjust for time series with few data points (5). Normalized multi-

model weights for each ensemble model (ύ) were calculated as,  

 ύ
ÅØÐ

ρ
ςЎ

В ÅØÐ
ρ
ςЎ

  

 

where Ὑ represents the total number of ensemble models, and    

 
Ў !)#!)#,  

 

where !)# is the AIC score for model Ὥ, and !)# is the minimum (top ranking) AIC score 

in the ensemble model set. In this manner, the óbestô model of the ensemble is denoted by the 

largest information-theoretic weight (ύ); this approach selects the model containing the 

largest amount of information. 

 

Multi -model predicted time trends were derived by calculating a weighted average from the 

ensemble model predictions as 

 

 —Ӷ В ύ— ,  

 

where —Ӷ is the multi-model averaged prediction, — is the ensemble prediction, and ύ is the 

standardized weight for model i. The uncertainty of the multi-model predictions were 

estimated as 

 ὺὥὶ—Ӷ  ύ ὺὥὶ—ȿ Ὣ   —  —Ӷ ȟ 
 

 

 

where ὺὥὶ—ȿ Ὣ  is the variance of the ensemble prediction.  

The parametric models were selected for their ability to fit a wide range of functional forms, 

such as linear, exponentially increasing or decreasing, asymptotic, and others. Autoregressive 

terms (of 1st and 2nd order) were tested to ensure that temporal autocorrelation was 

appropriately accounted for; the autocovariance of each model was plotted to examine 

residual autocorrelation and autoregressive terms were included if it remained. Models with a 

delta AIC of less than 2 were included in the model-averaging, with their weight being 

proportional to their ȹAIC (i.e. models which fit the data less well relative to the óbestô fitting 

model were down-weighted). By averaging over multiple modes, our approach includes both 

within-model and between-model uncertainty. If less than 10 data points were available, only 

two parameter parametric models (not three or four parameter models) were fit. All statistical 

analyses were carried out in the statistical software R. 
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It is important to recognize that statistical extrapolations make the assumption of the 

underlying processes remaining constant into the future, which may or may not be valid. 

They should therefore be viewed with this assumption clearly in mind. However, we applied 

relatively conservative and data-driven statistical methods to best represent and forecast the 

appropriate trends. There is especially high uncertainty for time-series with few data points; 

we nevertheless felt it was important to include these given the data challenges involved in 

developing indicators.  

We assessed how well aligned each indicator was based on its relevance to a particular Target 

component. Target components were identified as specific individual textual aims within 

each Aichi Target. The level of alignment for each indicator with a Target component varied 

(i.e. some were better proxies than others); we assessed qualitatively whether we considered 

them to be of  ólowô, ómediumô, or óhighô alignment. 

 
 

S3.1.2 Indicator factsheets 

Details of each indicator that were extrapolated are given in the factsheets below.  

Aichi Target 1 

 

Biodiversity barometer 

The Biodiversity barometer indicator is a tool to gauge global consumer awareness and 

understanding of biodiversity. The indicator data is derived from national level public 

surveys implemented by the Union for Ethical BioTrade (UEBT) to measure the level of 

public awareness of biodiversity. In 2017, the biodiversity barometer survey was 

conducted with 5,000 consumers in six countries - Brazil, France, Germany, UK and USA. 

However, only the data from France, Germany, UK and USA form the global indicator, as 

these have been consistently measured since the inception of the Biodiversity barometer. 

Utilising a temporally shorter data set that includes Brazil does not change the direction or 

significance of the results. 

Model fit  
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                                              A                                                                                   B 

 

  
Figure. Modelled trend in the Biodiversity barometer from 2009-2016 and statistical extrapolations from 2017 to 2020. 

A) The percentage of respondents giving a correct definition of biodiversity. B) The percentage of respondents that had 

heard of the term biodiversity. Both A) and B) show a significant increase between 2010 and 2020. Long dashes represent 

the model projection for the extrapolation period. Short dashes represent 95% statistical confidence bounds for the 

modelled trend and extrapolations. Black dots represent data points. The horizontal dashed grey line is the model-

estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain constant. 

Interpretation  

The Biodiversity barometer shows that the level of public awareness of biodiversity in the 

four headline countries (Germany, France, UK and USA) has risen since 2010 and is 

projected to continue to rise until 2020, albeit at a slower rate with a levelling off of the 

trend. Both projections show a significant increase between 2010 and 2020. However, the 

ability of respondents to provide a correct definition of biodiversity remains low, with 

fewer than one third of the survey respondents able to define biodiversity correctly in 2015 

and 2016; this is projected to increase slightly by 2020 (A). More encouragingly, 

approximately two thirds of the survey respondents had heard of biodiversity in 2016 and 

this is projected to increase slightly by 2020 (B). 

Strengths 

¶ The indicator is updated annually.  

¶ Results from this indicator are easy to communicate and are directly related to Aichi 
Target 1.  

¶ The indicator data can be disaggregated to the national and sub-national level, and by 
gender.  

Caveats 

¶ The indicator data at the global level is aggregated from the national level data of just four 
countries (Germany, France, UK and USA). However steps are being taken to include a 
more representative set of countries in the future.  

¶ The wording of questions may preclude some survey respondents from showing positive 
awareness of biodiversity due to lack of understanding of terminology.  

¶ There are <10 data points, making projection uncertain.  

¶ Achieving Aichi Target 1 requires making a distinction between being aware of both the 
positive values of biodiversity, and how life on Earth may be affected by biodiversity loss. 
A positive response ǘƻ ǘƘŜ ŀǿŀǊŜƴŜǎǎ ƻŦ ǘƘŜ ǘŜǊƳ ΨōƛƻŘƛǾŜǊǎƛǘȅΩ ŘƻŜǎ ƴƻǘ ƴŜŎŜǎǎŀǊƛƭȅ 
translate into awareness of the steps that can be taken in order to conserve biodiversity.  

Sampling methodology and data selection 
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UEBT commissions Ipsos to conduct interviews in the target countries. The survey 

respondents are chosen from nationally representative samples of people between 16 and 

64 years old. The survey results from France, Germany, the UK and the USA form the 

global indicator. Each year, 1000 consumers are interviewed online in each country and 

national representative quotas are then used with a weighting to ensure sample 

representativeness. The survey includes questions regarding: the awareness and 

understanding of biodiversity; purchasing attitudes regarding the ethical sourcing of 

biodiversity; the understanding of biodiversity related terms and sources of biodiversity 

awareness. 

References 

Union for Ethical BioTrade (UEBT), Biodiversity Barometer (Amsterdam, 2017). 

http://www.biodiversitybarometer.org/  
 

Funding towards environmental education ($) 

Funding towards environmental education ($) measures international financial flows 

committed to projects that support environmental education and training. This metric 

measures the funds committed from a range of multilateral agencies and bilateral donors 

outside the OECD Development Assistance Committee (DAC), including the World Bank 

Group, the Global Environment Facility, African Development Bank, Asian Development 

Bank, Andean Development Corporation, Arab Bank for Economic Development in 

Africa, Caribbean Development Bank, OPEC Fund for International Development, 

European Bank for Reconstruction and Development, and various bilateral agencies. 

Model fit  

 
Figure. Modelled trend in Funding towards environmental education ($) 2000-2010 and statistical extrapolation from 

2011 to 2020. The trend suggests a declining but non-significant trend between 2010 and 2020. Note that the y-axis is 

log-scaled. The solid black line represents the model fit for the period with data. Long dashes represent the model 

projection for the extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend 

and extrapolations. Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value 

for the indicator. Extrapolation assumes underlying processes remain constant. 
Interpretation  

http://www.biodiversitybarometer.org/
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Funding towards environmental education ($) has shown a general decline in the last 

decade and this is extrapolated to continue to 2020, though the difference between 2010 

and 2020 is not significant and the confidence in the projection is relatively low. 

Strengths 

¶ The metric is based upon a detailed activity categorisation scheme that captures 

information not previously available. AidData activity codes allow users to identify 

projects not only according to their dominant purpose, but also by their specific 

components (i.e. activities). Thus, the granularity of the data allow for more fine-

grained analysis of how international development financing is allocated.  

¶ The data included in this analysis covers most large multilateral organizations and 

represents 45% of all known project-level flows between the years covered.  

Caveats 

¶ The project descriptions are sometimes brief and unclear as to the quantity of funds 

specifically earmarked for indicator activities. As such, this analysis includes the 

full project commitment amount for a project that had at least one activity relating 

to the indicator. This almost certainly leads to an over-estimation of the funds that 

are specifically directed to investment in environmental education.  

¶ Activity codes that identify projects with investment in environmental education are 

only currently available for certain donors, largely consisting of multilateral 

agencies and bilateral donors outside of the OECD-DAC.  

¶ This indicator, along with the other AidData financial indicators, do not include 

internal national spending.  

Sampling methodology and data selection 

Data were compiled by AidData, an organisation that collects data on international 

development financing and categorises each project or flow into specific activities and 

sectors. Data are presented in constant US dollars (set at 2009 levels). Trends were based 

upon funds committed from 2000-2010 only to account for completeness and reliability 

concerns with earlier data (Development Co-operation Directorate (DCD) 2008). 

Additionally, for the purposes of this analysis, we only included donors for whom more 

than 95% of their projects/activities have received AidData activity codes. 

