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Abstract 

Achieving global biodiversity targets hinges on indicators of biodiversity change that convert 

raw data into reliable numbers that can shape policy, conservation, management, and, ultimately, 

the future of biodiversity worldwide. Indicators can only be used confidently if they detect and 

summarise biodiversity trends as intended, given the available data worldwide. Knowing 

whether indicators can reliably detect and summarize trends as intended requires robust testing, 

which is a challenging and under-developed practice. Here, we test the performance of a genetic 

diversity indicator of the Global Biodiversity Framework (GBF), the Proportion of populations 

with an effective size greater than 500 (or, Ne>500) and show that it can be reliably reported 

under realistic scenarios of population trends, monitoring frequency, and observer error. To 

ensure this reliability, our results suggest that monitoring programs aim to monitor populations 

every 1 to 4 years, at least 40% of populations per species, and at least 8% (species pools of 

several thousands), 23% (species pools 300 to 500 species) or 56% (species pools <100) of the 

targeted species richness. These findings show that the indicator is, in addition to being feasible 

and meaningful, technically reliable under realistic biodiversity monitoring schemes. Going 

forward, it is still essential to invest in genetic monitoring using indicators and  DNA-based data, 

given the goal of safeguarding genetic diversity in the Global Biodiversity Framework. Beyond 

this indicator, we emphasize that performance testing is needed for more indicators to ensure 

reliable progress tracking towards the GBF targets and the global goal of halting biodiversity 

loss. 
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1. Introduction 

 

Governments, civil society, and indigenous peoples are working to stem biodiversity loss and 

restore society’s relationship with nature. Building on the lessons learned from prior biodiversity 

commitments, the Parties to the Convention on Biological Diversity (CBD; 195 countries plus 

the European Union) committed to a new Global Biodiversity Framework (GBF) in December 

2022, in which indicators play a key role to measure progress towards goals and targets (Affinito 

et al., 2024). Indicators are summaries of changes in the state of a system which are used to 

inform decision making (Rowland et al., 2021) and to identify and act on the causes of these 

changes (Jones et al., 2011). They translate raw data about biodiversity (e.g. extinction risk, 

species protection, genetic diversity, etc.) into simple metrics that are both ecologically and 

politically meaningful to track progress towards targets and to inform policy decisions (Noss, 

1990; Jones et al., 2011). Most indicators under the GBF need further guidance and capacity 

building according to the CBD’s Ad Hoc Technical Expert Group on Indicators 

(CBD/SBSTTA/26/2, 2024), notably to design monitoring programs that fulfill each indicator’s 

needs (Hoban et al., 2014). 

To fill this gap, there have been calls for evaluations to ensure indicators can be reported 

reliably for decision support and progress tracking (Nicholson et al., 2021; Stevenson et al., 

2024; Leung & Gonzalez, 2024; Hébert et al., 2025). An indicator’s reliability depends on its 

accuracy, which is a measure of the departure or deviance of the estimated indicator from the 

expected “true” value, and bias, which refers to whether the indicator systematically under- or 

over-estimates the expected “true” value (Hellmann & Fowler, 1999). Reliability also depends 

on uncertainty in the indicator value, arising from various sources of variation in the data and 
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how data is processed and aggregated into the indicator (Hébert & Gravel, 2023). Measuring 

uncertainty and comparing it to an “acceptable” level is important to ensure indicators are 

interpreted with an appropriate degree of confidence when informing decisions, investments, and 

policies (Fischhoff & Davis, 2014; Leung & Gonzalez, 2024). Because indicators may perform 

unpredictably, simulations are often needed to assess the potential impacts of biodiversity change 

and data quality or quantity on the indicator’s reliability (Flather et al., 1997; Visconti et al., 

2016; Nicholson et al., 2019; Stevenson et al., 2021). Power analyses can help identify the 

quantity and quality of data that is needed for an acceptable level of uncertainty risk (Leung & 

Gonzalez, 2024). With some exceptions (Leung & Gonzalez, 2024; Toszogyova et al., 2024), 

most biodiversity indicators have not yet been evaluated in terms of how reliably they detect and 

summarise biodiversity changes. 

Biodiversity is composed of ecosystems, species, and genes. Genetic diversity is the most 

fundamental because it is the basis of adaptation and resilience for wild and domesticated species 

and contributes to mitigating climate change impacts, supporting ecological restoration, and 

stabilizing food security. Monitoring the genetic diversity of populations is critical, as it can 

motivate action early in the timeline of biodiversity collapse to prevent further losses at the 

species, community, or ecosystem levels (Cerini et al., 2023). For these reasons, the Kunming-

Montreal Global Biodiversity Framework set objectives for maintaining and restoring the genetic 

diversity of wild and domesticated populations by 2030 (Target 4) and by 2050 (Goal A), to 

ensure species’ adaptive potential (Robuchon et al., 2023). One of the Headline Indicators (A.4) 

of the GBF, “Proportion of populations with an effective size (Ne) >500” (referred to hereafter as 

Ne>500 indicator), tracks genetic diversity to measure progress towards these goals (Hoban et 

al., 2023, 2024).  
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Effective size (Ne) is the genetic analogue of a population’s census size (Nc): it relates to 

the genetic behavior of a population and especially the maintenance of the population’s adaptive 

capacity. The basis of the Ne>500 indicator, an effective size of 500, is a recognized threshold 

for maintaining genetic diversity within populations over the long term ((Franklin & Frankham, 

1998).This size helps populations adapt more efficiently to environmental change via natural 

selection, and with less demographic cost. The threshold of Ne 500 is pragmatic yet imperfect. 

Other Ne thresholds have been highlighted as important (Lynch & Lande, 1998), and any 

decrease in Ne causes some genetic erosion (Allendorf et al., 2024). Moreover, any threshold-

based indicator results in a binary outcome which has unique properties (a point we will expand 

on in the Discussion), but this is a common approach in many indicators (e.g. income level for 

poverty, population size thresholds for the IUCN Red List). Despite these imperfections, Ne 500 

is an approximate threshold of accelerating rate of genetic diversity loss, making it a useful 

heuristic to identify populations in danger of declines and losing their adaptive capacity, pointing 

to where conservation action is needed (Frankham, 2022; Willi et al., 2022).  

Effective size (Ne) is flexible to the type of data available: it can be calculated from 

DNA-based data if sampling is sufficient and certain assumptions are met (which are not always 

met, see Santos del Blanco et al. (2022)), or it can be obtained from population census data by 

multiplying census size (Nc) by an Ne/Nc ratio of approximately 0.1 (Hoban et al., 2021) when 

genetic data is not available. This flexibility means that the Ne>500 indicator (Headline A.4) is 

immediately feasible and can incorporate data about more populations and species than it would 

be possible to include using DNA-based data alone. After four years of development and 

consultation with CBD stakeholders, the Ne>500 indicator was demonstrated at a large scale, for 

over 900 species and 5000 populations in nine countries, largely based on population census data 
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(Hoban et al., 2023; Mastretta-Yanes et al., 2024). Because regularly repeated, multi-population 

sampling of DNA data is currently and will likely be rare until at least 2030 even in high income 

countries (Posledovich et al., 2021; Mastretta-Yanes et al., 2024), the indicator will likely 

continue to be calculated with population census data until genetic monitoring is more common.  

