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ABSTRACT 

Aim Presence-only data represent a significant source of information for quantifying 

biodiversity distributions and provide opportunities for use in conservation planning. The 

large databases of presence-only records that are available and the lower cost of acquisition 

could help overcome the traditional problem of lack of data for conservation. However, there 

are risks associated with the use of presence-only data inherent with the lack of true absences 

that might cause omission errors (species are erroneously thought to be absent) and loss of 

efficiency (more areas are thought to be necessary than needed). These errors could constrain 

the economic viability of conservation plans and thus the success of conservation practice. 

We therefore evaluated the opportunities and risks of using presence-only data for 

conservation planning. 

Location Northern Australia. 

Methods The effects of using two different types (presence-only and presence–absence) and 

different quantities of data were simulated by building predictive models on different subsets 

of data with increasing numbers of presence–absence or presence-only records or a 

combination of both for 80 freshwater fish species. We then compared the performance of 

conservation planning outcomes with the best information attainable (a true model built on 

the complete set of presence–absence data). We measured omission and commission errors in 

conservation planning outcomes, and the efficiency of and return on the investment in data 

acquisition. 

Results Including presence-only data helped reduce commission and omission errors in 

conservation planning outcomes, but only when used in combination with at least some 

presence–absence data. The use of just a large quantity of presence-only data resulted in 



significant reductions in the efficiency of conservation planning outcomes, as more areas than 

actually needed were required to achieve conservation targets. This reduction in efficiency 

was mainly related to inflated omission errors. 

Main conclusions We recommend using presence-only data cautiously if this is the only 

source of data available; whenever possible, presence-only data should be complemented 

with presence–absence data. 
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Australia, commission error, conservation biogeography, efficiency, freshwater 
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INTRODUCTION 

Conservation planning and decision-making benefit from robust and accurate information 

regarding the distribution of conservation features, normally species (Balmford & Gaston, 

1999; Hirzel & Guisan, 2002; Hermoso et al., 2013), and other socio-economic factors, such 

as conservation cost (e.g. land acquisition or stewardship). In an ideal scenario, the spatial 

distribution of all the conservation features would be known from recent ground surveys. 

However, stakeholders are constantly challenged to deal with sparse data subject to 

uncertainties and spatial/taxonomic bias (Possingham et al., 2000) because of the limited 

budgets and time available (Halpern et al., 2006; Grantham et al., 2008). The errors inherent 

in imperfect datasets can lead to poor decision-making, the misuse of limited resources and 

ultimately the failure of conservation practice (Possingham et al., 2007). For example, errors 

in estimates of species distributions can reduce the effectiveness (e.g. through commission 

errors, arising when a species is erroneously thought to be present) and efficiency (e.g. 

through omission errors, arising when a species is erroneously thought to be absent, forcing 

the selection of additional and unnecessary areas; Loiselle et al., 2003) of conservation 

recommendations. Consequently, the uncertainties in the information regarding the spatial 

distribution of biodiversity and the errors derived when the information is used for 

conservation planning must be assessed, communicated and taken into consideration 

(Rondinini et al., 2006). 

The two main types of biological data normally available for conservation assessments are 

presence–absence and presence-only records. While both of them contain observed 

presences, only in presence–absence data have the absences been scrutinized (Tsoar et al., 

2007). The acquisition cost of these types of data can differ substantially and result in 

unavoidable trade-offs between the investment and quality of data required. Collecting 



presence–absence records is time-consuming and requires the application of standardized 

survey methods that result in higher costs (Burbidge, 1991) but are less prone to omission 

errors. On the other hand, a potential advantage in using presence-only data for conservation 

is the existence of extensive records available in museums and from volunteer field surveys 

(Tulloch et al., 2012) that can help reduce the data-acquisition cost significantly (Danielsen et 

al., 2009). However, omission errors in presence-only datasets might reduce the efficiency of 

conservation planning outcomes. Assessing these trade-offs could highlight the value of the 

important quantity of presence-only data already available and guide future investment in 

data collection (whether in presence-only or presence–absence data) and lead to better 

informed decisions for conservation. 