References 

Development Co-operation Directorate (DCD), DCD/DAC/STAT (2008) 17/REV1 (2008); 

www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DCD/DAC/STAT(200
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Online interest in biodiversity (proportion of google searches) 

This indicator shows temporal trends in global awareness of biodiversity through an 

analysis of searches made on Google. Google Trends compiles data on the frequency of 

specific search terms inputted into the Google search engine. The data shows the frequency 

of web searches for the subject of biodiversity, including searches in a variety of languages 

and topics, normalised against the total number of internet searches over a specific time 

period. 

Model fit  

http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DCD/DAC/STAT(2008)17/REV1&docLanguage=En
http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DCD/DAC/STAT(2008)17/REV1&docLanguage=En
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Figure. Modelled trend in Online interest in biodiversity from 2004-2016 and statistical extrapolations from 2017 to 

2020. The trend indicates a non-significant decline between 2010 and 2020. Solid black line represents the model fit for 

the period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% 

statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal 

dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain 

constant. 

Interpretation  

This indicator shows that online interest in biodiversity, as measured through the number 

of searches for biodiversity-related subjects on the Google search engine, has in general 

decreased since 2004 and is projected to continue to decrease to 2020, albeit at a slower 

rate with a levelling off of the trend. Although some have challenged these types of Google 

search data analysis (Ficetola, 2013), they are used in numerous fields and have been 

shown to be a clear proxy for underlying trends (Mccallum and Bury, 2013). 

Strengths 

¶ This data provides a truly global snapshot of interest in biodiversity. Over 3.5 billion 
searches are undertaken across the world using the Google search engine on a daily basis 
(Internet Live Stats, 2017). 

Caveats 

¶ The search terms and number of languages used in Google Trends is not transparent and 
it is not possible to analyse a variety of trends and combine due to the proportional 
nature of the data.  

Sampling methodology and data selection 

Data were compiled for weekly intervals. Data were then normalised against total internet 

searches for that week, and then presented as a proportion of the peak in internet searches 

for the term since data collection began. Extrapolations were calculated using mean values 

per year. 
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Aichi Target 2 

Funding towards Environmental Impact Assessment ($) 

Funding towards Environmental Impact Assessment ($) measures international financial 

flows committed to projects that support Environmental Impact Assessments (EIAs). This 

metric measures the funds committed from a range of multilateral agencies and bilateral 

donors outside the OECD Development Assistance Committee (DAC), including the 

World Bank Group, the Global Environment Facility, African Development Bank, Asian 

Development Bank, Andean Development Corporation, Arab Bank for Economic 

Development in Africa, Caribbean Development Bank, OPEC Fund for International 

Development, European Bank for Reconstruction and Development, and various bilateral 

agencies. 

Model fit  

 
Figure. Modelled trend in Funding towards Environmental Impact Assessment ($) from 1995-2010 and statistical 

extrapolation from 2011-2020. The trend suggests a non-significant decrease between 2010 and 2020. Note the log scale 

on the y axis. The solid black line represents the model fit for the period with data. Long dashes represent the model 

projection for the extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend 

and extrapolations. Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value 

for the indicator. Extrapolation assumes underlying processes remain constant. 
Interpretation  

Funding towards Environmental Impact Assessment ($) has shown a general decline in the 

last decade and this is extrapolated to continue to 2020, though the difference between 

2010 and 2020 is not significant and the confidence in the projection is relatively low. 

Strengths 

http://www.internetlivestats.com/google-search-statistics/
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¶ The metric is based upon a detailed activity categorisation scheme that captures 

information not previously available. AidData activity codes allow users to identify 

projects not only according to their dominant purpose, but also by their specific 

components (i.e. activities). Thus, the granularity of the data allow for more fine-

grained analysis of how international development financing is allocated.  

¶ The data included in this analysis covers most large multilateral organizations and 

represents 45% of all known project-level flows between the years covered.  

Caveats 

¶ The project descriptions provided are sometimes brief and unclear as to the quantity 

of funds specifically earmarked for EIA activities. As such, this analysis includes 

the full project commitment amount for a project that had at least one activity 

relating to the indicator. This almost certainly leads to an over-estimation of the 

funds that are specifically directed to investment in EIAs.  

¶ Activity codes that identify projects with investment in EIAs are only currently 

available for certain donors, largely consisting of multilateral agencies and bilateral 

donors outside of the OECD-DAC.  

¶ This indicator, along with the other AidData financial indicators, do not include 

internal national spending.  

Sampling methodology and data selection 

Data were compiled by AidData, an organisation that collects data on international 

development financing and categorises each project or flow into specific activities and 

sectors. Data are presented in constant US dollars (set at 2009 levels). Trends were based 

upon funds committed from 2000-2010 only to account for completeness and reliability 

concerns with earlier data (Development Co-operation Directorate (DCD) 2008). 

Additionally, for the purposes of this analysis, we only included donors for whom more 

than 95% of their projects/activities have received AidData activity codes.  

References 

Development Co-operation Directorate (DCD), DCD/DAC/STAT (2008) 17/REV1 (2008); 
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Number of research studies involving economic valuation 

This indicator represents the efforts of the scientific community to measure the economic 

value of biodiversity. The uptake of such valuations into local and national policy, the 

focus of Aichi Target 2, is reliant upon this initial assessment and production of assessment 

strategies by the scientific community. The indicator uses data from the Ecosystem Service 

Valuation Database (ESVD); a database of monetary values of ecosystem services 

compiled from primary sources and run by the Ecosystem Services Partnership (Van der 

Ploeg and de Groot, 2010). 

Model fit  

http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DCD/DAC/STAT(2008)17/REV1&docLanguage=En
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Figure. Modelled trend in Number of research studies involving economic valuation from 1974-2010 and statistical 

extrapolation from 2011-2020. The trend suggests a significant increase in the underlying trend between 2010 and 2020. 

The solid black line represents the model fit for the period with data. Long dashes represent the model projection for the 

extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. 

Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. 

Extrapolation assumes underlying processes remain constant. 

Interpretation  

The Number of research studies involving economic valuation is projected to show a 

significant increase by 2020, with the overall trajectory accelerating. However, there is 

considerable uncertainty in the projection, with broad confidence limits for the 

extrapolation. 

Strengths 

¶ The ESVD contains approximately 1300 studies assessing aspects of biodiversity in 

71 countries across the globe, and therefore provides one of the most 

comprehensive databases of its kind (De Groot et al. 2012).  

Caveats 

¶ The indicator measures interest in the scientific community but does not directly 

measure uptake of assessments into policy.  

¶ The indicator is based upon a database which was not initially designed to be 

temporally representative so the trend line may be biased towards more recent 

studies.  

Sampling methodology and data selection 

The ESVD is based upon a database compiled for a project undertaken through The 

Economics of Ecosystems and Biodiversity (TEEB) (Van der Ploeg and de Groot 2010). 

The primary literature for the TEEB database were gathered from other databases and 

literature searches, and from recommendations by experts. The indicator looks at the 

number of studies per year found within the ESVD. The trend is reflected in other datasets 

such as the EVRI (Environmental Valuation Research Inventory (Christie et al. 2012). 
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Aichi Target 3 

Funding towards institutional capacity building in fisheries ($) 
Funding towards institutional capacity building in fisheries ($) measures international 

financial flows committed to projects that support institutional capacity building in 

fisheries. This metric measures the funds committed from a range of multilateral agencies 

and bilateral donors outside the OECD Development Assistance Committee (DAC), 

including the World Bank Group, the Global Environment Facility, African Development 

Bank, Asian Development Bank, Andean Development Corporation, Arab Bank for 

Economic Development in Africa, Caribbean Development Bank, OPEC Fund for 

International Development, European Bank for Reconstruction and Development, and 

various bilateral agencies. 

Model fit  

http://img.teebweb.org/wp-content/uploads/Study%20and%20Reports/Reports/National%20and%20International%20Policy%20Making/TEEB%20for%20National%20Policy%20Makers%20report/TEEB%20for%20National.pdf
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Figure. Modelled trend in Funding towards institutional capacity building in fisheries ($) 2000-2010 and statistical 

extrapolation from 2011-2020. The trend suggests a non-significant increase between 2010 and 2020. Note the log-scale 

on the y-axis. The solid black line represents the model fit for the period with data. Long dashes represent the model 

projection for the extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend 

and extrapolations. Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value 

for the indicator. Extrapolation assumes underlying processes remain constant. 

Interpretation  

Funding towards institutional capacity building in fisheries ($) has shown a non-

significant increase in the last decade and this is extrapolated to continue to 2020, though 

the difference between 2010 and 2020 is not significant and the confidence in the 

projections is extremely low. 

Strengths 

¶ The metric is based upon a detailed activity categorization scheme that captures 

information not previously available. AidData activity codes allow users to identify 

projects not only according to their dominant purpose, but also by their specific 

components (i.e. activities). Thus, the granularity of the data allow for more fine-

grained analysis of how international development financing is allocated.  

¶ The data included in this analysis covers most large multilateral organizations and 

represents 45% of all known project-level flows between the years covered.  

Caveats 

¶ The project descriptions provided are sometimes brief and unclear as to the quantity 

of funds specifically earmarked for fishery capacity building activities. As such, 

this analysis includes the full project commitment amount for a project that had at 

least one activity relating to the indicator. This almost certainly leads to an over-

estimation of the funds that are specifically directed to investment in institutional 

capacity building for fisheries.  

¶ Activity codes that identify projects with investment in capacity building in 

fisheries are only currently available for certain donors, largely consisting of 

multilateral agencies and bilateral donors outside of the OECD-DAC.  