We must then understand how the Ne>500 indicator performs when confronted with the 

most common data it is applied to, which is population census data (Nc), under the assumption 

that the Ne/Nc ratio is known. More specifically, policymakers have asked: (1) how accurately 

the indicator represents populations on the ground, (2) how responsive the indicator is to 

conservation interventions and management choices, and (3) what quantity and quality of data 

are needed to ensure the indicator’s accuracy, knowing that it unrealistic to monitor all 

populations of a species and all species of a country. Several factors could impact the indicator’s 

accuracy and detection power, including monitoring frequency (years between monitoring 

events), intensity (how many populations and species are monitored), and duration, as well as 

observer error (the degree to which observed Nc departs from true Nc due to variation in 

detection, sampling effort, etc.), population growth rate (a product of the species’ biology and the 

environment, including anthropogenic pressures), and how these factors relate to population size 

(Yoccoz et al., 2001; Clark & Bjørnstad, 2004; Reed & Hobbs, 2004; Wauchope et al., 2019; 

White, 2019; Bennett et al., 2024). Identifying how these factors influence the indicator’s 

performance is important to allocate resources to species that need genetics-informed 

management or protection.  

In this paper, we evaluate the accuracy and detection power of Headline A.4 Indicator 

“Proportion of populations with an effective size >500” (hereafter referred to as “Ne>500 

indicator”) in simulated scenarios of biodiversity change under different monitoring schemes. 
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More specifically, we use simulations to assess the indicator’s power to detect changes from low 

(infrequent and inaccurate) to high quality (frequent and accurate) data. We then determine how 

much data is needed to calculate the indicator for a species and for a country with an acceptable 

level of accuracy, based on simulated and empirical data. From these evaluations, we make 

practical recommendations for data selection and monitoring programs to support reliable 

indicator reporting.  

2. Methods 

 

To assess the Ne>500 indicator’s ability to detect changes in the data it is typically applied to, we 

will test the indicator’s performance with Ne derived from population census size (Nc) time 

series, under simulated scenarios of biodiversity change and monitoring frequency, accuracy, and 

intensity. To evaluate indicator performance, we measured accuracy, i.e. how closely the 

estimated Ne>500 indicator value approaches the expected “true” value (Hellmann & Fowler, 

1999), under different conditions of biodiversity change, observer error, and monitoring 

frequency. Because the “true” value is inherently impossible to access in empirical data, we use 

simulations to generate the “true” and “observed” values of a population’s trend (See Fig. S1 for 

simulated population trends).  

To keep our findings relevant to monitoring under the Convention on Biological Diversity, 

European Habitats Directive, and other national and international biodiversity commitments, we 

prioritized realistic parameters for the population simulations that are grounded in empirical data 

or that are relevant for conservation interventions aiming to halt and reverse genetic diversity 

loss (Supplementary Material S1). To focus on the effects of census data quality and quantity, 

these simulations assume that the Ne/Nc ratio is 1:1 and is therefore known and accurate for all 
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simulated populations. We use this assumption because previous work already showed that 

converting census size (Nc) with an incorrect Ne/Nc ratio can generate errors in Ne (Mastretta-

Yanes et al., 2024) and therefore distort the Ne>500 indicator. By using this assumption, we can 

focus on the underexplored aspects of monitoring using the indicator: frequency, intensity, and 

data quality. We remind readers that when using the indicator in practice, the Ne/Nc ratio should 

only be applied to taxa for which it is known with a high degree of confidence, otherwise a range 

of Ne/Nc values should be tested. 

 

2.1. Simulating population census data 

 

2.1.1. Simulating the “true” population trend 

 

For each scenario described below, we simulated 12 populations of a virtual species (based on 

vertebrate population dynamics; see Supplementary Material S1) from a starting census size Nt=1 

through time following: 

Ntrue, t = rNtrue, t-1 + ε
process

  

Where Ntrue is the population’s census size, t is the time step, r is the annual growth rate, and ε is 

process error, which represents interannual population variability arising from demographic and 

environmental stochasticity. We simulated three directions of biodiversity change by changing 

the populations’ average annual growth rate (r), which remained constant over the full 25 year 

period: (1) declining to under Ne 500, (2) stable at Ne 500, or (3) increasing to above Ne 500 

(Table 1).  
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To evaluate the indicator’s performance when applied to a mix of declining and growing 

trends, we simulated scenarios of conservation investment with three outcomes: 25%, 50%, or 

75% of populations under Ne 500 recover to Ne>500 within 25 years (See Supplementary 

Material S2 for details and results). In these simulations, all populations were set to decline 

unless they benefit from conservation investment and each of these recovers at a different pace, 

with some recovering in 5 to 10 years and some recovering more slowly (>20 years) (Fig. S2.1). 

Because recovery was set to occur within 25 years, these simulations are more representative of 

species with relatively fast generation times, where enough generations occur within 25 years to 

increase the population’s genetic diversity. However, observer error would have a similar effect 

on the indicator’s reliability for species with slower generation times, though their recovery 

would need to be monitored over a longer timeline. 

 

2.1.2. Simulating the “observed” population trend 

 

We then simulated the “observed” population trend, which is the population census size data 

collected through a simulated monitoring scenario (Fig. S1). The observed population trend 

departs from the true population trend simulated above due to observer error and monitoring 

frequency (Fig. 1). In the following steps, population census size (Nc) is converted into effective 

size (Ne) with an Ne/Nc ratio of 1:1, under the assumption that this ratio is correct and known 

(but see Fig. S11: this conversion should only be done when this ratio is known with 

confidence).  

 

 



 10 

2.1.2.1. Observer error  

 

 Detecting genuine variations in population size can be difficult, depending on the population’s 

variability, size, time series length, and observer error (Clark & Bjørnstad, 2004; McCain et al., 

2016; Arkilanian et al., 2020). Observer error introduces variability in population sizes due to 

variation in detection, sampling effort, observer skill, and measurement precision, among other 

factors (Hovestadt & Nowicki, 2008; Farmer et al., 2012). For example, indirect survey methods 

(e.g. tracks, pellets, etc.) may be more accurate for species that occupy large areas and are 

therefore more difficult to detect, compared to direct count methods (e.g. ground or aerial 

surveys) that can have higher observer error (Ahrestani et al., 2013). 

It is then important to test how observer error affects the indicator’s power detect a trend, 

so monitoring schemes can be tailored for indicator reporting and to allocate resources to manage 

the trade-off between census precision and sampling effort. To simulate observer error during the 

monitoring process, we randomly sampled each observed population’s size at each time step 

from a Normal distribution: 

Neobs ~ N(Netrue, σobs
2 ) 

Where Neobs is the observed value of the population’s size at time t, sampled from a Normal 

distribution with a mean of Netrue (the population’s true population size at time t without 

observer error) and a variance of  σobs
2  (observer error). We set three levels of observer error: low 

(σobs
2  = 0.05), medium (σobs

2  = 0.1), and high (σobs
2  = 0.2). These simulations assume that observer 

error is unbiased for simplicity, though observer error is rarely random (Freckleton et al. 2006; 

Fitzpatrick et al. 2009; Dambly et al. 2020). The effects of biased observer error, where 

population size is systematically over- or under-estimated, on the Ne>500 indicator are explored 

in Supplementary Material (Fig. 8-9). 
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2.1.2.2. Monitoring frequency 

 

We then defined five scenarios of monitoring frequency, ranging from monitoring all 

populations annually to every eight years (Table 2). Importantly, the value of each population’s 

size is kept as the last observed value in the absence of new information during the time steps 

without monitoring (Fig.S1).  

 

2.2. Performance testing 

 

We tested indicator performance with 1000 randomisations of each set of 12 populations in the 

trend direction, level of observer error, and monitoring scenarios described above.  