Sensitivity analyses can be used to evaluate the effect of using different types and quantities 

of data by testing the response of conservation planning outcomes to simulated or controlled 

manipulations of available datasets (e.g. by deleting some of the available records; Gaston & 

Rodrigues, 2003; Langford et al., 2009; Hermoso et al., 2013). Using this approach, previous 

studies have reported a decline in efficiency when deleting some of the available occurrence 

records (e.g. Freitag & Van Jaarsveld, 1998; Grand et al., 2007; De Ornellas et al., 2011) and 

recommended data acquisition as a general rule to reduce errors in planning outcomes (but 

see Gaston & Rodrigues, 2003; Hermoso et al., 2013). However, the sensitivity analyses in 

these studies were carried out by comparing the performance of conservation assessments 

(e.g. efficiency) only on subsets of the original point locality data available. This does not 

relate directly to the type of data usually used for conservation assessments, namely estimates 

of the complete spatial distribution of biodiversity (e.g. Loiselle et al., 2003; Vaughan & 

Ormerod, 2003; Wilson et al., 2005). Moreover, following the principle of complementarity 

(Kirkpatrick et al., 1983), a sensitivity analysis carried out on reduced sets of point locality 

data could lead to an overestimation of inefficiency. As fewer localities are made available 



for conservation planning, it becomes increasingly difficult to find sites that complement 

each other, and more of them will be necessary to represent all species. In order to provide a 

more robust evaluation of the value of presence-only records for conservation assessments, a 

more standardized sensitivity analysis is required where only the quality of the information 

associated with presence-only records is assessed. 

To overcome this problem, sensitivity analyses could be carried out on complete distributions 

of conservation features. Predictive models have been highlighted as the best approach to 

providing data on biodiversity distributions for conservation planning (Loiselle et al., 2003; 

Wilson et al., 2005; Rondinini et al., 2006). Estimates of habitat suitability derived from 

predictive models help overcome the inflated commission or omission errors associated with 

other methods, such as point locality data or estimates of geographical ranges (Rondinini et 

al., 2006; Bombi et al., 2011). Moreover, advances in predictive modelling techniques to 

enable the use of presence-only records (e.g. Phillips et al., 2006; Elith & Leathwick, 2007) 

have facilitated the use of this type of data for conservation planning (e.g. De Ornellas et al., 

2011; Rodrigues, 2011). 

We used a data-rich area in northern Australia as a case study to demonstrate the trade-offs 

associated with the use of different quantities of presence–absence and presence-only data in 

conservation planning. We compiled an extensive dataset containing presence–absence and 

presence-only records and used it to simulate the effect of using different types and quantities 

of data. We first modelled the spatial distribution of 80 freshwater fish species using the 

complete presence–absence dataset, and used it as the true distribution of each species 

representing the best available information (Grantham et al., 2009; Hermoso et al., 2013). We 

then used these predictions to assess the performance of alternative distribution maps 

obtained from predictive models built on different subsets of the database (subsampled from 



the complete dataset). Three different strategies were tested: (1) the use of increasing 

quantities of presence–absence data; (2) the use of increasing quantities of presence-only 

data; and (3) the use of increasing quantities of presence-only data to complement a sparse 

presence–absence dataset. The distributions maps produced from these different datasets 

were assumed to represent the information that a planner would have available if the area had 

not been extensively surveyed. We evaluated the performance of each distribution map for 

conservation planning with measures of commission and omission errors in conservation 

planning outcomes (sensu Rondinini et al., 2006), relative efficiency (the ratio of the number 

of planning units needed to achieve the conservation targets based on imperfect data/the 

actual number of planning units needed) and return on investment (the ratio of species 

representation/sampling cost). We conclude with a set of clear and transferable 

recommendations concerning the trade-offs involved in using data of varying quality and 

quantity for conservation planning. 