¶ This indicator, along with the other AidData financial indicators, do not include 

internal national spending.  
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Sampling methodology and data selection 

Data were compiled by AidData, an organisation that collects data on international 

development financing and categorises each project or flow into specific activities and 

sectors. Data are presented in constant US dollars (set at 2009 levels). Trends were based 

upon funds committed from 2000-2010 only, to account for completeness and reliability 

concerns with earlier data (Development Co-operation Directorate (DCD), 2008). 

Additionally, for the purposes of this analysis, we only included donors for whom more 

than 95% of their projects/activities have received AidData activity codes.  
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World Trade Organisation ógreen boxô agricultural subsidies ($) 

Agricultural production is heavily subsidised, in particular in developed countries. In order 

to reform trade, and to make policies more market-oriented, the World Trade Organisation 

(WTO) Agreement on Agriculture was established in 1995. The agreement was also 

intended to improve predictability and security for importing and exporting countries alike. 

The agreement rests on three pillars: market access, export subsidies and domestic support, 

and has been classified into different ñboxesò. Subsidies falling into the amber box (i.e. 

those that are distorting production and trade) were to be reduced in the period 2000 ï 2005 

(2010 for all developing countries), while those in the blue box (subsidies designed to limit 

production but still distort trade) and green box (subsidies not distorting trade and not 

targeted at specific products, providing direct income to farmers, environmental protection 

and regional development programmes) could remain. This indicator focuses on the last of 

these - the green box subsidies - the permitted subsidies which are expected to be the least 

harmful or beneficial to biodiversity while allowing the financial development of 

developing countries (Goodwin and Meléndez-Ortiz, 2011). 

Model fit  
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Figure. Modelled trend of World Trade Organisation ógreen boxô agricultural subsidies ($) 1995-2009 and statistical 

extrapolation from 2010-2020. The trend suggests a significant increase between 2010 and 2020. The solid black line 

represents the model fit for the period with data. Long dashes represent the model projection for the extrapolation period. 

Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 

data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 

underlying processes remain constant. 

Interpretation  

The trend of increased World Trade Organisation ógreen boxô agricultural subsidies ($) 

observed over the last decade is projected to continue, with spending in 2020 projected to 

be approximately double the spending observed in 2000, and about 1.4 times that projected 

for 2010. The difference between 2010 and 2020 is significant. 

Strengths 

¶ The World Trade Organisation ógreen boxô agricultural subsidies ($) data is 

gathered from countries across the world and is perhaps the most comprehensive 

record of spending available.  

¶ "Green box" subsidies encompass environmental protection measures, and, based 

on a 2013 proposal by the G-33, also land rehabilitation, soil conservation and 

resource management, as well as drought management and flood control 

(Meléndez-Ortiz, Bellmann, and Hepburn, eds., 2009).  

Caveats 

¶ The consistency of data may be questionable as not all countries report their data in 

a consistent and regular fashion. 

¶ Green box spending should be the least harmful of subsidies to biodiversity; 

however, environmental protection and related measures are only one of the support 

measures included in this category. 

Sampling methodology and data selection 

Data is compiled and released by the WTO. The total spending for all countries that 

reported per year was calculated and then converted to constant USD set at 2010 prices. To 

adjust for variability in the number of countries reporting, a correlation plot against total 

spending was examined, and outlying years removed until no correlation remained. This 

process resulted in two years, 2010 and 2011, being removed from the dataset. Note that 

the amber and blue box data had strong correlations between the numbers of countries 

reporting and the total spending, such that when these years were removed insufficient data 

remained to appropriately extrapolate. 
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Aichi Target 4 

 

Percentage of countries that are Category 1 CITES Parties 

The Convention on International Trade in Endangered Species of Wild Fauna and Flora 

(CITES) is an international agreement between governments that aims to ensure that 

international trade in specimens of wild animals and plants does not threaten their survival. 

Among the conservation agreements with the largest international membership, the 180 

Parties to CITES are required to take appropriate measures to enforce the provisions of the 

Convention and to prohibit trade in specimens in violation of those provisions (Article VIII 

of the Convention) through the implementation of appropriate policies, legislation and 

procedures.  

The CITES National Legislation Project was established in 1992 to provide legislative 

analyses and assist Parties to meet the legislative requirements of CITES. Acknowledging 

that substantial progress has been achieved since its inception, approximately half of the 

Parties have not yet taken appropriate measures to enforce such provisions of the 

Convention. In light of this, the indicator has been developed to monitor progress made by 

the international community towards the development of full legislation for effective 

implementation of CITES to ensure that international trade in CITES-listed species is 

sustainable, traceable and legal. 

Model fit  

 
Figure. Modelled trend in the Percentage of countries that are Category 1 CITES Parties 1994-2016 and statistical 

extrapolation from 2017-2020. The trend suggests a significant increase between 2010 and 2020. The solid black line 

represents the model fit for the period with data. Long dashes represent the model projection for the extrapolation period. 

Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 
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data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 

underlying processes remain constant. 

Interpretation  

The projected increase in the Percentage of countries that are Category 1 CITES Parties 

shows an improving commitment from the international community to ensuring that 

international trade in specimens of wild animals and plants does not threaten their survival. 

By 2020, it is projected that over 50% of the Parties of CITES will have introduced 

legislation that will meet the requirements for implementation of CITES - a significant 

improvement over the 2010 value. 

Strengths 

¶ Measures the steps taken by nations towards the prevention of unsustainable 
consumption of 35,800 CITES-listed species.  

Caveats 

¶ The indicator is relevant only for legal international trade in CITES-listed species: not for 
illegal trade, domestic trade, non- CITES-listed species, or consumption/use of species not 
resulting in international trade.  

¶ The indicator is very insensitive, measuring only the number of Parties with national 
legislation consistent with CITES commitments and not the degree of application and 
enforcement of this legislation, nor the effectiveness of actions taken to reduce 
unsustainable exploitation.  

Sampling methodology and data selection 

The Parties are classified under three categories, according to their progress in developing 
effective legislation for implementing the provisions of the Convention. The indicator is then a 
measure of the proportion of Category 1 listed Parties relative to those in Categories 2 and 3. The 
categories are defined as follows:  

¶ Category 1: Legislation that is believed generally to meet the requirements for 
implementation of CITES.  

¶ Category 2: Legislation that is believed generally to meet one to three of the four 
requirements for effective implementation of CITES. 

¶ Category 3: Legislation that is believed generally not to meet the requirements for 
implementation of CITES.  
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In addition, Parties may be classified as óunder reviewô, during which their legislation is 

being reviewed as result of new information provided by the member concerned; or as 

ópendingô, normally including new Parties or Parties that have not responded to the 

Secretariat, for which their legislative analyses are under preparation. 
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Ecological Footprint (number of earths needed to support human society) 

Direct anthropogenic threats to biodiversity include habitat loss or damage, resource 

overexploitation, pollution, invasive species and climate change. These direct threats are 

the result of more distant, indirect drivers of biodiversity loss arising from consumption of 

resources and the generation of waste. The ultimate drivers of threats to biodiversity are 

human demands for food, fibre and timber, water, energy and land on which to build 

infrastructure. As the human population and global economy grow, so do the pressures on 

biodiversity.  

The Ecological Footprint measures the demands that our use of ecological assets places on 

the regenerative capacity of productive ecosystems, measured through a sister indicator 

called biocapacity (Galli et al. 2014). The main aim of the Ecological Footprint 

methodology is thus to promote recognition of ecological limits. This recognition should 

help safeguard the ecosystemsô viability (such as healthy forests, clean air, fertile soils and 

biodiversity) and life-supporting services. 

Model fit  

 

 
Figure. Modelled trend in the Ecological Footprint 1961-2012 and statistical extrapolation from 2013-2020. A value 

greater than 1.0 represents an utilisation of more resources than the earth can provide; for pressure reduction purposes, 

reducing the footprint to within the 1.0 threshold (i.e. the worldôs biocapacity) would be ideal. The trend suggests a 

significant increase between 2010 and 2020. The solid black line represents the model fit for the period with data. Long 

dashes represent the model projection for the extrapolation period. Short dashes represent 95% statistical confidence 

bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal dashed grey line is the 

model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain constant. 

https://cites.org/legislation


 

 

24 

 

Interpretation  

An increase in the Ecological Footprint ǊŜǇǊŜǎŜƴǘǎ ŀƴ ƛƴŎǊŜŀǎŜ ƛƴ ƘǳƳŀƴƛǘȅΩǎ ŘŜƳŀƴŘ ƻƴ ǘƘŜ 
ōƛƻǎǇƘŜǊŜΩǎ ǊŜƎŜƴŜǊŀǘƛǾŜ ŎŀǇŀŎƛǘȅΣ ǿƘƛŎƘ ƛƴ ǘǳǊƴ ŜǉǳŀǘŜǎ ǘƻ ƛƴŎǊŜŀǎŜŘ ǇǊŜǎǎǳǊŜ ƻƴ ŜŎƻǎȅǎǘŜƳǎ ŀƴŘ 
biodiversity and a greater risk of biodiversity loss (Galli et al. 2014). If the Ecological Footprint 
exceeds biocapacity, then a minimum condition for sustainable consumption is not being met. 
This means ecosystem stocks are being depleted, and/or emissions are accumulating in the 
atmosphere and oceans. When this is the case, competition for biological resources and 
quantitative or qualitative reductions in area for biodiversity will result in biodiversity loss.  

A reduction in the Ecological Footprint, and especially the elimination of overshoot, would 

indicate reduced pressure on the worldôs biological resources and a lower risk of 

biodiversity loss. Unfortunately, the trend line suggests a continued deterioration in the 

situation such that by 2020 the Ecological Footprint will be significantly higher than in 

2010. 