 

2.2.1. Step 1: Accurately detecting whether a population is above or below the Ne 500 

threshold  

 

The first step to calculate the Ne>500 indicator is to classify each population’s observed 

effective population size as above or below the Ne 500 threshold (Fig. 2). This step introduces a 

potential source of error: if populations are misclassified with a systematic bias, the indicator 

will be biased. To evaluate how observer error and monitoring frequency influence the threshold 

success rate, we counted the number of time steps at which each population’s observed position 

above/below the Ne 500 threshold matched its expected position given its simulated “true” 

population size (Fig. 1). We reported the success rate for this thresholding step as the proportion 

of correctly classified observations for all populations.   
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2.2.2. Step 2: Accurately summarising population trends at the species level 

 

The second step for calculating the Ne>500 indicator is to count the proportion of monitored 

populations above the Ne 500 threshold, bound between 0 and 1, at the species level. To evaluate 

the indicator’s accuracy, we measured the difference between the observed indicator value from 

the expected indicator value at each time step and in each scenario, reported here as the mean 

deviation with its standard deviation in each scenario. The observed indicator value was based on 

monitored populations that were subjected to observer error and different lags in monitoring, 

while the expected value is the “true” indicator based on annual population sizes without 

observer error.  

 

2.3. Assessing detection power 

 

2.3.1. How many populations need to be monitored to accurately represent a species? 

 

To determine the proportion of populations that need to be monitored for an acceptably accurate 

species-level indicator, we generated 10 species with a range of 5 to 100 populations. We define 

the indicator to be “acceptably accurate” when it consistently falls within 10% of the expected 

“true” value throughout the entire 25-step time series. However, a 10% error rate can still have 

serious implications for conservation and should be redefined for specific applications, 

particularly if a species has few populations and/or requires a higher degree of confidence to 

ensure that conservation interventions are effective. 

Each simulated population’s starting size was pulled from a uniform distribution between 

250 and 750 individuals, and its growth rate was drawn from a Normal distribution (mean = 1, sd 
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= 0.2). For each species, we simulated 1000 randomisations of the expected “true” trend and the 

“observed” trend with three levels of observer error (low = 0.05, medium = 0.1, and high = 0.2) 

and four monitoring frequencies (1 year, 2 years, 4 years, and 8 years). We calculated the 

indicator with 1000 randomisations for subsamples ranging from 1 to the total number of 

populations for each simulated species.  

For each subsample, we measured the deviation between the expected “true” value and 

the “observed” value as above. We then evaluated the minimum subsample of populations 

needed to reach “acceptable accuracy”, that is, for the species-level indicator to always lie within 

10% of the expected “true” value for the given species. 

 

2.3.2. How many species need to be monitored to accurately represent a country? 

 

As with any summary metric, we expect the Ne>500 indicator to be more accurate (i.e., to better 

represent the country’s trend distribution) when more species are included, especially if their 

trends are similar to the “true” average trend (i.e., less variation among species). To determine 

the number of species to monitor to ensure an “acceptably accurate” country-level indicator, 

where “acceptable accuracy” was defined as above, we used both empirical and simulated data. 

We first randomly subsampled Ne>500 indicator values calculated from empirical data for 583 

species from Mastretta-Yanes and da Silva et al. (2024), representing a monitoring program that 

covers a portion of a country’s species richness. For each subsample, we calculated the deviation 

between the estimated value (the indicator for a subsample of species) and the true value (the 

indicator for the full species list) for a range of species richness levels between 10 and 583 

species, each for 10000 randomisations. We report the upper confidence limit (mean error + 

standard deviation) because this is a more conservative estimation of the risk of error. We then 
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applied the same random subsampling approach to an extended empirical dataset (nearly 6000 

species) with the same distribution as the data from Mastretta Yanes and da Silva et al. (2024) 

(Fig. S6). Finally, we subsampled from 5000 simulated species, with parameters similar to those 

in Table 1 (except starting population size and growth rate were pulled from distributions rather 

than set values; see Supplementary Material S3). 

However, the selection of populations and species for long-term monitoring programs is 

rarely random (Yoccoz et al., 2001). In addition to common taxonomic and geographic biases 

(Dove et al., 2023), site-selection biases towards high-abundance sites artificially inflate the 

likelihood of monitoring declining trends (Fournier et al., 2019). We simulated biased sampling 

where species were weighted based on whether their populations were above or below Ne = 500. 

To simulate a bias towards low-Ne species, species with low values of the Ne < 500 indicator 

were twice as likely to be selected (and vice-versa for biased selection towards high-Ne species; 

see Supplementary Material Fig. S10). 

3. Results 

 

3.1. Step 1: Accurately detecting whether a population is above or below the Ne 500 

threshold 

 

We first evaluated the success rate when populations are classified as above or below the Ne 500 

threshold (Fig. 2). We found that this threshold step is highly successful (82.3% to 97% success 

rate) in declining and growing populations in all monitoring scenarios with random observer 

error (Fig. 3). Populations that were stable at Ne 500 were classified the least successfully in all 
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scenarios, ranging from 55.7% success under long-term monitoring with high observer error to 

69.5% success under annual monitoring with low observer error.  

When observer error is biased, these threshold errors are more likely in growth and 

decline scenarios (Fig. S8): if Ne is consistently overestimated, it is harder to detect when 

populations decline below the Ne 500 threshold (68.5% minimum success rate). If Ne is 

underestimated, the indicator can fail to detect growth past the Ne 500 threshold (74.1% 

minimum success rate). 

Annual and short-term monitoring scenarios yielded almost identical success rates in all 

scenarios (Fig. 3, Table S1). Even under the long-term monitoring scenario and the highest level 

of observer error, declining and growing populations were classified successfully 82.8% and 

82.3% of the time, respectively (Table S1).  

 

3.2. Step 2: Accurately summarising population trends at the species level  

 

Next, the population-level trends are aggregated to the species level. Overall, the observed 

indicator value tracks the true indicator value fairly closely when populations are monitored 

every one (1.2 ± 15%) to two years (0.8 ± 15%), particularly when observer error is low (annual: 

0.8 ± 11%; short-term: 0.4 ± 11%) to moderate (annual: 0.9 ± 14%; short-term: 0.5 ± 14%) (Fig. 

4a). The indicator is, on average, not biased towards over or underestimating the expected value: 

the median difference between the observed and the true indicator values was consistently zero 

across scenarios of decline and growth (Fig. 4). The indicator was typically less accurate when 

all populations were stable around Ne 500 (Fig. 4a), as it inherited the threshold errors from Step 

1. When populations are stable at Ne 500, the species-level indicator ranged from best-case 
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accuracy with annual monitoring and low observer error (1.9 ± 16% deviation) to worst-case 

accuracy from long-term monitoring with high observer error: (-12% ± 28% deviation).  

The species-level indicator was also less accurate in slower monitoring scenarios (mixed, 

mid-term, and long-term). On average, the indicator deviated by -7.6 ± 18% (low observer error 

in growing trends) to 16 ± 22 % (high observer error in declining trends) from the true expected 

value under a long-term monitoring scenario, compared to a 0.2 ± 6 % to 2 ± 19 % deviation 

with an annual monitoring scenario (Fig. 4a). This drop in accuracy arises because longer lag 

times between monitoring events delay the correction of threshold errors in Step 1, which pushes 

the indicator further away from the expected value for longer periods of time.  

 

3.3. How many populations need to be monitored to accurately represent a species? 

 

Approximately half (and at least 25%) of a species’ populations must be monitored to achieve a 

reasonably accurate estimate, which we defined here as the indicator being within 10% of the 

expected value (Fig. 5). If observer error is low to moderate, measuring 45% (CIs: 20-74%) to 

49% (CIs: 22-81%) of a species’ populations ensures 10% accuracy. If observer error is high 

(20% error around the observation), more populations must be monitored (58%, CIs: 27-100%) 

to reach the same level of accuracy. This is true regardless of the total number of populations in 

the range of our simulations, which range from 5 to 100 populations. 