MATERIALS AND METHODS 

Study area and biological data 

The study area spanned northern Australia’s coastal river basins, from the Fitzroy River in 

the Kimberley region eastwards to the Jardine River in Cape York Peninsula. It encompassed 

a total area of about 1.19 million km2, about 15% of the Australian continental area. The 

region supports approximately 60% of Australia’s freshwater fish diversity (Pusey et al., 

2011). We compiled all the available sampling records for 107 freshwater fish species across 

the study area (Hermoso et al., 2013). This dataset contained records for more than 2328 

sampling records, including presence–absence data (30% of the records) and presence-only 

data (70% of the records). These records covered a wide range of environmental conditions in 



northern Australia and were the best available data for the area (see Appendix S1 in 

Supporting Information). For subsequent modelling purposes, we translated these sampling 

records into a network of predictive units. We delineated 11,508 subcatchments (on average 

102.7 km2) using ARC HYDRO (Maidment, 2002) for ARCGIS 9.3 (ESRI, 2002) from a 9-s 

digital elevation model (Geoscience Australia, 2011). We discarded from the dataset all 

species with less than five occurrences in the presence–absence dataset because of difficulties 

in modelling the distribution of these extremely rare species and the potential bias they would 

introduce to the analyses. Our final dataset comprised 80 freshwater fish species with an 

average frequency of occurrence in the presence–absence dataset of 106 subcatchments 

(range 5–581). The proportion of presence-only records varied across species, representing 

from none to up to 86% of the sampling records available (see Appendix S2). 

Predictive modelling of species distributions 

Nine ecologically relevant landscape-scale environmental variables were selected for use in 

the predictive models from a larger set of 38 candidate variables, and were derived from the 

National Environmental Stream Attributes database for rivers (for details see Geoscience 

Australia, 2011). We used principal components analysis (PCA) to select a set of nine non-

redundant (Pearson’s r < 0.25 in all cases) environmental attributes that explained a high 

proportion of the environmental variability in the data (see Appendix S3). 

We used multivariate adaptive regression splines (MARS; Leathwick et al., 2005) to model 

the spatial occurrence of the 80 fish species with more than five occurrences in the presence–

absence dataset. The model was built on the entire presence–absence dataset (hereafter 

referred to as the true model). Model performance was evaluated using two complementary 

approaches: deviance explained and the area under the receiver operating characteristic 

(ROC) curve (AUC) (Fielding & Bell, 1997). The AUC was assessed with a k-fold cross-



validation procedure (Hastie et al., 2001). With this process, the dataset is randomly divided 

into 10 exclusive subsets and model performance is calculated by successively removing each 

subset, refitting the model with the remaining data and predicting the omitted data. Deviance 

complements AUC because it expresses the magnitude of the deviations of the fitted values 

from the observations. 

The model was then used to predict the probability of occurrence of each species in all of the 

unsurveyed areas (all within the range of the environmental conditions covered in the dataset 

used to build the models). Probabilities of occurrence were transformed into presence–

absence data for subsequent analyses using the optimal threshold obtained from the ‘cost’ 

method in the ‘PresenceAbsence’ package in R (Freeman, 2007) as recommended by Benito 

et al. (2013). Given that these predictions were made with the best and most accurate dataset 

available, we treated them as our true species distributions for subsequent analyses (for a 

similar approach see Grantham et al., 2009; Langford et al., 2009; Hermoso et al., 2013). 

Simulation of presence-only and presence–absence data acquisition 

In order to test the effect of using different types (presence–absence and presence-only) and 

quantities of data for conservation planning, we built predictive models on different subsets 

of the data available, including presence–absence, presence-only and mixed datasets 

(presence–absence and presence-only; Fig. 1). Both presence–absence and presence-only 

models included two subsets of data, with a sparse (250 records) and large (500 records) 

quantity of data, respectively. The records for the sparse models were selected randomly from 

the whole dataset. Records for the large models were selected randomly from the remaining 

pool of records and added to the sparse dataset, so they reflected the addition of 250 extra 

sampling records to the existing sparse datasets. These models were used to evaluate the 

benefit of acquiring presence–absence versus presence-only data for conservation planning. 