Strengths 

¶ The indicator captures indirect pressure on biodiversity due to human production, trade 
and consumption activities. Consumption in one country may have little effect on local 
ecosystems, but pressure ecosystems from where the product stems (Galli et al. 2014).  

¶ The Ecological Footprint methodology is continuously being improved and every time a 
new edition of the results is released (calculated with the most recent methodology), 
Ecological Footprint and biocapacity values are back-calculated from the most recent year 
in order to ensure consistency across the historical time series (Borucke et al. 2013).  

Caveats 

¶ Data remains limited and assumptions, although documented (Borucke et al. 2013), need 
to be considered.  

¶ For countries with populations fewer than one million, data sets are sometimes 
incomplete and Ecological Footprint results for these nations are therefore not published.  

Sampling methodology and data selection 

The Ecological Footprint tracks human demand on nature in terms of biologically 

productive areas that a population uses for producing the renewable resources it consumes 

and absorbing its waste*. This demand is compared to the biocapacity, which represents 

natureôs capacity (at global and/or national level) to renew resources and dispose waste 

(i.e., regenerative capacity). When the Ecological Footprint exceeds biocapacity, stocks 

are being depleted, and/or emissions are accumulating in the biosphere (such as CO2 in the 

atmosphere and oceans). Thus a minimum condition for sustainable consumption is not 

being met and the use of natural resources is not within safe ecological limits. 

Ecological Footprint and biocapacity calculations are primarily based on data from UN 

agencies or affiliated organizations such as the Food and Agriculture Organization of the 

United Nations (FAOSTAT), the UN Statistics Division (UN Commodity Trade Statistics 

Database), the International Energy Agency (IEA) and other studies in peer reviewed 

journals as described in (Borucke et al. 2013). The Global Footprint Network releases 

updated National Footprint Accounts each year. Results are published on its websites and 

in numerous publications including WWF-Internationalôs biennial Living Planet Report. 
 

*Due to data limitation, CO2 emissions are the sole waste flow currently tracked by the Ecological Footprint 

methodology.   
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Human appropriation of net primary productivity (Pg C)  

Human appropriation of net primary productivity (Pg C) is an aggregated indicator that 

reflects both the amount of area used by humans and the intensity of land use. This may be 

used to indicate progress against Aichi Target 4 by revealing the measure of impact that 

human consumption has on natural resources. Net Primary Production (NPP) is the net 

amount of biomass produced each year by plants and may therefore be used to provide an 

indication of trophic energy flows in ecosystems. Human appropriation of net primary 

productivity (Pg C) measures to what extent land conversion and biomass harvest alter the 

availability of NPP (biomass) in ecosystems. It is a prominent measure of the ñscaleò of 

human activities compared to natural processes (i.e. of the ñphysical size of the economy 

relative to the containing ecosystemò). As human harvest of biomass is a major component 

of this indicator, it is also closely related to socio-economic metabolism as measured by 

material flow accounts. This indicator relates to land-use change, one of the most important 

drivers of terrestrial biodiversity loss, although the direct relationship between Human 

appropriation of net primary productivity (Pg C) and biodiversity remains unclear. 

Model fit  

 
Figure. Modelled trend in the Human appropriation of net primary productivity (Pg C) 1910-2005 and statistical 

extrapolation from 2006-2020. The trend suggests a significant increase between 2010 and 2020. The solid black line 

represents the model fit for the period with data. Long dashes represent the model projection for the extrapolation period. 

Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 

data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 

underlying processes remain constant. 

Interpretation  
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The increase in the Human appropriation of net primary productivity (Pg C) observed 

since the turn of the century is projected to continue towards 2020, with a significant 

increase expected in the 2010-2020 period. This will lead to increased pressure on 

biodiversity and resources. However, note that the data points are temporally infrequent, so 

there may be a lag in terms of detecting a change due to the low sampling frequency. 

Strengths 

¶ Human appropriation of net primary productivity (Pg C) is an indicator that can be 

assessed in a spatially explicit manner, i.e. it is possible to produce maps of Human 

appropriation of net primary productivity (Pg C) that localize the human impact on 

ecosystems.  

Caveats 

¶ Low temporal frequency of data points, and time since last data point (2005)  

¶ A lack of definitive standardization has unfortunately resulted in a range of 

empirical results (discussed below). This has not only hampered the comparability 

of results but has also fuelled critiques.  

¶ Although some studies have explored the relationship between biodiversity loss and 

Human appropriation of net primary productivity (Pg C) it still needs to be better 

understood (Haines-Young, 2009). This indicator does not account for the qualities 

of the primary productivity appropriated (Smil, 2011). For example, harvesting 

food crops on land that has been cultivated for centuries is clearly a different 

appropriation from cutting down a forest stand in a biodiversity hotspot.  

Sampling methodology and data selection 

Human appropriation of net primary productivity (Pg C) tries to capture the aggregate 

impact of land use on biomass available in each year in ecosystems. Different definitions 

of Human appropriation of net primary productivity (Pg C) may lead to different empirical 

results (see Haberl et al.  2007).  

 

Human appropriation of net primary productivity (Pg C) is measured as follows:  

 

Human appropriation of net primary productivity (Pg C) = NPP0 ï NPPt where NPPt = 

NPPact - NPPh 
 

NPP0 is the potential NPP or the NPP that would be produced by the vegetation in the 

absence of human interference; NPPt is the NPP that remains in the ecosystems after 

harvest. In NPPt computation, NPPact is the NPP of the actual vegetation, and NPPh the 

NPP harvested by humans. Normally, HANPP is expressed as a percentage of potential 

NPP: 

 

Human appropriation of net primary productivity (Pg C) (%) =  

 
        

 
 100 
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Red List Index (impacts of utilisation) 

People depend upon biodiversity and use wildlife in a variety of ways. For example, birds, 

mammals and amphibians are hunted, trapped and collected for food, sport, pets, medicine, 

materials (e.g. fur and feathers) and other purposes.  

The Red List Index (impacts of utilisation) illustrates the changing status of three species 

groups (birds, mammals and amphibians) owing to the balance between negative trends 

driven by unsustainable exploitation, and positive trends driven by measures to reduce 

overexploitation. It excludes changes in status driven by other factors (such as habitat loss 

or climate change). 

Model fit  

 

 
Figure. Modelled trend in the Red List Index (impacts of utilisation) 1986-2016 and statistical extrapolation from 2017-

2020. The trend suggests a significant decrease between 2010 and 2020. The solid black line represents the model fit for 

the period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% 

statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal 

dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain 

constant. 
Interpretation  

A Red List Index value of 1.0 equates to all species being categorized as Least Concern, and hence 
that none are expected to go extinct in the near future. A Red List Index value of zero indicates 
that all species have gone extinct. A downwards trend in the graph line (i.e. decreasing Red List 
Index values) means that the expected rate of species extinctions is increasing i.e. that the rate of 
biodiversity loss is increasing.  
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The indicator shows a linear declining trend and is projected to continue to drop 

significantly over the next three years to 2020. This indicates that levels of utilisation 

continue to negatively impact on these species and results in a greater risk of extinction for 

them. However, note that the absolute magnitude of the decline is relatively small, 

indicating that other pressures are more significant in driving declines in the status of 

mammals, birds and amphibians. 

Strengths 

¶ The Red List Index is based on data on the utilization and extinction risk of a very large 
proportion of mammals, birds and amphibians worldwide.  

¶ The only global indicator available that is able to disentangle biodiversity trends driven by 
utilisation from other factors.  

Caveats 

¶ The Red List Index is only moderately sensitive, owing to the breadth of Red List 
categories (Butchart et al. 2004, Butchart et al. 2005).  

¶ There are very few data points, so there is limited information on which to extrapolate 
the trend.  

¶ Trends for other taxonomic groups (e.g. utilised plants) are not yet available.  

¶ National versions of this indicator are not yet available: many countries have compiled 
national red lists (generally for all vertebrate species), but so far few have done this twice 
or more using consistent methods.  

Sampling methodology and data selection 

This indicator measures trends in the extinction risk of mammal, bird and amphibian 

species, and draws on extinction risk assessments and data on utilisation in IUCN and 

BirdLife Internationalôs Species Information Service, which underpins the IUCN Red List. 

 

The Red List Index was initially designed and tested using data on all bird species from 

1988ï2004 (Butchart et al. 2004) and then extended to amphibians (Butchart et al. 2005). 

The methodology was revised and improved in 2007 (Butchart et al. 2007). A Red List 

Index for mammals was added in 2008 and for corals in 2010 (Butchart et al. 2010). Red 

List Index trends can be calculated for any set of species that has been assessed at least 

twice for the IUCN Red List. For the set of species considered, trends are based on 

information from all non-Data Deficient species worldwide.  

References 

http://www.iucnredlist.org/about/publication/red-list-index  
Butchart, S.H., Stattersfield, A.J., Bennun, L.A., Shutes, S.M., Akçakaya, H.R., Baillie, 

J.E., Stuart, S.N., Hilton-Taylor, C. and Mace, G.M., 2004. Measuring global trends in 

the status of biodiversity: Red List Indices for birds. PLoS biology, 2(12), p.e383. 

Butchart, S.H., Stattersfield, A.J., Baillie, J., Bennun, L.A., Stuart, S.N., Akçakaya, H.R., 

Hilton-Taylor, C. and Mace, G.M., 2005. Using Red List Indices to measure progress 

towards the 2010 target and beyond. Philosophical Transactions of the Royal Society of 

London B: Biological Sciences, 360(1454), pp.255-268. 