 

3.4. How many species need to be monitored to accurately represent a country? 

 

It is possible to achieve a relatively low risk of error (5%) by monitoring a fraction of the 

targeted species’ populations, depending on the targeted species’ richness (Fig. 6). Assuming this 



 17 

goal, when the indicator is applied to a group of less than 100 species, almost 60% of species 

should be monitored, while roughly 30% of species should be monitored to represent groups of 

200 species, and roughly a quarter (23%) of species when applied to groups of 300 to 500 

species. When species richness is much higher (1000 to 5000 species), based on our results using 

an extended empirical dataset (details in Supplementary Material S3), approximately 8% of 

species should be monitored for a 5% risk of error (Fig. S6). Monitoring more species is of 

course recommended whenever possible but may not yield large gains in accuracy all else being 

equal (Fig. 6a). For example, achieving 97.5% accuracy will approximately double the 

monitoring effort in most cases, for example 14-15% of species (between 280 and 700 species) 

for the last example of a species pool of 2000 to 5000 species (Fig. S6). Simulations (up to 5000 

species as described in Supplementary Material S3) similarly show that the first 25% of 

monitored species yield the greatest gains in accuracy (Fig. S7), depending on the total species 

richness the indicator is intended to represent. It is however important to note that these 

guidelines assume annual monitoring and are therefore a minimum: monitoring programs should 

aim for a larger representation of the targeted species if monitoring is slower or less precise.  

These recommendations also assume that species are randomly represented in the sample 

data, though population census data typically represent a biased sample of species (Yoccoz et al., 

2001; Fournier et al., 2019; Moussy et al., 2022; Dove et al., 2023). In this case, more species 

(74-87% of the pool) need to be monitored if species selection is systematically biased towards 

species with low or high Ne (Supplementary Fig. S10).  
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4. Discussion 

 

An essential property of biodiversity indicators is that they summarize complex biodiversity 

change into simple, accurate and useful numbers (Jones et al., 2011; Stevenson et al., 2021). 

Robust testing with simulations and real data is essential to determine whether indicators 

accomplish this, and to establish their data quality and quantity requirements (Christie et al., 

2020; Stevenson et al., 2021; Hébert et al., 2025). We used simulations and empirical data to test 

the Ne>500 indicator’s performance in scenarios of biodiversity change depending on the quality 

and quantity of its input data. We find that the Ne>500 indicator is a reliable indicator of 

population changes (estimated by the proportion of populations with an effective size >500), 

except in the unlikely case that all populations are consistently stable around the Ne = 500 

threshold.  

 To reliably detect change, a useful rule of thumb is to monitor or include data for at least 

40% of a species’ populations and at least 8% of large species pools (several thousand species), 

at least 23% of moderate species pools (300 to ~600 species) or 56% of small species pools 

(<100 species). This represents less than 100 to about 350 species, depending on the species 

pool. If low-Ne or high-Ne populations are overrepresented in the sampled pool, up to 74-87% of 

the species pool should be sampled. In addition to offering practical guidance for the Ne>500 

indicator’s data requirements, we suggest that our simulation-based approach can guide further 

performance testing to establish confidence in other biodiversity indicators, including those for 

the CBD GBF.  
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4.1. The performance of the Ne>500 indicator 

 

We tested how data quantity and quantity impact the Ne>500 indicator’s accuracy and detection 

power and found that, for a reliable species-level indicator, (1) monitoring more frequently is 

more important than monitoring more accurately, and (2) monitoring accuracy is most important 

when populations are likely to cross the Ne 500 threshold. 

Policymakers will likely be reassured that the indicator detects both growing and 

declining population trends well, though with slightly weaker performance in detecting declines. 

The indicator actually performs best when applied to a mix of growing and declining 

populations, as we could expect in real datasets (Supplementary Material S2). The indicator’s 

robustness is partly due to the Ne 500 threshold, because it is only likely to “miss the mark” 

when populations are crossing the threshold (Fig. S3 and S4). Threshold errors impact the 

indicator mostly when observer error is high and when monitoring is slower, particularly if 

populations are stable and fluctuating around Ne 500 (Fig. 3a). Though this “Stable at Ne 500” 

scenario is unlikely in real populations, it highlights the indicator’s main source of error: random 

fluctuations in Ne around 500, which can arise due to stochastic population dynamics and 

observer error, can falsely push a population above or below the Ne 500 threshold. The impacts 

of these errors might be amplified if they are correlated among populations through time, as they 

can quickly accumulate when trends are aggregated (Hébert & Gravel, 2023). When population 

sizes are far from the threshold during most of the time series or definitively cross the threshold, 

as in the decline and growth scenarios, error rates are low. Frequent monitoring reduces the 

impact of threshold errors: as the indicator’s value does not depend on previous years, the 

indicator is corrected as soon as the next monitoring event occurs if the new observation is more 

accurate. Threshold errors are therefore unlikely to distort the indicator unless Ne hovers around 
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the threshold value (i.e., Ne 500) for long periods of time, or unless observer error is high 

enough to risk falsely pushing the observed Ne across the threshold.  

However, threshold errors can still have serious implications for the conservation of 

genetic diversity, depending on whether populations incorrectly falls below or above Ne 500 and 

how these errors accumulate when populations are aggregated into the Ne>500 indicator 

(Supplementary Material Fig. S2). A false positive, where a population below Ne 500 is falsely 

classified as being above the threshold, may give the false impression that a population is healthy 

or has recovered (i.e., a “false green flag”) and can artificially ameliorate the indicator. A false 

negative, where a population above Ne 500 is classified below the threshold, may instead be a 

“false alarm”, which artificially pulls the indicator down. Though both cases are errors, the first 

case has more serious implications for conservation: false green flags can drive the indicator to 

understate declines, prematurely slowing or stopping conservation resources that are still needed 

to maintain genetic diversity. In the second case, false alarms can artificially pull the indicator 

downwards and drain conservation resources needlessly, but genetic diversity will not actually 

be damaged because of the error. Knowing the risk of false positives and false negatives and how 

they accumulate at the indicator level is therefore crucial to understanding the ecological 

implications of making misinformed decisions based on the indicator. 

 

4.2. Data quality and quantity requirements for a reliable indicator 

 

Here, our simulations assume that Ne is derived from census size data (Nc) via a known Ne/Nc 

ratio, because there are currently very few species for which there is regularly repeated, multi-

population sampling of DNA data to estimate Ne for biodiversity reporting, even in high income 

countries (Posledovich et al., 2021; Mastretta-Yanes et al., 2024). Using an incorrect Ne/Nc ratio 
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could be a significant error when using census data (Mastretta-Yanes et al., 2024), which we did 

not explore here, because we aimed to isolate the effects of observer error, population growth 

trajectory, and monitoring scenario. Until at least 2030, The Ne>500 indicator is likely to rely on 

population census data. However, relying on census data alone will not be sufficient to 

understand the drivers and mechanisms of genetic diversity loss, and therefore to act effectively 

to halt these losses. Given the importance of genetic diversity in the Global Biodiversity 

Framework, as demonstrated by the Ne>500 indicator being set as a headline indicator (CBD 

2022), investing in DNA based monitoring of a wide range of species is critical to track genetic 

diversity trends (Pearman et al., 2011; Shaw et al., 2025).  We note that our results about the 

frequency of monitoring could be extrapolated to DNA-based monitoring, notably by 

substituting the Ne-estimation-error rate (as established in some DNA studies; e.g. (Gilbert & 

Whitlock, 2015)) for the observer rate used here.  

Monitoring lags and observer errors interact and may have different impacts depending 

on population sizes and growth rates, so all these factors are important considerations to ensure 

reliable indicator reporting. Annual or bi-annual sampling designs may be most appropriate for 

populations that are likely to grow or decline past Ne 500 within the targeted timeframe, while 

larger and more stable populations may only require monitoring every 4 to 8 years. However, 

lags from slower monitoring introduce an asymmetric bias: the indicator responds too slowly to 

change and is thus overly optimistic when populations decline, and overly pessimistic when 

populations are growing. Though the magnitude of this bias is similar between the decline and 

growth scenarios, it is more dangerous for conservation and management when populations are 

declining. More generally, it may be worthwhile to invest in determining how accurate 

observations really are early in a monitoring design (due to detection issues, sampling effort, 



 22 

logistical constraints, etc.) to anticipate and mitigate the risk of making errors in the indicator 

(Farmer et al., 2012; Isaac et al., 2014; Bennett et al., 2024). For example, investing in more 

frequent monitoring when there is a high likelihood of error can help to update the indicator and 

therefore minimize the potential impacts of large observer errors through time.   