We also built four additional mixed models (mixed 1–4) with increasing quantities of 

presence-only data (150, 300, 600 and 1200 presence-only records for mixed 1, 2, 3 and 4, 

respectively) but a constant quantity of presence–absence data (250 records). Presence-only 

records for mixed models were selected randomly and added progressively to the initial 

sparse presence–absence models (Fig. 1). These mixed models were used to evaluate the 

suitability of investing in presence-only data acquisition to complement already existing 

sparse presence–absence datasets. Each of the eight datasets was used as if no additional data 

were available, so we followed the same procedure as detailed above for evaluating model 

performance (no additional data from the remaining sets were used). We used the same set of 

environmental predictors across all models (the same set of variables used for constructing 

the true model; see Appendix S3) and applied the same minimum threshold of five 

occurrences for a species to be included in the predictive model built for each dataset. Given 

that some of the models were built on just presence-only data, we also carried out an external 

validation to confirm the quality of these models by using an independent set of 219 

presence–absence records (the remaining data not used for any of the models apart from the 

true model). 

Identification of conservation priority areas using different data-

availability scenarios 

We used the predictions from each of the eight models as surrogates of biodiversity patterns 

to identify priority areas for conservation using the spatial prioritization software MARXAN 

(Ball et al., 2009). Our aim was to find an optimal set of planning units to represent 25% of 

each species’ true distribution at the minimum cost. MARXAN uses simulated annealing, an 

optimization algorithm, to minimize an objective function that includes the cost of 

subcatchments (our units of planning) in the solution and penalties for not achieving the 



conservation target for all the species. Our goal was not to design a reserve network suitable 

for implementation of on-the-ground conservation, but to examine the effects of data type and 

quantity on the characteristics of hypothetical priority area networks. Given our special 

interest in evaluating the effect of using different types and quantities of data, we used a 

constant cost for each planning unit, so our objective translated into finding the minimum set 

of planning units to achieve the conservation targets (Hermoso & Kennard, 2012). We ran an 

independent conservation planning scenario for each predictive model output and retained 

100 solutions obtained after 2.5 million iterations each for further analyses. 

Commission and omission errors in conservation planning outcomes 

We measured the commission error rate in conservation planning outcomes (when a species 

is erroneously thought to be present within a conservation priority area) and omission error 

rate (when a species is erroneously thought to be absent from a conservation priority area) by 

comparing the expected and observed representation achieved for each species (note that the 

use of commission and omission error rates here refers to errors in conservation planning 

outcomes rather than errors in predictions, as is usually the case with predictive modelling 

approaches). We did this for each of the eight scenarios × 100 solutions obtained from 

MARXAN. The expected representation was measured as the number of occurrences within 

solutions according to the surrogate data used in the conservation prioritization process (each 

of the eight different predictive models). This was treated as the expected representation 

because it indicated the potential representation that would be achieved if the predictions 

used had no associated errors. The observed representation was measured as the number of 

occurrences within solutions according to the true spatial distribution (i.e. based on the true 

model using the entire presence–absence dataset; Fig. 1). We then measured the rate of 

commission and omission errors in conservation planning outcomes as the proportion of 



expected representation that was not actually achieved [error = (expected representation –

 observed representation)/expected representation]. Whenever the expected and observed 

representations were similar, the error obtained was close to 0, indicating a low commission 

or omission error. However, when the expected representation was significantly higher or 

lower than the observed representation, the error value departed from 0 and was negative or 

positive, indicating commission and omission errors, respectively (Hermoso et al., 2013). 

Commission and omission errors were calculated independently for each species. 

Relative efficiency and return on data-acquisition investment 

We measured the relative efficiency of solutions under alternative data-availability scenarios 

by comparing the number of planning units required for each model to achieve targets against 

the number of planning units required when using the best available data (the true model). 

We ran an independent optimization exercise using the true spatial distribution and then 

compared the average number of planning units required to achieve the same target across 

100 solutions against the eight previous scenarios [relative efficiency = (PUtrue –

 PUsceanrio)/PUtrue], where PUtrue and PUscenario are the average number of planning units across 

100 solutions under the true distribution and each of the different data-availability scenarios, 

respectively. Negative values of this index of relative efficiency indicated inefficient 

solutions, as a higher number of planning units than actually needed was selected. Positive 

values indicated high efficiency, as the conservation targets could be achieved with less 

planning units than using the true distribution. 