Butchart, S.H., Akçakaya, H.R., Chanson, J., Baillie, J.E., Collen, B., Quader, S., Turner, 

W.R., Amin, R., Stuart, S.N. and Hilton-Taylor, C., 2007. Improvements to the red list 

index. PloS one, 2(1), p.e140. 

Butchart, S.H., Walpole, M., Collen, B., Van Strien, A., Scharlemann, J.P., Almond, R.E., 

Baillie, J.E., Bomhard, B., Brown, C., Bruno, J. and Carpenter, K.E., 2010. Global 

biodiversity: indicators of recent declines. Science, 328(5982), pp.1164-1168. 

 

Red List Index (internationally traded species) 
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The Red List Index (internationally traded species) is a disaggregation of RLI data for birds 

in international trade. It complements two other disaggregated Red List Indices: RLI 

(trends driven by utilisation) and RLI (species used for food and medicine), but shows 

trends driven by all factors. 

Model fit  

 
Figure. Modelled trend in the Red List Index (internationally traded species) 1988-2016 and statistical extrapolation 
from 2017-2020. The trend suggests a significant decline between 2010 and 2020. The solid black line represents the 
model fit for the period with data. Long dashes represent the model projection for the extrapolation period. Short 
dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 
data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 
underlying processes remain constant. 

Interpretation  

A Red List Index value of 1.0 equates to all species being categorized as Least Concern, 
and hence that none are expected to go extinct in the near future. A Red List Index value 
of zero indicates that all species have gone extinct. A downwards trend in the graph line 
(i.e. decreasing Red List Index values) means that the expected rate of species extinctions 
is increasing i.e. that the rate of biodiversity loss is increasing. 
The Red List Index (internationally traded species) is projected to continue to decline 

significantly to 2020, representing a deterioration in the status of internationally traded 

species on the Red List, which represents an increase in extinction risk. 

Strengths 

¶ The Red List Index is based on data from the large majority of species worldwide 

for each group considered, and hence is less geographically biased than many 

comparable indicators 

Caveats 

¶ There are <10 data points with which to estimate the projection.  

Sampling methodology and data selection 

The Red List Index was initially designed and tested using data on all bird species from 

1988ï2004 (Butchart et al. 2004) and then extended to amphibians (Butchart et al. 2005). 

The methodology was revised and improved in 2007 (Butchart et al. 2007). A Red List 

Index for mammals was added in 2008 and for corals in 2010 (Butchart et al. 2010). Red 
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List Index trends can be calculated for any set of species that has been assessed at least 

twice for the IUCN Red List. For the set of species considered, trends are based on 

information from all non-Data Deficient species worldwide. 
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Human appropriation of fresh water (water footprint) (thousand km3) 

The idea of considering water use along supply chains has gained interest after the 

introduction of the ówater footprintô concept by Hoekstra in 2002 (Hoekstra and 

Mekonnen, 2012). The Water footprint is an indicator of freshwater use that looks at both 

direct and indirect use. Reflecting the aim of Aichi Target 4, the concept of the Water 

footprint is rooted in the recognition that human impacts on freshwater systems can 

ultimately be linked to human consumption, and that issues such as water shortages and 

pollution can be better understood and addressed by considering production and supply 

chains as a whole. Many countries have significantly externalised their water footprint, 

importing water-intensive goods from elsewhere. This puts pressure on the water resources 

in the exporting regions, where too often mechanisms for water governance and 

conservation are lacking. Not only governments acknowledge their role in achieving a 

better management of water resources, but businesses and public-service organisations 

increasingly recognize their role in the interplay of actors involved in water use and 

management.  

The water footprint of a product is the volume of freshwater used to produce the product, 

measured over the full supply chain. It is a multidimensional indicator, showing water 

consumption volumes by source and polluted volumes by type of pollution; all components 

of a total water footprint are specified geographically and temporally, as a volumetric 

measure of water consumption and pollution. 

Model fit  

http://www.iucnredlist.org/about/publication/red-list-index
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Figure. Modelled trend in the global Water footprint 1995-2009 and statistical extrapolation from 2010-2020. The trend 

suggests a significant increase between 2010 and 2020. The solid black line represents the model fit for the period with 

data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% statistical 

confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal dashed 

grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain 

constant. 

Interpretation  

The global consumption and pollution of water is expected to continue to increase 

significantly to 2020. This will result in increased pressure on human populations, and 

increased pressure on animal and plant species reliant upon these water sources. 

Strengths 

¶ There are various water footprint studies that have been carried out thus far, from 

global to national.  

¶ The indicator includes both direct and indirect water use.  

Caveats 

¶ Water footprint assessment addresses the issues of freshwater scarcity and 

pollution. It does not address the issue of flooding. It also does not address the issue 

of people lacking access to proper clean water supply. Further, the Water footprint 

does not include the use and pollution of seawater.  

¶ The Water footprint methodology is still maturing (Chapagain and Tickner, 2012.).  

Sampling methodology and data selection 

The Water footprint has three components: green water footprint; blue water footprint; and 

grey water footprint, and includes water consumption and pollution throughout the full life 

cycle: direct, indirect (supply chain) and end-user. Together they provide a comprehensive 

picture of water use by delineating the source of water consumed ï either rainfall/soil 

moisture or surface/groundwater ï and the volume of run-off required for assimilation of 

pollutants.  

The green water footprint is the amount of rainfall or soil moisture consumed and is 

particularly relevant for agricultural, horticultural and forestry products. The green water 

footprint of a process is calculated with the following formula:  
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Green Water Footprint = Green Water Evaporation + G 

 

The blue water footprint is the amount of surface or groundwater which is evaporated, 

incorporated into a product or otherwise not returned to the same catchment as where 

abstracted, in the same period as when abstracted. The blue water footprint of a process is 

calculated as:  

 

Blue Water Footprint = Blue Water Evaporation + Blue Water Incorporation + Lost Return 

Flow 

 

The grey water footprint is the volume of freshwater that is required to assimilate the load 

of pollutants discharged based on natural background concentrations and existing ambient 

water quality standards. It is calculated as: 

 

Grey Water Footprint = Pollutant Load / (Maximum Acceptable Concentration ï Natural 

Concentration) 

 

Water Footprint Assessment (WFA) is a structured process for quantifying and mapping 

the green, blue and grey water footprint, assessing the sustainability of the water footprint 

and identifying strategic actions to reduce the water footprint and improve its 

sustainability.  

Water footprints can be assessed at different levels of spatiotemporal detail. At the lowest 

level of detail, the Water footprint is assessed based on multi-year global average water 

footprint data. 
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Aichi Target 5 

Area of tree cover loss (ha) 

Forests play a crucial role for maintaining life on earth, through the maintenance of 

ecological diversity, climate regulation, carbon storage, soil and water protection and 

provision of resources (fuel, construction materials and medicines) (Heino et al. 2015). 

Despite the importance of forest, deforestation rates remain high, due to agricultural 

expansion and human population growth (Heino et al. 2015). This indicator measures 

global forest loss, using data obtained from Hansen et al (Hansen et al. 2013). 

Model fit  
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Figure. Modelled trend in Area of tree cover loss (ha) 2001-2016 and statistical extrapolation from 2017-2020. The trend 

suggests a significant increase between 2010 and 2020, though there is substantial scatter in the data. The solid black line 

represents the model fit for the period with data. Long dashes represent the model projection for the extrapolation period. 

Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 

data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 

underlying processes remain constant. 

Interpretation  

Forest loss is expected to increase significantly to 2020. However the data shows large 

variability in forest loss year on year, resulting in uncertainty around the trend. 

Strengths 

¶ The data behind this indicator provides a truly global snapshot of forest loss based upon 
satellite data that is monitored continuously and aggregated annually. 

¶ Methods are consistent across time and space, allowing comparison across countries and 
regions. 

¶ The data is produced at a resolution (30 metres) that is able to resolve small changes in 
tree cover which are then amalgamated to produce a more accurate global picture of loss. 

Caveats 

¶ The dataset   does not differentiate between natural and plantation forests, the loss or 
gain of which have very different conservation implications.  

¶ The necessity of using thresholds to demarcate forested areas (here defined as containing 
30% tree cover at 5 metres height) will lead to greater uncertainty around anthropogenic 
impacts in forest-grassland transition areas. 

¶ Forest regrowth is challenging to detect. 

Sampling methodology and data selection 

Data on global forest loss was obtained from Hansen et al (Hansen et al. 2013), based on 

Landsat data. The data has a 30m spatial resolution and includes all global land except 

Antarctica and a number of Arctic islands. Trees are defined as vegetation taller than 5m in 

height and forest loss was defined as stand-replacement disturbance or complete removal 

of tree cover canopy at the Landsat pixel scale. Gain is defined as the inverse of loss. The 

global Landsat analysis was performed using Google Earth Engine. For detailed methods, 

see Hansen et al (2013).  
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Percentage natural habitat extent 

The conversion of natural habitats to agricultural and urban land is one of the most serious 

threats to biodiversity and with rising global demand for food through expanding global 

populations as well as an increase in per capita consumption, the loss of further natural 

habitat is likely to continue. Conversion of natural habitats to land for human use also puts 

pressure on intact habitats through fragmentation, eutrophication, alteration of water flows, 

and the introduction of alien species. This indicator measures the global extent of land 

which remains natural (i.e. the proportion of the land surface which is non-agricultural; 

though note that urban area is not accounted for in this indicator). 