Ultimately, monitoring decisions should be tailored to the focal species and their 

populations. First, assessing a population’s variability is key to predicting how often and how 

severely it could cross the Ne 500 threshold, and therefore how to monitor it. Specifically, 

populations that vary a lot from year to year may require more monitoring resources to detect the 

population’s true size (Gibbs et al., 1998; McCain et al., 2016; Wauchope et al., 2019). 

Monitoring frequency should also match the populations’ dynamics in a meaningful way to 

detect changes in genetic diversity (Schwartz et al., 2007): for example, species with fast life 

histories, in which genetic drift occurs rapidly, may require more frequent monitoring. Second, 

the minimum sample size of species and populations may differ across taxonomic groups and 

geographic regions. For example, some harder-to-detect taxonomic groups may require more 

sampling effort (Bennett et al., 2024). Regions with higher species diversity may also require 

larger sample sizes. For example, the Living Planet Index, an indicator of relative change in 

population sizes, requires larger sample sizes in the more biodiverse global south than in the 

global north, as well as for groups like fishes and reptiles and amphibians (Dove et al., 2023).   

In terms of number of species to monitor, we found that a general rule of thumb is to 

monitor less than 100 to about 350 species across the species pools we tested (100 to 5000 

species). This is on the same scale, though somewhat higher than the sample sizes used in a 

recent pilot study to report the indicator for nine countries, which aimed to include 50 to 100 

species per country (Mastretta-Yanes et al., 2024). The finding that monitoring approximately 
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45% to 60% of populations is sufficient is important to guide future indicator reporting as well, 

as many species included in the pilot study did not have available data for all their populations 

(Mastretta-Yanes et al., 2024). 

Though these recommendations can help to guide the scope of a monitoring program or 

the collection of existing data, the choice of which species and populations to include must still 

be carefully considered. This choice includes balancing conservation, political, and logistical 

considerations (McDonald-Madden et al., 2010; Bal et al., 2018), which can determine whether 

the aim is to monitor a random sample of the targeted biodiversity, the most ecologically 

vulnerable species and populations, or the populations that are under recovery plans (Hvilsom et 

al., 2022). Our recommendations can help to design monitoring programs for tracking 

population-level biodiversity changes, but they should also be tailored to more specific needs 

whenever possible and re-evaluated with empirical data as it accumulates for the genetic 

diversity indicator. Though it may be necessary to leverage existing data at first, we need to 

move towards strategically designing monitoring programs that provide the required data quality 

and quantity for robust indicators (Gonzalez et al., 2023). This includes filling gaps and reduce 

biases in existing data for rapid change detection with indicators like Ne>500, such as targeting 

sites and species that are expected to change and using adaptive sampling strategies to adjust 

monitoring towards updated conservation priorities. In addition to being strategic, monitoring 

must be globally coordinated, as envisioned by the proposed global biodiversity observing 

system (GBiOS), to inform and motivate global action (Gonzalez et al., 2023).  
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4.3. What this means for other biodiversity indicators 

 

To understand the performance of other biodiversity indicators of the GBF, the steps outlined 

here could be applied to other indicators (including “Proportion of Populations Maintained”) 

under realistic scenarios of biodiversity change and monitoring. Importantly, our findings may 

generally apply to other biodiversity indicators that track changes in a categorical or binary 

value. For example, the Red List Index tracks changes in species’ extinction risk status through 

time, which ultimately stems from threshold values for many of its criteria (rate of decline, 

population sizes, numbers of populations, etc.). However, species’ IUCN Red List statuses 

regularly take 10 years or longer to be re-evaluated (Rondinini et al., 2014; Cazalis et al., 2024). 

There are likely numerous species which are currently more or less threatened than their Red List 

status indicates, which can introduce error into the Red List Index until these data are updated 

and until the criteria thresholds are definitively crossed. Going forward, performance testing is a 

key step to design monitoring programs that connect to indicator needs, to ensure that these can 

be reliably reported to track progress towards global biodiversity targets such as the Kunming-

Montreal GBF. The CBD is establishing Technical and Scientific Cooperation Support Centres 

around the world, and meanwhile, GEO BON and other entities are preparing to leverage 

thousands of volunteer scientific experts to support Parties in their reporting. Studies like this 

one are a key part of that support, and of the envisioned Global Biodiversity Observation System 

(GBiOS). 

5. Conclusion 

Biodiversity indicators translate raw data into decisions that shape the future of biodiversity, but 

their influence is limited by how much confidence we place in them. This confidence can only 
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come from clearly defining the conditions in which these indicators work as intended. As with 

many indicators, the Ne>500 indicator currently depends on data that is already available, which 

consists largely of population census data. We recommend that these data fit certain criteria to 

ensure the Ne>500 indicator can reliably report change: at least half of a species’ populations 

should be monitored every 1 to 2 years, at least 40% of a species’ populations should be 

included, and at least 8% and up to 86% of the species pool, depending on the size of the pool. 

Going forward, genetic monitoring programs are urgently needed to link this indicator more 

firmly to genetic diversity change, particularly given the Global Biodiversity Framework’s 

emphasis on genetic diversity. Ultimately, performance testing must become standard practice to 

design effective monitoring programs and to establish confidence in the indicators we use to 

safeguard biodiversity.  

 

Data and code availability statement: Code to generate, analyze, and visualize the simulated 

data in this study is accessible on GitHub (https://github.com/katherinehebert/Ne_scenarios). No 

data was collected for this study.  
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Tables 

 

Table 1. Parameters for simulations of three directions of population trends. 

We grounded parameter selection in empirical data and in relevant values for situations of 

concern for conservation (more details in Supplementary Material S1). 

 Population trends 

 symbol Decline Stable at Ne 500 Growth 

Time steps t 25 25 25 

Number of populations n 12 12 12 

Initial population size Nt=1 750 500 250 

Annual growth rate r 0.95 1.00 1.05 

Process error 𝜀process 0.01 0.01 0.01 

 

Table 2. Monitoring scenarios which illustrate the proportion of populations monitored at 

different frequencies through time. 

 

Monitoring 

scenario 

Monitoring frequency 

each year every 2 years every 4 years every 8 years 

Annual 100%     

Short-term 50% 50%   

Mixed 25% 25% 25% 25% 

Mid-term   50% 50% 

Long-term    100% 
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Figures 
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Figure 1. Simulating true and observed trends in effective population size (Ne). First, each 

population’s true Ne trend is simulated from a constant annual growth rate (declining, stable, or 

growing) with some process error to represent stochastic population dynamics. This true Ne 

trend is then observed, where each Ne value is sampled from a Normal distribution centered on 

the true Ne value with three levels of observation error (low, moderate, high). Then, the observed 

Ne trends are monitored at different frequencies (every 1, 2, 4, or 8 years). For each population, 

we can then determine how observer error and monitoring frequency combine to result in an 

observed trend that differs from the true trend. 
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Figure 2. How monitoring can potentially introduce errors into the Ne > 500 indicator.  