We estimated the investment necessary to assemble each dataset assuming a constant survey 

cost per site that only varied between presence–absence and presence-only data. Other 

approaches, for example accounting for distance between sampling sites, have been used to 

make more accurate estimates of biological surveys (e.g. Wessels et al., 1998). However, 



given that travelling distances were not considered here when selecting new sampling records 

(they were added randomly), we assumed a constant cost of $1500 and $500 per site for 

presence–absence and presence-only data, respectively. This reflected the relative survey 

effort required to characterize presence–absence versus presence-only data adequately. The 

return on a given investment for each subset of data was assessed as the average ratio across 

species between the observed representation and the cost of survey. 

RESULTS 

Predictive model performance 

On average, the predictive models showed a high performance, with AUC > 0.75 and 

deviance explained > 0.3, even for the sparse data models (Fig. 2a,b). Data acquisition 

(independent of the type of data used) resulted in improved model accuracy. These results 

were confirmed with the external validation, as there was < 5% difference in AUCs obtained 

from the independent presence–absence dataset for all models. 

Commission and omission errors in conservation planning solutions 

The use of exclusively presence-only data for conservation planning resulted in high 

omission errors that could be up to three times the omission error rate obtained when using 

only presence–absence data (Fig. 3a). These errors could be reduced by combining the 

presence-only data with presence–absence data, although a large quantity of presence-only 

records was required to achieve similar values of omission error rates to the solutions 

obtained from presence–absence data (Fig. 3a). Commission errors were up to 50% higher 

when using sparse presence–absence and presence-only data independently of the quantity of 

data available (Fig. 3b). 



Effectiveness and relative efficiency of conservation planning solutions 

None of the alternative species distribution scenarios resulted in 100% effective conservation 

planning solutions (e.g. the observed representation of all species was enough to achieve the 

target). Note that MARXAN always achieved the target with the data provided, but given the 

errors in predictions some of the expected representation was not true and this translated into 

loss of effectiveness. Effectiveness ranged from 69% for the sparse presence-only scenario to 

more than 85% of species for the large presence-only, large presence–absence and mixed 1 

scenarios (85%, 88% and 88%, respectively; Fig. 4a). 

None of the scenarios tested produced solutions more efficient than the ones derived from the 

true distribution model, reflecting the implications of errors in the spatial distribution of 

species. The use of presence-only data resulted in a drastic reduction of efficiency, as up to 

35% more planning units were needed to achieve the targets for the large presence-only 

scenario. The large presence–absence dataset showed the best efficiency of all the data-

availability scenarios tested (Fig. 4b). 

Cost and return on investment of data acquisition for conservation 

planning 

The return on investment of data acquisition for conservation planning declined drastically 

with data addition, independently of the type of data added (Fig. 5b). Given the low cost of 

acquiring presence-only datasets (Fig. 5a), investing in sparse presence-only data resulted in 

returns three times higher than using sparse presence–absence data. The investment in 

presence–absence data produced higher returns than presence-only data only when large 

quantities of presence-only data were combined with the sparse presence–absence data 

(mixed 4; Fig. 5b). Investing in a large presence–absence dataset showed similar costs and 



returns as investing in the mixed 3 scenario (sparse presence–absence data and a large 

quantity of presence-only data). However, the mixed 3 scenario resulted in priority areas that 

were 6% less effective and 5% less efficient than the large presence-absence scenario. 

DISCUSSION 

The results demonstrate clear trade-offs in using data of variable quality and quantity for 

predictive modelling and conservation planning. The use of presence-only data allows the 

identification of priority areas for conservation at a relatively lower acquisition cost given the 

large quantity of information already available in public databases, etc. However, we have 

shown that combining presence-only data with at least some presence–absence data is needed 

to help reduce commission and omission errors in conservation planning outcomes. 

Moreover, there was a significant reduction in efficiency when using exclusively presence-

only data, as more areas were required to achieve conservation targets. For this reason we 

recommend using presence-only data cautiously if this is the only source of data available, 

and complementing it with presence–absence data whenever possible. 

Predictive models built on presence–absence data have performed better than models built on 

just presence-only data (e.g. Hirzel et al., 2001; Brotons et al., 2004). However, recent 

advances in predictive modelling techniques have made it possible to use presence-only 

records to derive reasonably accurate estimates of species distributions (Phillips et al., 2006). 