Model fit  

 
Figure. Modelled trend in Percentage natural habitat extent 1961-2011 and statistical extrapolation from 2012-2020. The 

trend suggests a non-significant decrease between 2010 and 2020. The solid black line represents the model fit for the 

period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% 

statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal 

dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain 

constant. 
Interpretation  

The extent of global natural habitat is expected to continue to decline, though non-

significantly, to 2020. It is projected that between 1961 and 2020 there will have been a 

loss of approximately 6-7% of all natural habitats. 

Strengths 

http://earthenginepartners.appspot.com/science-2013-global-forest
http://earthenginepartners.appspot.com/science-2013-global-forest
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¶ This indicator is compiled using very detailed statistics collected over a long time 

period.  

Caveats 

¶ The data is based upon the amount of natural habitat converted to agriculture only 

and will therefore underestimate the total loss of habitat due to other causes such as 

the construction of urban areas. Land which has been abandoned post-agricultural 

use will also be missed by this indicator. 

Sampling methodology and data selection 

Data on the global extent of agricultural habitats was collected by the Food and 

Agricultural Organisation of the United Nations (FAO). Total natural habitat extent was 

calculated as the proportion of land which has not been converted to agricultural use. 
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Wetland Extent Trends (WET) Index 

Wetland ecosystems are of huge value both in terms of their biodiversity and the vital 

ecosystem services they provide, but studies to assess the status of wetlands suggest that 

these important habitats are declining in extent around the world. In order to track progress 

to Aichi Target 5, it is important that work is undertaken to estimate the global baseline 

rate of decline of wetland extent. The Wetland Extent Trends (WET) Index provides a 

method to estimate broad trends in habitat extent for habitats with incomplete and 

heterogeneous data. The Index estimates the average rate of change in wetland extent over 

the recent period of 1970 to 2015 using time-series data from the published scientific 

literature. The Index enables the rate of loss of wetlands to be estimated, providing an 

indication of the status of wetlands globally. 

Model fit  

 
Figure. Modelled trend in the Wetland Extent Trends (WET) Index 1970-2015 and statistical extrapolation from 2016-

2020. The trend suggests a significant decline between 2010 and 2020. The solid black line represents the model fit for 

the period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% 

statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal 
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dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain 

constant. 

Interpretation  

There is a decline in the Wetland Extent Trends (WET) Index of 35% between 1970 (which 

is given a value of 1.0) and 2015. The data also suggests that this rate of loss of wetland is 

accelerating, and that there will be a significant decline between 2010 and 2020. The Index 

natural marine/coastal and inland wetlands. 

Strengths 

¶ Data can be disaggregated from the global scale to six regions and into three types of 
wetland.  

¶ Methodology accounts for bias and overrepresentation. 

Caveats 

¶ Wetland extent data is unevenly distributed both geographically and thematically i.e., 
there are more studies of wetlands in Africa than in Oceania and more extensive datasets 
for mangrove than alpine and tundra wetlands.  

¶ There is variation in the methodology of extent estimation used in the literature.  

¶ There is a general lack of detail in the literature on what wetland has been converted to.  

¶ Some large areas of wetlands are not included e.g. Orinoco and Amazon basins due to lack 
of data. 

¶ Estimates are based on a sample, and individual time series are not weighted according to 
size. 

Sampling methodology and data selection 

¶ The Wetland Extent Index uses a variation of the Living Planet Index (LPI) methodology 
(originally developed by WWF for monitoring species abundance (Dixon et al. 2016) to 
aggregate extent trend data from the wetland literature.  

¶ The Index calculates the average change in extent for each year compared to the 
preceding year, which are then chained together to make an index. The Index starts at an 
initial value of 1 in 1970 and as with the LPI Index, it can be thought of as a biological 
analogue of a stock market index.  

¶ The analysis is based on a database containing over 2,000 wetland extent time-series 
records gathered from a literature search and through personal communication with 
relevant experts with known data.  
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¶ ¢ƘŜ Řŀǘŀ ƛǎ ōŜǎǘ ǘƘƻǳƎƘǘ ƻŦ ŀǎ ŀ ƳŀǘǊƛȄ ǿƛǘƘ ǘƘŜ ǇƻǎǎƛōƭŜ ΨǿŜǘƭŀƴŘ ŎƭŀǎǎŜǎΩ ƻŦ ǘƘŜ Řŀǘŀ 
across the x ŀȄƛǎ ŀƴŘ ǘƘŜ ǇƻǎǎƛōƭŜ ΨƭƻŎŀƭƛǘȅΩ ƻŦ ǘƘŜ ǿŜǘƭŀƴd down the y axis. The cells of the 
matrix contain the wetland change time-series data for each unique combination.  

¶ The average trend in wetland extent was calculated for all wetlands in each cell of the 
matrix for which one or more time-series were available. The average trends for individual 
locality-wetland class combinations (matrix cells) were then aggregated by region, giving 
each cell equal weight. The regional aggregations were then themselves averaged to 
create the global Index.  

¶ The Wetland Extent Trends (WET) Index is weighted according to area estimates of 
wetland extent at the regional level, based on the Global Lakes and Wetlands Database 
(GLWD). 
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Red List index (forest specialists) 

This is an indicator of aggregate extinction risk for species dependent on forests (birds, 

mammals, amphibians and cycads) derived by disaggregation of the Red List Index based 

on species for which óForestô in the Habitats Classification Scheme 

(http://www.iucnredlist.org/technical-documents/classification-schemes/habitats-

classification-scheme-ver3) is classified as of ómajorô importance (Butchart et al. 2004 

PLoS Biology). Although not widely used to date, it can be derived now as an indicator 

towards Aichi Target 5 and SDG indicator 15.2. It could also be expanded to other habitat-

specialist species as useful future. 

Model fit  

 
Figure. Modelled trend in the Red List Index (forest specialists) 1988-2016 and statistical extrapolation from 2017-2020. 
The trend suggests a significant decline between 2010 and 2020. The solid black line represents the model fit for the 
period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 95% 
statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The 
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horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying 
processes remain constant. 

Interpretation  

A Red List Index value of 1.0 equates to all species being categorized as Least Concern, 
and hence that none are expected to go extinct in the near future. A Red List Index value 
of zero indicates that all species have gone extinct. A downwards trend in the graph line 
(i.e. decreasing Red List Index values) means that the expected rate of species extinctions 
is increasing i.e. that the rate of biodiversity loss is increasing. 

The Red List Index (forest specialists) is projected to continue to decline significantly to 
2020, representing a deteriorating status of these species on the IUCN Red List. Although 
the absolute change in index value over time is relatively low. 

Strengths 

¶ The Red List Index is based on data from the large majority of species worldwide 
for each group considered, and hence is less geographically biased than many 
comparable indicators. 

Caveats 

¶ The Red List Index is only moderately sensitive, owing to the breadth of Red List 
categories (Butchart et al. 2004, Butchart et al. 2005). 

¶ The attribution of taxa to a specific habitat (e.g. forest) is challenging, which may 
limit accuracy. 

Sampling methodology and data selection 

The Red List Index was initially designed and tested using data on all bird species from 

1988ï2004 (Butchart et al. 2004) and then extended to amphibians (Butchart et al. 2005). 

The methodology was revised and improved in 2007 (Butchart et al. 2007). A Red List 

Index for mammals was added in 2008 and for corals in 2010 (Butchart et al. 2010). Red 

List Index trends can be calculated for any set of species that has been assessed at least 

twice for the IUCN Red List. For the set of species considered, trends are based on 

information from all non-Data Deficient species worldwide.  
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Wild Bird Index (habitat specialists) 
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Wild Bird Indices show the average population trends of selected species, based on 

systematic surveys and monitoring schemes. These data are currently only available for 

North America and Europe. In these regions, Wild Bird Indices for suites of species that 

are characteristic of different habitats (forest, grassland, arid land and farmland) have 

declined. Overall, habitat-specialists have declined by about 25% since 1980.  

Aichi Target 5 calls for loss of ñall natural habitatsò to be halved, and degradation and 

fragmentation to be ñsignificantly reducedò. While remote sensing data are useful for 

quantifying the rate of clearance of forest and some other habitats, they are less useful for 

quantifying habitat degradation, whereas birds can be useful indicators of environmental 

health. 

Model fit  

 
Figure. Modelled trend in the Wild Bird Index (habitat specialists) 1968-2014 and statistical extrapolation from 2015-

2020. The trend suggests a significant decrease between 2010 and 2020. The Index is set to 100 in 1968. The solid black 

line represents the model fit for the period with data. Long dashes represent the model projection for the extrapolation 

period. Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots 

represent data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation 

assumes underlying processes remain constant. 

Interpretation  

The declines in habitat specialist species shown by the Wild Bird Indices suggest that 

habitats in these two regions continue to be degraded, with a significant (though slowing) 

decline. Trends in many other regions are likely to be similar or worse, and trends for birds 

are indicative of wider biodiversity declines (Gregory et al. 2010). 

Strengths 

¶ Based on systematic monitoring and robust sampling.  

Caveats 

¶ Trends available only for two temperate developed regions (Europe and North America).  