First, changes in genetic composition are reflected in the change in Ne through time. When each 

population is monitored, observer error and monitoring frequency can distort the true Ne trend, 

resulting in an observed Ne trend. To calculate the indicator, Step 1 is a population-level 

threshold: each population is evaluated to identify years at which the population is below the Ne 

500 threshold. At this step, observer error and monitoring frequency can combine to generate 

lags in the timing of the threshold being crossed, resulting in a threshold error. When populations 

are combined into a species-level indicator at Step 2, this threshold error can accumulate across 

populations at each time step, propagating these lags into the species-level indicator. These 

threshold errors then have the potential to generate a bias between the observed and true 

indicator trend.  
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Figure 3.  Success rate of the Ne > 500 threshold evaluation step in each scenario with 1000 

randomisations. Scenarios in which the 12 populations of a species all follow the same average 

growth rate (declining, stable at Ne 500, growing). The green bar shows the success rate, i.e. the 

proportion of data points that were successfully classified above or below the threshold, while 

red shows the rate of failure in each scenario. Successes and failures are broken down into true 

and false positives/negatives in Fig. S2.    
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Figure 4. The species-level “Proportion of populations with an Ne > 500” indicator’s 

sensitivity to observer error and monitoring scenario. Boxplots show the observed indicator’s 

deviation from the true indicator trend in each scenario, over 1000 randomisations. Each panel 

shows a biodiversity change scenario in which the 12 populations of a species vary at the same 

annual growth rate (declining, stable at Ne 500, growing). Colours show three levels of observer 

error introduced into the observed population sizes that were used to calculate the observed 

indicator value.  
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Figure 5. Proportion of populations that must be monitored for an “acceptably accurate” 

species-level indicator, depending on the total number of populations included in the 

species. “Acceptable accuracy” is defined here as an indicator that is consistently within 10% of 

the expected “true” value throughout the entire time series, evaluated over 1000 randomisations. 

Panels show different monitoring frequencies and colours show three levels of observer error 

(low = 0.05, medium = 0.1, and high = 0.2). 
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Figure 6. How many species to monitor for an accurate (5% error) country-level Ne>500 

indicator relative to the country’s full species pool, based on a subsampling approach with 

data from Mastretta-Yanes et al. (2024).  (a) Deviation between the estimated value (the 

indicator for a subsample of species) and the true value (the indicator for the full species list) for 

a range of species richness levels between 10 and 583 species, each for 10000 randomisations. 

We show the upper confidence limit (mean error + standard deviation) because this is a more 

conservative estimation of the risk of error. The horizontal line shows the proportion of species 

that must be monitored to risk 5% or less error from the true country-level indicator value, 

summarised in panel (b). (b) Proportion of species to monitor to risk 5% or less error of the 

country-level Ne>500 indicator as shown by the horizontal line in panel (a). Note that these 

recommendations assume that species are randomly represented in the sample and that more 

species (up to 86% of the pool) need to be monitored if species selection is systematically biased 

towards species with high Ne (>500) or low Ne (<500) (Supplementary Fig. S10).    
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Supplementary Material 

 

1. Rationale for parameter selection 

 

Initial population size. We are not aware of a globally representative, accessible dataset on 

population level size estimates. For example, while the Living Planet Index contains data from 

standardized surveys of vertebrate populations, the data structure does not reveal whether the 

examined entity is a partial or full census of a population (usually measured as counts from a 

transect or similar survey method). So, we examined the genetic indicator pilot implementation, 

which did gather population sizes (Mastretta-Yanes & da Silva et al. 2024). Using the Dryad 

repository https://datadryad.org/dataset/doi:10.5061/dryad.bk3j9kdkm, we extracted data for all 

populations that had Ne directly estimated from genetic data or from Nc. We found that roughly 

half of populations are less than or equal to Nc 100, about three fourths are less or equal than Nc 

1000, and 86% of populations are less than Nc 5000.  Therefore, we chose to start our “low but 

increasing” populations at Ne 250 and our “high but decreasing” populations at Ne 750.  These 

choices focus on the situations that may be “hard” for the indicator, where the populations 

approach Ne500.  

 

Observer error.  We are not aware of a database of estimates of error rates in population census 

data.  A publication on observer error in flying foxes suggested an average undercount rate of 

14.7% (Westcott & McKeown 2004), a recent evaluation of AI-classification of aerial images of 

whales had error rates of 6 to 20% (Green et al 2023), while an examination of observer error in 

https://datadryad.org/dataset/doi:10.5061/dryad.bk3j9kdkm
https://www.publish.csiro.au/WR/WR03091
https://zslpublications.onlinelibrary.wiley.com/doi/full/10.1002/rse2.352
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marine mammal and turtle populations suggested average undercounts of about 25% (Davis et al 

2022, see Table 2). We therefore chose values of 5%, 10%, and 20%. 

 

Population growth rate. We used two resources to benchmark population growth rates.  We used 

Mastretta-Yanes & da Silva et al. 2024, which compiled estimates of species or population level 

‘decline’, even in absence of census data. We extracted the “overall decline” column (n=161) 

which is a percentage over a period of time. To get yearly population decline rates, we divided 

the total decline by a number of years assumed to be the period of observation, estimated as 2023 

minus the first year of the “population structure” column.  We found that most yearly decline 

rates were less than 5%, though a long tail of values extends up to over 30%. We also 

benchmarked against the Living Planet Index, a database of 30,000+ time series of vertebrate 

population size observations. The average annual growth rate in the Living Planet Database (LPI 

2022) was about 0.96 (quantiles: 25% = 0.81, 50% = 1.00, 75% = 1.20).  We therefore chose 

growth rates of 0.95 (5% decline) and 1.05 (5% increase) as reasonable values. For stable 

populations starting at a size of 500 (i.e., at the Ne 500 threshold), we set the average growth rate 

to 1.00 (0% change), where each population’s size is maintained relatively constant through 

time. 

 

Time steps: We simulated 25 years as this corresponds to the approximate time until 2050, when 

the goals of the Global Biodiversity Framework should be evaluated and hopefully achieved. 

 

https://onlinelibrary.wiley.com/doi/full/10.1002/ece3.8733
https://onlinelibrary.wiley.com/doi/full/10.1002/ece3.8733
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Number of populations: We recognize that some species may have one population, and some 

species may have hundreds of populations. We chose 12 populations because the vast majority of 

species analyzed in Mastretta-Yanes and da Silva et al. 2024 had 12 or fewer populations. 

 

2. Indicator performance with mixed trends  

 

Simulating population recovery from conservation investment 

When populations approach or fall below Ne 500, they may be subject to conservation 

investment to help their recovery. In the simulations described in the main text, all populations 

within a set followed the same annual growth rate to evaluate the indicator’s response to 

populations crossing the Ne 500 threshold. However, a set of mixed population trends may better 

approximate reality, where some populations or species decline while others recover for reasons 

that may include successful conservation actions.   

To evaluate the indicator’s performance under mixed population trends, we simulated 

three scenarios of investment in biodiversity recovery, with greater investment assumed to result 

in greater recovery. Using the same parameters (Table 1), we simulated three levels of 

investment in biodiversity conservation: (1) low investment, where 25% of declining populations 

recover while the remaining 75% continue declining, (2) moderate investment, where 50% of 

populations recover while 50% keep declining, and (3) high investment, where 75% of declining 

populations recover while the remaining 25% continue declining. We simulated 1000 

randomisations of these mixed trend population sets with annual monitoring, and with three 

levels of observer error (low, medium, and high as in the previously described simulations). 

All other methodological steps follow those described in the main text. 
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Figure S2.1. Simulations of monitored population sizes through time.  

Each panel is a scenario, showing levels of conservation investment (25% recovering 

populations, 50% recovering populations, 75% recovering populations), observer error (Low 

0.05, Moderate 0.1, and High 0.2) under annual sampling.  



 49 

Figure S2.2. Observed Ne > 500 indicator versus the true indicator value (solid lack line) 

for three levels of observer error.  

The true indicator value is calculated from annual data points without observer error in scenarios 

of conservation investment, while the observed indicator is subject to annual monitoring with 

observer error. 

