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 2 

Abstract 26 

Networks of citizen scientists (CS) have the potential to observe biodiversity 27 

and species distributions at global scales.  Yet the adoption of such datasets 28 

in conservation science may be hindered by a perception that the data are of 29 

low quality.  This perception likely stems from the propensity of data 30 

generated by CS to contain greater levels of variability (e.g., measurement 31 

error) or bias (e.g., spatio-temporal clustering) in comparison to data collected 32 

by scientists or instruments.  Modern analytical approaches can account for 33 

many types of error and bias typical of CS datasets.  It is now possible to (1) 34 

describe how the sampling process influences the overall variability in 35 

response data using mixed-effects modeling, (2) integrate data to explicitly 36 

model the sampling process and account for bias using a hierarchical 37 

modeling framework, and (3) examine the relative influence of many different 38 

or related explanatory factors using machine learning tools.  Information from 39 

these modeling approaches can further be incorporated into predictions of 40 

species distributions and estimates of biodiversity.  By detailing how CS data 41 

are generated, patterns can be discerned from complex datasets that are 42 

unevenly distributed and collected by many observers with varying skill levels.  43 

Even so, gaining the full potential from even the best designed CS projects 44 

requires meta-data describing the sampling process, reference data to allow 45 

for standardization, and insightful modeling suitable to the type of response 46 

data of interest. 47 

 48 

 49 

 50 
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1. Introduction 51 

Evaluating the conservation implications of human activity on the distribution 52 

and diversity of Earth’s biota requires datasets of ambitious proportions where 53 

effort is shared over hundreds, or even thousands of individuals (Silvertown, 54 

2009).  In recent decades, volunteers, often labeled as ‘citizen scientists’, 55 

have been central to the collection of broad-scale databases, allowing the 56 

scientific community to address questions that would otherwise be logistically 57 

or financially infeasible for even the most dedicated scientific team (Dickinson 58 

et al., 2010).  Consequently, volunteer networks are a practical way to answer 59 

conservation-related questions on the broad temporal and spatial scales that 60 

are relevant to humanity.  As proof of this concept, long-running volunteer 61 

monitoring programs have generated thousands of peer-reviewed papers 62 

(Sullivan et al., 2009) and can thus offer models for the development of similar 63 

programs in novel systems or taxa (Bonney et al., 2009).   64 

 65 

As well as providing a cost-effective means of addressing large-scale 66 

questions in ecology (Gardiner 2012), involving citizens in the collection of 67 

data has a number of benefits to conservation-related projects.  Being 68 

inclusive and engage large numbers of people, CS projects can promote 69 

publicity and discourse on conservation issues (Trumbull, 2001), as well as 70 

providing people with the opportunity to take an active role in fostering 71 

positive environmental change (Crall et al 2012).  As well, CS projects can 72 

often afford to be more exploratory than more regimented monitoring 73 

programs.  Consequently CS projects such as Jellywatch and RedMap 74 

(www.redmap.org) can include efforts to monitor rare events cannot be 75 

http://www.redmap.org/
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reliably observed through regular sampling.  Given these advantages, the 76 

capacity to address global-scale conservation may well rest in the realm of 77 

citizen science (Silvertown, 2009). 78 

 79 

In spite of the proven success and potential for applications of citizen-80 

collected data to pressing global issues, there has been intense debate over 81 

the utility of such data in a scientific framework.  Detractors suggest that 82 

involving large numbers of individuals with varying skill and commitment will 83 

lead to decreased precision in measurements such as in the identification or 84 

counting of species.  As well, significant sources of bias such as under-85 

detection of species or the non-random distribution of effort may be present in 86 

the data (Crall et al., 2010). Such concerns have motivated CS projects to 87 

maximize the quality of data collected through improved sampling protocols 88 

(Edgar and Stuart-Smith, 2009), database management (Crall et al., 2010), 89 

and filtering or subsampling data to deal with error and uneven effort (Wiggins 90 

and Crowston 2011; Wiggins et al., 2011).  However, in many broadly 91 

distributed databases it may be impossible to implement rigid protocols or to 92 

eliminate all sources of error and bias.  Thus, most global CS data sets will 93 

likely violate many of the assumptions required in simple statistical analyses. 94 

 95 

Fortunately, the issues of error and bias that are often present in CS data are 96 

not unique or insurmountable; analogous problems exist in datasets across a 97 

wide variety of disciplines and are successfully addressed using a suite of 98 

analytical approaches.  In many cases, CS databases resemble the data 99 

collected for meta-analytical and landscape ecology studies where methods 100 
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for accurately estimating and incorporating within-study or within-observer 101 

variability are a key feature of inference (Hedges et al., 2010).  For complex 102 

datasets, machine learning approaches are available that can accurately 103 

examine the relative importance of large numbers of predictive variables in 104 

explaining the response data (Olden et al., 2008) (FINK AND HOCHACHKA 105 

2012).  Moreover, custom hierarchical analyses can recognize and account 106 

for the variable and clustered nature of CS data (Hochachka et al, 2012). 107 

 108 

Here, our overall objective is to promote the use of CS data in conservation 109 

ecology and policy by highlighting how issues of data quality can be 110 

addressed using a suite of relatively new statistical tools.  To meet this 111 

objective, we split the manuscript into three parts.  Using examples from the 112 