Sampling methodology and data selection 

Average population trends of a suite of representative wild birds are measured as an 

indicator of the general health of the wider environment. Single-species indices are 

combined to produce a multi-species indicator represented by a single line on a graph, 

indexed to an arbitrary year for presentational purposes (usually 100 in the start year). Each 
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species is weighted equally, meaning that the indicator measures changes in species 

composition (Sheehan et al. 2010). 
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Aichi Target 6 

Proportion of fish stocks in safe biological limits 

Fisheries are an important source of food, income, jobs, and recreation for people around 

the world. Global marine fisheries produced just over 80 million tonnes of fish in 2014, 

providing about 17% of peopleôs animal protein intake, and directly employed about 57 

million people world-wide (FAO, 2016), thus making significant contributions to food 

security and the economy. However, fishing has also impact on fish stocks and their 

relevant marine ecosystems. With the continued increase of the world population, demand 

for fish will increase and so will pressure on fish resources. The Proportion of stocks in 

safe biological limits is a measure of the sustainability of fishery resources and is related to 

maximum sustainable yield (MSY). The Proportion of fish stocks in safe biological limits 

represents those stocks which are not overexploited, depleted, or recovering from 

overexploitation or depletion. 

Model fit  

  
Figure. Modelled trend in the Proportion of fish stocks in safe biological limits 1974-2013 and statistical extrapolation 

from 2014-2020. These represent fish stocks that are not overexploited, depleted, or recovering. The trend suggests a non-

significant decline between 2010 and 2020. The solid black line represents the model fit for the period with data. Long 

dashes represent the model projection for the extrapolation period. Short dashes represent 95% statistical confidence 

bounds for the modelled trend and extrapolations. Black dots represent data points. The horizontal dashed grey line is the 

model-estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain constant. 

Interpretation  
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Fish stocks outside safe biological limits are those which have been fished down to below 

the level estimated to produce maximum sustainable yield. Fish stocks within safe 

biological limits include those which are fully exploited, and so at or close to maximum 

sustainable production, as well as non-fully exploited stocks. It is predicted that the 

proportion of fish stocks inside safe biological limits will continue to decline to 2020, 

though that the decline will not represent a significant change from the 2010 value.  

Strengths 

¶ Global data available from 1974 onwards.  

¶ The stocks monitored account for about 80% of global fish landings.  

Caveats 

¶ The indicator may not be representative of stocks that were not monitored.  

¶ No national proportions of stocks outside or inside safe biological limits can be calculated 
from the FAO assessment.  

Sampling methodology and data selection 

The FAO assessment is based on FAOôs statistical areas, i.e. a species within the statistical 

area is considered an assessment unit, which is different from the classical concept of unit 

fish stock. The FAO assessment classifies fish stocks into three categories: overexploited; 

fully exploited; and under-exploited. The percentages were calculated based on the number 

of stocks for each category at global level. The proportion of fish stocks outside safe 

biological limits is the percentage of overfished stocks, while the proportion of fish stocks 

inside safe biological limits is the percentages of fully exploited and under-exploited 

stocks.  
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Marine Stewardship Council certified fisheries (Tonnage) 

The increase in the number of Marine Stewardship Council (MSC) certified fisheries 

highlights the continued commitment from fishers, seafood companies, scientists, 

conservation groups and the public to promote fisheries best practices through certification 

programs and seafood eco-labelling. The tonnage of fisheries certified through the MSC 

certification process indicates the level of engagement and commitment of fisheries to 

strive towards sustainable practices. 

Model fit  
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Figure. Modelled trend in MSC certified fisheries 1999-2016 and statistical extrapolation from 2017-2020. This includes 

fisheries that are certified, those that are in assessment, and those that are suspended. The trend suggests a significant 

increase between 2010 and 2020. The solid black line represents the model fit for the period with data. Long dashes 

represent the model projection for the extrapolation period. Short dashes represent 95% statistical confidence bounds for 

the modelled trend and extrapolations. Black dots represent data points. The horizontal dashed grey line is the model-

estimated 2010 value for the indicator. Extrapolation assumes underlying processes remain constant. 

Interpretation  

A significant increase in MSC certified fisheries (Tonnage) indicates an increased 

commitment of fisheries management systems globally to attain sustainable practices. The 

indicator shows a positive trend; since 2000, the tonnage of MSC certified fisheries has 

increased to just under 10,000,000 tons. MSC certified fish represent around 12% of the 

global marine wild-capture (Marine Stewardship Council 2017). 

Strengths 

¶ The global baseline of data available can be disaggregated at the sub-global, regional and 
national levels. 

Caveats 

¶ The MSC data doesn't include aquaculture information as the MSC only certifies wild 
capture fisheries.  

¶ An increase in tonnage of fisheries does not accurately represent an increase in small-
scale fisheries accessing the MSC program.  

Sampling methodology and data selection 

The MSC certified fisheries indicator reveals trends in the tonnage of fisheries certified with the 
MSC. By the end of 2016, 296 fisheries were certified by the MSC (Marine Stewardship Council 
нлмтύΦ ¢ƘŜ a{/Ωǎ ǎǘŀƴŘŀǊŘ ŦƻǊ ǎustainable fishing is comprised of three core principles that every 
fishery in the program must meet (Marine Stewardship Council 2014):  
1. Sustainable fish stocks;  
2. Minimising environmental impact; and  
3. Effective management of the fishery.  
 
In addition, measurable environmental improvements need to be demonstrated for a fishery to 
keep the MSC certificate as sustainable. Improvements are made by completing action plans 
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relating to the different MSC performance indicators. MSC certified fisheries are required to 
complete action plans within the 5 years of certification before full certificate re-assessment. 
Examples of improvements include reduction in catches to improve stock status, changes in 
fishing gears to minimize impacts on seabirds and habitats, and more comprehensive research 
programs to better assess stock and their management. 
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Global effort in bottom-trawling (kW sea-days) 

Destructive fishing practices directly damage or modify habitat structure and 
heterogeneity, with resulting impacts on both target and non-target species (Turner et al. 
1999). The use of bottom trawls has increased globally (Watson et al. 2006). Bottom 
trawls directly impact benthic habitats, and can reduce overall biomass and shift the 
benthic composition towards small opportunistic species. The use of destructive fishing 
gears is of particular concern for vulnerable habitats such as coral reefs, which are 
declining at accelerating rates worldwide (Waycott et al. 2008; Burke et al. 2011). Global 
effort in bottom-trawling (kW sea-days) therefore serves as indication to the scale of 
adverse impacts of fisheries on stocks, species and vulnerable ecosystems, which 
underpin Aichi Target 6. 

Model fit  

 
Figure. Modelled trend in the Global effort in bottom-trawling (kW sea-days) 1950-2006 and statistical extrapolation 

from 2007-2020. The trend suggests a significant increase between 2010 and 2020. Solid black line represents the model 

fit for the period with data. Long dashes represent the model projection for the extrapolation period. Short dashes 

represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. 

The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying 

processes remain constant. 
Interpretation  
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Projected trends of Global effort in bottom-trawling (kW sea-days) show a significant 

increase to 2020 with an apparent acceleration of total effort. Coupled with the indicator of 

reduction in the proportion of fish stocks within safe biological limits, this suggests that 

having all fish stocks that are exploited at or rebuilt to safe biological levels (defined as 

biomass above biomass at maximum sustainable yield) by 2020 is very unlikely. Overall, 

although there have been management success stories and positive rebuilding results in 

some fisheries, the overall global trend suggests increasing exploitation rates due to bottom 

trawls. 

Strengths 

¶ Global data available from 1950 onwards.  

Caveats 

¶ This indicator may not reflect the changes in effort of other fishery types (e.g. 

longliners, purse-seiners).  

¶ The indicator may be sensitive to the assessment of increases in fishing efficiency 

(see below).  

Sampling methodology and data selection 

Bottom trawl fishing effort data for the period 1950ï2006 were obtained from the FAO, 

the European Union, and the Commission for the Conservation of Antarctic Marine Living 

Resources (CCAMLR). Data from these diverse and disparate sources were brought 

together in standardized units based on engine power (watts) and fishing days. From these, 

all identifiable tuna fisheries effort data were removed to avoid overlap with other sources. 

Fishing effort reported by agencies and used in this analysis was not initially adjusted for 

annual efficiency changes. Changes in fishing efficiency can be estimated and fishing 

effort can be standardized in terms of its effective power (termed effective effort). A 

conservative annual increase in efficiency of 2.42% has been used based on a prior meta-

analysis of published efficiency increases and standardized all effort values to the year 

2000. 
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Marine Trophic Index  

Fish currently supply the greatest percentage of the worldôs protein consumed by humans. 

However, most of the worldôs fisheries are being fished at levels above their maximum 

sustainable yield and many regions are severely overfished. The Marine Trophic Index 

(MTI) measures the mean trophic level for all Large Marine Ecosystems and hence 

indicates the extent of ófishing down the food websô. This provides a measure of whether 

fish stocks, especially of large bodied fish, are being overexploited and whether fisheries 

are being sustainably managed. 
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Model fit  

 
Figure. Modelled trend in Marine Trophic Index 1960-2014 and statistical extrapolation from 2015 to 2020. The trend 
suggests a stabilisation between 2010 and 2020. Note that the y-axis is log-scaled. The solid black line represents the 
model fit for the period with data. Long dashes represent the model projection for the extrapolation period. Short 
dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent 
data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 
underlying processes remain constant. 

Interpretation  

The trend MTI  has shown a steep decline in value since 1960, but has stabilised in recent 

years. The decline in index value represents a decline in the abundance and diversity of fish 

species high in the food chain. 

Strengths 

¶ The MTI is a powerful indicator of marine ecosystem integrity and sustainability of 

fisheries. 

¶ The current data quality is sufficient for global and regional level analyses. 