 

Step 1: Accurately detecting whether a population is above or below the Ne 500 threshold 

 

When population trends were mixed (i.e., scenarios of conservation investment), we found 

consistently high threshold success rates regardless of the proportion of declining and growing 

populations, ranging from 87.3% to 97.0% success rates (Fig. 3). Threshold success rates were 

lowest when observer error was high (87.3% to 88.1%), and highest if observer error was low 

(96.7% to 97.0%). 
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Figure S2.3. Success rate of the Ne > 500 threshold evaluation step per population over 25 

years for each scenario, over 1000 randomisations. Scenarios of conservation investment with 

observer error, where 25% of declining populations recover (low investment), 50% recover 

(moderate investment), or 75% recover (high investment). For each scenario, the green bar 

shows the proportion of data points that were successfully classified above or below the 

threshold, while red shows the rate of failures during the threshold step.  

 

Step 2: Accurately summarising population trends at the species level 

 

When population trends were mixed under scenarios of conservation investment, accuracy 

remained consistently high (Fig. 4b). Accuracy generally declined with observer error as in the 

previous scenarios, with the best accuracy when observer error was low (0.17 ± 5.2 %) and still 

reasonable, but slightly lower accuracy when observer error was high (1.9 ± 11.7 %). Accuracy 

was the most variable, though still reasonable, when conservation investment was high (i.e., 75% 

of the simulated populations increased across the Ne 500 threshold) and observer error was high 

(2.2  ± 11.7 %). 



 51 

 

Figure S2.4. The species-level “Proportion of populations with an Ne > 500” indicator’s 

sensitivity to observer error and monitoring scenario. Scenarios of conservation investment 

with observer error, where 25% of declining populations recover (low investment), 50% recover 

(moderate investment), or 75% recover (high investment). Boxplots of different colours show 

three levels of observer error introduced into the observed population sizes that were used to 

calculate the observed indicator values.  
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3. Detection power: Alternative approaches  

 

Extended empirical dataset 

 

To extend the dataset to a larger number of species, such as the number of vertebrate species a 

country might harbor, we randomly resampled species values from the original dataset 

(Mastretta-Yanes et al. 2024) and added noise (using the R function jitter() with a factor of 50%) 

to create an enlarged dataset of 5830 species Ne>500 indicator values which has the same 

distribution as the original data: 

 

Figure S3.1. Histogram of the Ne>500 indicator values for (a) the 583 species in the Mastretta-

Yanes et al. (2024) dataset and (b) the 5830 generated from the original data. 

 

We then applied the subsampling approach described in the main text. We subsampled the 

extended dataset, calculated the observed country-level Ne>500 indicator for the selected 
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species, and measured the deviance between this value to the expected value from the full 

dataset’s country-level Ne>500 indicator (i.e., all species included).  

We found that, as with a smaller dataset, the largest gains in accuracy can be made by 

sampling roughly 25% of the targeted species richness for species-rich regions or countries (i.e. 

over ~500-600 species) (See Fig. S6a). When species richness is higher than 1000, only 14% of 

the species need to be monitored to achieve 2.5% risk of error, and only roughly 7% of species 

need to be monitored to achieve 5% risk of error. Below 500-600 species, more specific 

recommendations can be found in the main text. 

 

Simulated species indicator values 

We applied a similar subsampling approach to simulated species-level indicator values, to 

evaluate the minimum number of species to monitor for an “acceptably accurate” country-level 

indicator under scenarios of observer error and monitoring frequency. We simulated countries 

with species richness ranging from 100 to 5000 (25 countries, at intervals of 200 species). Each 

species was composed of 12 populations with parameters from Table 1, except starting 

population size (N0) which was pulled from a uniform distribution between 250 and 750 

individuals, and growth rate (r) which was pulled from a Normal distribution (mean = 1, SD = 

0.2). For each country, we evaluated the difference between the expected “true” and the 

“observed” country-level indicator value for 100 randomisations of each subsample, which 

ranged from 10% to 100% of the country’s species-level indicator values (Fig. S7).   
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Supplementary Tables 

Table S1. Success rate of the threshold step. 

Monitoring 

scenario 
Growth rate Observer error 

Threshold 

outcome 
Rate 

Long-term 0.95 0.05 Fail 0.145 

Long-term 0.95 0.05 Success 0.855 

Long-term 0.95 0.1 Fail 0.156 

Long-term 0.95 0.1 Success 0.844 

Long-term 0.95 0.2 Fail 0.171 

Long-term 0.95 0.2 Success 0.829 

Long-term 1 0.05 Fail 0.358 

Long-term 1 0.05 Success 0.642 

Long-term 1 0.1 Fail 0.410 

Long-term 1 0.1 Success 0.590 

Long-term 1 0.2 Fail 0.443 

Long-term 1 0.2 Success 0.557 

Long-term 1.05 0.05 Fail 0.077 

Long-term 1.05 0.05 Success 0.923 

Long-term 1.05 0.1 Fail 0.117 

Long-term 1.05 0.1 Success 0.883 

Long-term 1.05 0.2 Fail 0.177 

Long-term 1.05 0.2 Success 0.823 

Mid-term 0.95 0.05 Fail 0.108 

Mid-term 0.95 0.05 Success 0.892 

Mid-term 0.95 0.1 Fail 0.118 

Mid-term 0.95 0.1 Success 0.882 

Mid-term 0.95 0.2 Fail 0.154 

Mid-term 0.95 0.2 Success 0.846 

Mid-term 1 0.05 Fail 0.344 

Mid-term 1 0.05 Success 0.656 

Mid-term 1 0.1 Fail 0.404 

Mid-term 1 0.1 Success 0.596 
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Mid-term 1 0.2 Fail 0.437 

Mid-term 1 0.2 Success 0.563 

Mid-term 1.05 0.05 Fail 0.069 

Mid-term 1.05 0.05 Success 0.931 

Mid-term 1.05 0.1 Fail 0.102 

Mid-term 1.05 0.1 Success 0.898 

Mid-term 1.05 0.2 Fail 0.161 

Mid-term 1.05 0.2 Success 0.839 

Mixed 0.95 0.05 Fail 0.070 

Mixed 0.95 0.05 Success 0.930 

Mixed 0.95 0.1 Fail 0.091 

Mixed 0.95 0.1 Success 0.909 

Mixed 0.95 0.2 Fail 0.140 

Mixed 0.95 0.2 Success 0.860 

Mixed 1 0.05 Fail 0.327 

Mixed 1 0.05 Success 0.673 

Mixed 1 0.1 Fail 0.390 

Mixed 1 0.1 Success 0.610 

Mixed 1 0.2 Fail 0.434 

Mixed 1 0.2 Success 0.566 

Mixed 1.05 0.05 Fail 0.053 

Mixed 1.05 0.05 Success 0.947 

Mixed 1.05 0.1 Fail 0.085 

Mixed 1.05 0.1 Success 0.915 

Mixed 1.05 0.2 Fail 0.149 

Mixed 1.05 0.2 Success 0.851 

Short-term 0.95 0.05 Fail 0.035 

Short-term 0.95 0.05 Success 0.965 

Short-term 0.95 0.1 Fail 0.065 

Short-term 0.95 0.1 Success 0.935 

Short-term 0.95 0.2 Fail 0.128 
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Short-term 0.95 0.2 Success 0.872 