This is the case with the MARS models used in this study, which have been shown to 

outperform other traditional methods (Elith et al., 2006) and to be suitable for modelling 

species distributions when only presence data are available (Elith & Leathwick, 2007). 

Moreover, multispecies models like MARS help to overcome the traditional problem faced 

by ecologists and modellers attempting to model rare species (species with very few records; 

see Boitani et al., 2011) and circumvent the usual issue with selecting pseudo-absences or 



background data where species are assumed to be absent (Elith & Leathwick, 2007). We have 

shown that predictive models built on just presence-only data or in combination with 

presence–absence data can be significantly better than random models and are not 

significantly worse than models built on presence–absence data (see also MacLeod et al., 

2008). The performance of presence-only models in this study was similar to that reported for 

presence–absence MARS models in previous studies (e.g. Leathwick et al., 2005; Hermoso et 

al., 2011). Data acquisition proved to be beneficial in terms of increased modelling 

performance, measured by the AUC and the deviance explained independent of the type of 

data used. Given that no true absence data were available for some models, predictive models 

validated on presence-only data were tested for their ability to predict presences correctly, 

which could indicate potential commission errors (a high AUC could indicate low 

commission errors) but not absences (Phillips et al., 2006; Elith & Leathwick, 2007). There 

was no significant difference between the internal cross-validation performed on the data 

available for each model and the external validation carried out on the independent presence–

absence dataset. Thus the original estimates of modelling performance could be taken as 

indicators of suitability for predictions for conservation planning. However, the apparent 

benefit of data acquisition for modelling performance was not coupled with improvements in 

conservation planning outcomes. We agree with Lobo et al. (2008) and Jiménez-Valverde 

(2012) about the shortcomings of traditional measures of modelling performance such as 

AUC and deviance, and also argue that they do not provide appropriate indicators of model 

suitability for conservation applications. 

Commission and omission errors can compromise conservation efforts from different 

perspectives: a lack of effectiveness (inflated commission errors) and a lack of economic 

viability, respectively. Loiselle et al. (2003) and Rodrigues (2011) suggested that minimizing 

commission errors is more important than omission errors to ensure the adequacy of 



conservation plans. Commission errors are particularly hazardous in conservation given that 

species might be erroneously thought to be protected. We expect that the use of presence-

only data could help reduce commission errors in conservation planning outcomes as more 

information on confirmed presences could be incorporated in the planning process. However, 

the lack of certainty on absences might incur a high risk of omission errors, given that the 

species could be erroneously thought to be absent from an area. Omission errors lead to loss 

in efficiency, given that more areas than actually needed are selected to achieve the 

conservation targets (Rondinini et al., 2006), undermining the potential viability of the 

conservation plan. Our results align with this logic, as the use of just presence-only data 

resulted in high rates of omission errors and helped reduce commission errors, although only 

moderately. Given the inflated omission errors produced from predictive models based on 

large presence-only datasets, we recommend cautious use and interpretation of conservation 

plans derived from just presence-only data. We have demonstrated that these errors can be 

significantly reduced by combining the presence-only data with at least some presence–

absence data, or by using presence–absence data alone if only sparse data are available. This 

highlights the value of even relatively small datasets for conservation planning (Gaston & 

Rodrigues, 2003; Grantham et al., 2009; Hermoso et al., 2013) and shows that a small 

investment in collecting presence–absence data, which could be used to complement existing 

presence-only datasets, might be enough to enhance the reliability of conservation planning 

outcomes. 

Although none of the predictive scenarios produced conservation plans as efficient as the one 

based on the true model, the loss in efficiency was especially marked when using a large 

quantity of presence-only data, and efficiency was only close to the true model when using a 

large quantity of presence–absence data. On the other hand, the use of a large quantity of 

presence-only data resulted in highly effective solutions similar to that obtained with the use 



of large quantity of presence–absence data. This result highlights a trade-off between 

effectiveness and efficiency similar to the trade-offs reported in previous studies (Rodrigues 

et al., 2000; Wilson et al., 2005). In general, an improvement in effectiveness (less risk-prone 

solutions) is usually achieved at the expense of efficiency (e.g. larger areas are needed to 

make sure all the species are adequately protected). Interestingly, in our case this was only 

true with the use of presence-only data, as solutions obtained from presence–absence data 

were both effective and efficient. This again emphasizes the main limitation related to the use 

of presence-only data for conservation: the use of accurate information on presence is a safe 

option in terms of species representation (effectiveness), while the lack of information on 

absence affects efficiency, consequently undermining the conservation plan’s viability. 