Caveats 

¶ The use of catch composition data as index of relative abundance in the ecosystems 

¶ The quality of the underlying fisheries landings or catch data is poor for some 

maritime countries (little taxonomic resolution, failure to cover inshore fisheries), 

and hence the computed index is not as indicative as it could be.  

Sampling methodology and data selection 

To calculate the MTI, the potential catch that can be obtained given the observed trophic 

structure of the actual catch is used to assess the fisheries in an initial (usually coastal) 

region. Actual catch exceeding potential catch indicates exploitation of a new fishing 

region. The MTI of the new region can then be calculated and subsequent regions are 

determined in a sequential manner. This method improves upon the use of the Fishing-in-

Balance (FiB) index in conjunction with the original MTI calculated over the whole time 

series because assumptions of fleet and stock stationarity over the entire time series and 

geographic area are removed. As a default, the Sea Around Us presents the region-based 

MTI (RMTI) as well as the original MTI/FiB indices in parallel. 
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Red List Index (impacts of fisheries) 

Fishing practices can have a number of direct and indirect effects on non-target species for 

example, as bycatch, mortality in fishing gear, or through disturbance from fishing 

activities. This disaggregated version of the Red List Index (RLI) shows trends in the status 

of birds and mammals worldwide driven only by the negative impacts of fisheries or the 

positive impacts of measures to control or manage fisheries sustainably. 

Model fit  

 
Figure. Modelled trend in the Red List Index (impacts of fisheries) 1986-2016 and statistical extrapolation from 2017-
2020. The trend suggests a significant decline between 2010 and 2020. The solid black line represents the model fit for 
the period with data. Long dashes represent the model projection for the extrapolation period. Short dashes represent 
95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data points. The 
horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes underlying 
processes remain constant. 

Interpretation  

A Red List Index value of 1.0 equates to all species being categorized as Least Concern, 
and hence that none are expected to go extinct in the near future. A Red List Index value 
of zero indicates that all species have gone extinct. A downwards trend in the graph line 
(i.e. decreasing Red List Index values) means that the expected rate of species extinctions 
is increasing i.e. that the rate of biodiversity loss is increasing. 
The Red List Index (impacts of fisheries) shows a decline from 1990, which is projected to 

continue to 2020, representing a declining status of these species on the IUCN Red List and 

consequently an increasing extinction risk over time. However, the absolute change in 

index value over time is relatively low. 

Strengths 
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¶ The Red List Index is based on data from the large majority of species worldwide 

for each group considered, and hence is less geographically biased than many 

comparable indicators 

Caveats 

¶ There are few data points on which to base the projections. 

Sampling methodology and data selection 

The Red List Index was initially designed and tested using data on all bird species from 

1988ï2004 (Butchart et al. 2004) and then extended to amphibians (Butchart et al. 2005). 

The methodology was revised and improved in 2007 (Butchart et al. 2007). A Red List 

Index for mammals was added in 2008 and for corals in 2010 (Butchart et al. 2010). Red 

List Index trends can be calculated for any set of species that has been assessed at least 

twice for the IUCN Red List. For the set of species considered, trends are based on 

information from all non-Data Deficient species worldwide. 
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Aichi Target 7 

 

Area of agricultural land under conservation agriculture (thousand ha) 

Conservation Agriculture (CA) is a community of practice that focuses on low tillage, 

permanent plant cover and crop diversity to reduce environmental impacts and enhance the 

status of biodiversity in agricultural landscapes. This production system strives to maintain 

or increase profitability together with high and sustained production levels while 

concurrently conserving the environment, with a strong focus on soil health. An important 

aspect of conservation agriculture is the use of a no-tillage system that generally keep soils 

intact, improves soil diversity, reduces soil erosion, reduces CO2 emissions from machinery 

and may improve soil carbon sequestration. 

Model fit  
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Figure. Modelled trend in the Area of agricultural land under conservation agriculture (thousand ha) 1990-2011 and 

statistical extrapolation from 2012-2020. The trend suggests a significant increase between 2010 and 2020. The solid 

black line represents the model fit for the period with data. Long dashes represent the model projection for the 

extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. 

Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. 

Extrapolation assumes underlying processes remain constant. 
Interpretation  

The Area of agricultural land under conservation agriculture (thousand ha) has grown 

sharply over recent years and this trend is projected to continue in a linear manner to 2020, 

resulting in a significant increase in area relative to 2010. 

Strengths 

¶ This indicator is based upon a time series collected from countries across the globe. 

Caveats 

¶ Conservation agriculture does not explicitly set limits on inputs and frequently 

relies on herbicide resistant GMOs and high inputs of herbicides to control weeds.  

¶ There are few data points on which to base the projection.  

Sampling methodology and data selection 

Conservation agriculture is an agricultural practice whereby the disturbed area is less than 

15 cm wide or 25% of the cropped area (whichever is lower). The FAO distinguishes 

between 30%-60%, 61-90% and 91% ground cover. Ground cover must be measured after 

planting time. Ground cover less than 30% is not considered CA. Rotation must involve at 

least 3 different crops. Rotation is not a requirement for CA at this time, but FAO 

AQUASTAT reports whether rotation is being carried out or not. Data was obtained from 

FAO AQUASTAT on 23/01/2014.  
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Area of agricultural land under organic production (million ha) 

Organic agricultural practices eliminate many important agricultural pollutants and 

generally have a positive effect on species diversity in landscapes where they are practiced 

(Tuck et al. 2014). The goals of organic agriculture are generally expressed in terms of 

broad sustainability, but organic agriculture certification may not include criteria that 

directly address important issues such as nutrient pollution, soil erosion, crop diversity, 

land use displacement or economic sustainability and so may not lead to improvements in 

these criteria (e.g. Leifeld et al. 2013). 

Model fit  

 
Figure. Modelled trend in the global Area of agricultural land under organic production (million ha) 1999-2014 and 

statistical extrapolation from 2015-2020. The trend suggests a significant increase between 2010 and 2020. The solid 

black line represents the model fit for the period with data. Long dashes represent the model projection for the 

extrapolation period. Short dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. 
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Black dots represent data points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. 

Extrapolation assumes underlying processes remain constant. 

Interpretation  

The global Area of agricultural land under organic production (million ha) is projected to 

increase significantly by 2020, though the rate may be slowing. This suggests reduced 

pollutant and fertiliser inputs and hence a potentially beneficial effect on species diversity. 

Strengths 

¶ Organic agriculture generally has a positive impact on species diversity in 

landscapes where it is practiced.  

Caveats 

¶ Organic agriculture certification typically does not include criteria that directly address 
important issues such as nutrient pollution, soil erosion, crop diversity, land use 
displacement or economic sustainability and may not lead to improvements in these 
criteria.  

¶ Organic agriculture may give lower crop yields than conventional farming (Leifeld et al. 
2013), hence requiring more land to grow food.  

Sampling methodology and data selection 

The Area of agricultural land under organic production (million ha) indicator represents 

agricultural areas which are certified as organic by the International Federation of Organic 

Agriculture Movements (IFOAM). Certified organic areas that are already converted, as 

well as land under conversion, are taken into account, since many data sources do not 

separate or include the latter (for example Australia, Austria, Germany, Switzerland) and 

land under conversion is under organic management (Willer and Lernoud 2017). An annual 

survey is carried out to determine the amount of organic agricultural area by the German 

Research Institute of Organic Agriculture (FiBL) and IFOAM (FiBL). 
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Nitrogen use balance (kg/km2) 

Improvements in nitrogen use efficiency in crop production are critical for addressing the 

triple challenges of food security, environmental degradation and climate change. Nitrogen 

input is required to maintain crop production, but inefficient application leads to surplus 

nitrogen escaping to the environment.  This indicator measures agricultural nitrogen-use 

efficiency. 

Model fit  

http://www.organic-world.net/statistics/statistics-data-collection.html
http://www.organic-world.net/statistics/statistics-data-collection.html
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Figure. Modelled trend in the Nitrogen use balance (kg/km2) 1961-2011 and statistical extrapolation from 2012-2020. 

The trend shows a non-significant increase between 2010 and 2020 which is levelling off. The solid black line represents 

the model fit for the period with data. Long dashes represent the model projection for the extrapolation period. Short 

dashes represent 95% statistical confidence bounds for the modelled trend and extrapolations. Black dots represent data 

points. The horizontal dashed grey line is the model-estimated 2010 value for the indicator. Extrapolation assumes 

underlying processes remain constant. 

Interpretation  

The extrapolation suggests this indicator will continue to level out from 2011-2020 with 

only a very slight increase in modelled nitrogen surplus.  

Strengths 

¶ The data behind this indicator is comprised of highly accurate national-level data 

for 113 countries. 

Caveats 

¶ This indicator focusses on crop production and therefore does not account for 

nitrogen surplus produced through livestock management 

Sampling methodology and data selection 

A nitrogen budget database was established for each country and crop type for 1961 

onwards. Nitrogen inputs include fertilizer application, manure application, biological 

fixation (based on published literature for major legume crops) and atmospheric deposition. 

Nitrogen outputs are derived from the product of the crop nitrogen content and their yield. 

The difference between the inputs and the outputs is lost to the environment or remains in 

the soil. By assuming that over the long term (e.g. over a decade) the average change of the 

nitrogen in the soil is negligible and is small relative to the annual nitrogen input, then we 

can assume that the nitrogen surplus is a reasonable index of the nitrogen lost to the 

environment over the long term.  
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Wild Bird Index (farmland birds)  




































































































































































































































































































































