Short-term 1 0.05 Fail 0.311 

Short-term 1 0.05 Success 0.689 

Short-term 1 0.1 Fail 0.385 

Short-term 1 0.1 Success 0.615 

Short-term 1 0.2 Fail 0.431 

Short-term 1 0.2 Success 0.569 

Short-term 1.05 0.05 Fail 0.036 

Short-term 1.05 0.05 Success 0.964 

Short-term 1.05 0.1 Fail 0.068 

Short-term 1.05 0.1 Success 0.932 

Short-term 1.05 0.2 Fail 0.135 

Short-term 1.05 0.2 Success 0.865 

Annual 0.95 0.05 Fail 0.031 

Annual 0.95 0.05 Success 0.969 

Annual 0.95 0.1 Fail 0.062 

Annual 0.95 0.1 Success 0.938 

Annual 0.95 0.2 Fail 0.127 

Annual 0.95 0.2 Success 0.873 

Annual 1 0.05 Fail 0.305 

Annual 1 0.05 Success 0.695 

Annual 1 0.1 Fail 0.384 

Annual 1 0.1 Success 0.616 

Annual 1 0.2 Fail 0.430 

Annual 1 0.2 Success 0.570 

Annual 1.05 0.05 Fail 0.033 

Annual 1.05 0.05 Success 0.967 

Annual 1.05 0.1 Fail 0.066 

Annual 1.05 0.1 Success 0.934 

Annual 1.05 0.2 Fail 0.134 

Annual 1.05 0.2 Success 0.866 
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Supplementary Figures 
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Figure S1. Simulations of monitored population sizes through time. Each panel is a scenario, 

showing combinations of trend direction (growth rates: decline 0.95, stable 1.00, growth 1.05), 

observer error (low 0.05, moderate 0.1, and high 0.2), and monitoring scenario (annual, short, 

mixed, mid, and long). In each scenario (panel), all populations have the same starting size and 

same mean growth rate with a constant variance, with one level of observer error that is applied 

when sampling the populations.   
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Figure S2. Success rate of classifying simulated populations as above or below the Ne > 500 

threshold for all time steps and all randomizations in each scenario. Three levels of observer 

error were introduced to the observed population abundance time series: low (0.05), moderate 

(0.1), and high (0.2). False negatives mean the population is falsely classified as Ne < 500 

although its true population size is above Ne 500. False positives mean the population is falsely 

classified as Ne > 500 although it is below Ne 500. True positives and negatives mean the 

population is correctly classified above or below the Ne 500 threshold, respectively. 
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Figure S3. Expected (true) versus observed species-level Ne>500 indicator trend. The 

expected, or true, indicator trend is the true value based on simulated population sizes (annual 

data points, with no observer error). The observed indicator trend is based on simulated 

population sizes, measured by a simulated monitoring scheme that includes levels of observer 

error (colors) and different frequencies of monitoring (rows). Ribbons show the 95% confidence 

limits around the deviation for each scenario across all randomisations.  
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Figure S4. The indicator’s deviation from the expected value in each scenario through time, 

over all randomisations. The deviation is the difference between the true and the expected 

indicator value. Ribbons show the 95% confidence limits around the deviation for each scenario 

across all randomisations. Negative deviation indicates that the indicator underestimates the 

expected value, while positive deviation indicators that the indicator overestimates the expected 

value.  
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Figure S5. Accuracy of a country-level Ne>500 indicator depending on the proportion of a 

country’s full species list that are monitored (2.5% error level). These results are based on a 

subsampling approach with data from Mastretta-Yanes et al. (2024). (a) Deviation between the 

estimated value (the indicator for a subsample of species) and the true value (the indicator for the 

full species list) for a range of species richness levels between 10 and 583 species, each for 

10000 randomisations. We show the upper confidence limit (mean error + standard deviation) 

because this is a more conservative estimation of the risk of error. The horizontal line shows the 

proportion of species that must be monitored to risk 2.5% or less error from the true country-

level indicator value, summarised in panel (b). (b) Proportion of species to monitor to risk 2.5% 

or less error of the country-level Ne>500 indicator as shown by the horizontal line in panel (a). 
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Figure S6. Accuracy of a country-level Ne>500 indicator depending on the proportion of 

the targeted species richness that is monitored, based on an extended dataset from 

Mastretta-Yanes et al. (2024) as explained in Supp. Mat. Section 3. (a) Deviation between the 

estimated value (the indicator for a subsample of species) and the true value (the indicator for the 

full species list) for a range of species richness levels between 25 and 5830 species, each for 

10000 randomisations. We show the upper confidence limit (mean error + standard deviation) 

because this is a conservative estimation of the risk of error. The horizontal line shows the 

proportion of species that must be monitored to risk 5% or less (solid line) or 2.5% or less 

(dashed line) error from the true country-level indicator value, summarised in panels (b) and (c). 

Side panels show the proportion of species to monitor to risk (b) 5% or less error or (c) 2.5% or 

less error of the country-level Ne>500 indicator as shown by the solid and dashed horizontal 

lines in panel (a). 
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Figure S7. Accuracy of a country-level indicator based on subsampling of simulated 

populations. We show the upper confidence limit because this is a more conservative estimation 

of the relationship between sampling completeness (proportion of a country’s species monitored) 

and indicator accuracy. Lines are coloured according to the species richness of a simulated 

country. Each line shows the upper confidence limit (97.5%) of the deviation between the 

expected “true” and “observed” indicator values from 1000 randomisations.  
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Figure S8. Success rate of the Ne > 500 threshold evaluation step in each scenario with 1000 

randomisations when population census size is systematically overestimated (panel a) or 

underestimated (b) in the threshold. In these scenarios, the 12 populations of a species all 

follow the same average growth rate (declining, stable at Ne 500, growing). The green bar shows 

the success rate, i.e. the proportion of data points that were successfully classified above or 

below the threshold, while red shows the rate of failure in each scenario. 
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Figure S9. The species-level “Proportion of populations with an Ne > 500” indicator’s 

sensitivity to observer error and monitoring scenario when population census size is 

systematically overestimated (panel a) or underestimated (panel b). Boxplots show the 

observed indicator’s deviation from the true indicator trend in each scenario, over 1000 

randomisations. Each panel shows a biodiversity change scenario in which the 12 populations of 

a species vary at the same annual growth rate (declining, stable at Ne 500, growing). Colours 

show three levels of observer error introduced into the observed population sizes that were used 

to calculate the observed indicator value. 
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Figure S10. Accuracy of a country-level Ne>500 indicator depending on the proportion of a 

country’s full species list that is monitored, with biased sampling of species. These results 

are based on a subsampling approach with data from Mastretta-Yanes et al. (2024). In panels a 

and b, species with Ne < 500 are over-represented (2x more likely to be monitored) in the 

subsample. In panels c and d, species with Ne > 500 are over-represented (2x more likely to be 

monitored) in the subsample. (a) Deviation between the estimated value (the indicator for a 

subsample of species) and the true value (the indicator for the full species list) for a range of 

species richness levels between 10 and 583 species, each for 10000 randomisations. We show the 

upper confidence limit (mean error + standard deviation) because this is a more conservative 

estimation of the risk of error. The horizontal line shows the proportion of species that must be 

monitored to risk 5% or less error from the true country-level indicator value, summarised in 

panel (b). (b) Proportion of species to monitor to risk 5% or less error of the country-level 

Ne>500 indicator as shown by the horizontal line in panel (a). 
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Figure S11. Demonstration of the impact of using an incorrect Ne:Nc ratio on the 

conversion of census size (Nc) data to effective population sizes (Ne), depending on 

population size. We introduced four levels of error into the Ne:Nc ratio, where the applied ratio 

is 10%, 25%, 50%, and 75% lower than the true ratio (which was 80%). When population census 

size is larger, errors in the Ne:Nc ratio have larger impacts on effective size estimation. Though 

we do not investigate the impacts of Ne:Nc ratio errors on the Ne>500 indicator in greater detail 

here, we caution that census size data should only be converted to effective population sizes 

when the Ne:Nc ratio is known with a high degree of confidence and accuracy to ensure that the 

Ne>500 indicator is a reliable metric of genetic diversity. 
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