There are additional trade-offs between effectiveness and efficiency once the cost of 

acquisition of different types of data is considered. Data acquisition was generally a good 

option in terms of increasing effectiveness (more species achieved the true target as more 

data on their spatial distribution became available) but did not always increase efficiency 

because it depended on the type of data acquired. For example, the same effectiveness was 

achieved when using the large datasets for both types of data (presence–absence and 

presence-only). However, the investment required to achieve the same effectiveness would be 

2.7 times higher if using presence–absence data instead of presence-only data. On the other 

hand, the cheaper investment in presence-only data resulted in conservation plans that were 

3.4 times less efficient than using presence–absence data. So, investing in acquisition of 

presence-only data would lead to enhanced effectiveness of conservation recommendations 

only if enough resources were available to facilitate the implementation of less efficient 

plans. This is unlikely to happen given the usually limited resources available for the 

implementation of conservation action on the ground (Knight et al., 2007). We recommend 

avoiding this economically risky strategy because it could undermine the viability of the 



conservation plan. Instead of ‘shopping’ for cheap data that could have negative 

consequences on the economic viability of the conservation action, we recommend enhancing 

efficiency by acquiring presence–absence data. However, we know that the quantity of 

presence–absence data that can be collected is constrained by limited budgets as well, while 

large datasets on presence-only data are already available or can be acquired at a lower cost. 

Therefore, we believe that an optimal strategy for enhancing both effectiveness and 

efficiency of conservation plans within budgetary constraints would be to combine cheap 

presence-only data with some more expensive but reliable presence–absence data. 

Finally, there was a diminishing return on investment in data acquisition (similar to Grantham 

et al., 2008; Hermoso et al., 2014). The average species representation (effectiveness) for 

each dollar spent in data collection declined with increasing quantities of data collected, 

independent of the type of data (presence only versus presence–absence). For this reason, we 

recommend planning the investment in data acquisition carefully (e.g. prioritizing the 

collection of data necessary to reduce a spatial or taxonomic bias). Given the value of 

reduced datasets for conservation, the resources that could be spent in data acquisition might 

be better directed towards other actions, such as implementation of on-the-ground 

management or acquisition of data on other factors involved in decision-making, such as 

monitoring programmes for population trends, occurrence and intensity of threats or 

conservation costs. This would enhance the success of conservation practice, especially in 

areas where biodiversity is under pressure from increasing threats (Grantham et al., 2009). 
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FIGURE CAPTIONS 

Figure 1 A flow diagram of the analyses carried out to assess the risks and opportunities of 

presence-only data for conservation planning. MARS, multivariate adaptive regression 

splines, for 80 freshwater fish species in northern Australia. 

Figure 2 Indicators of modelling performance for 80 freshwater fish species in northern 

Australia, (a) area under the receiver operating characteristic curve (AUC) and (b) 

proportion of deviance explained, for different data-availability scenarios for an 

assessment of the risks and opportunities of presence-only data for conservation planning. 

Figure 3 Measures of (a) omission and (b) commission error rates (average ± SE across all 

species modelled) for conservation planning solutions using different data-availability 

scenarios for 80 freshwater fish species in northern Australia. 

Figure 4 The (a) effectiveness (the proportion of species that actually achieve the target, 

from a set of 80 freshwater fish species) and (b) relative efficiency (the ratio between the 

number of planning units required to achieve targets under different data-availability 

constraints and the number of planning units required when using the best available data) 

of conservation planning solutions (average ± SE across all species modelled) for different 

data-availability scenarios in northern Australia. PU, planning units. 

Figure 5 Measures of (a) data acquisition (number of sites × average cost/site) and (b) the 

return on the investment (species representation/cost of data acquisition) in data 

acquisition for conservation planning using different data-availability scenarios 

(average ± SE across all species modelled) in northern Australia. AU$, Australian dollars. 
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