literature, we first describe the main data quality issues present in CS data 113 

and how these issues can be quantified using meta-data that describes key 114 

aspects of the sampling process.  Second, based on a broad overview of 115 

literature in statistical ecology we describe a number of modeling approaches 116 

available for use with CS data.  Third, we consider how to address specific 117 

issues of error and bias using appropriate statistical approaches and meta-118 

data.  Our perspective is that CS data has the potential to describe global 119 

patterns in biodiversity and the mechanisms driving change in ecosystems, 120 

communities and species.  The inferential capacity to do so rests on the 121 

continued development and use of modeling approaches to identify and 122 

correct for data quality issues. 123 

 124 

2. Contextualizing the quality issues present in citizen science data 125 
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Most CS projects recognize the potential issues of error and bias present 126 

when using large numbers of volunteers to collect data, and many implement 127 

volunteer training, data standardization, validation and filtering procedures to 128 

remove potential sources of error and bias before, during or after the data are 129 

collected (Wiggins et al. 2011b, Bonter and Cooper 2012).  Nevertheless, in 130 

spite of excellent data quality procedures three primary quality issues may still 131 

remain.  First, CS data may have little information about the scale or 132 

magnitude of the effect observed.  Second, CS data may still be prone to 133 

greater variability, or error, due to differences in the skills, dedication, and 134 

training of volunteer participants.  Third, CS data may contain persistent bias.  135 

To address these quality issues, it is necessary to carefully consider the type 136 

of response data and how potential sources of error and bias might have been 137 

introduced during sampling. 138 

 139 

2.1. Types of Response Data  140 

Central to the design of CS studies is the consideration of what kind of data to 141 

collect, as this choice constrains the types of change in communities or 142 

species that can be observed over space and time.  Inherent in the selection 143 

of the type and scope of data collected is a tradeoff between the amount of 144 

information contained in each data point and the effort required to collect it.  145 

For applications of CS data to conservation-related issues, inference is 146 

generally focused on describing changes in the locations and abundance of 147 

species, populations, and their associated habitats.  Thus, response data in 148 

CS studies generally fall into the categories of presence, presence-absence, 149 

or some measure of quantity (such as abundance, percent cover or biomass), 150 
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all recorded over time and space.  The relative utility of different data types for 151 

detecting change relates to the amount of information each contains about the 152 

scale of the observered response. 153 

 154 

While the easiest type of data to collect, presence-only data raise difficulties in 155 

subsequent analyses, as it can be difficult to discern the relative importance of 156 

individual data points without some idea of the scale each point represents 157 

(Pearce and Boyce 2006).  For example,  a presence-only observation may 158 

be the result of a brief survey effort or the outcome of a years-long search.  159 

Without some information about the sampling effort represented by each data 160 

point, both have the same functional relevance.  By contrast, presence-161 

absence (or occupancy) data provide information on the spatial and/or 162 

temporal distribution of a species, allowing for comparison of a species’ 163 

occupancy status between different areas or times.  Similarly, abundance (or 164 

other measures of quantity) data are required to detect changes in the true 165 

size of a population, which are not reflected in presence-absence data. 166 

 167 

The collection of more complex data places greater demands on volunteers 168 

(Table 1).  For example, presence-only data, such as georeferenced reports 169 

of species or phenomena (Sullivan et al., 2009) are relatively easy to collect 170 

and submit.  By contrast, in the case of presence-absence data, volunteers 171 

must be able to accurately quantify their search effort in time or space, on top 172 

of accurately reporting a species or event.  Quantifying search effort can 173 

range from searching for a defined time in one location to searching within 174 

transects or quadrats (Edgar and Stuart-Smith 2009), but must remain 175 
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consistent between samples.  With count or percent cover data, there is the 176 

additional assumption that volunteers can correctly and exhaustively count or 177 

measure a species over the entire sampling area.  Depending on the 178 

circumstances of the study (such as location, timing, and the species of 179 

interest), estimating quantity can require extensive training to execute 180 

properly (Edgar and Stuart-Smith 2009). 181 

 182 

The increased focus on training when collecting more complicated datasets 183 

means greater effort is required to gain similar coverage as could be achieved 184 

using a simpler sampling scheme; in general, it is easier to recruit, train and 185 

retain volunteers to perform tasks requiring less effort.  In addition, increasing 186 

the complexity of tasks required by volunteers leads to greater opportunity for 187 

observation error.  This tradeoff has two implications for survey design.  First, 188 

researchers considering the scope of inference for their study should be 189 

aware of how the data type they collect will influence the kinds of questions 190 

they can ask, what statistical tools will be available to do so, and what 191 

additional information should be collected with each response data point for 192 

analyses (Wiggins et al., 2011, Wiggins and Crowston, 2011). 193 

 194 

2.2. Random Error in Citizen Science Datasets 195 

Where error in data influences the variability of the response, but not the 196 

mean, it is referred to as random error.  In the context of CS data, random 197 

error is often introduced when observers differ in their ability to detect, identify 198 

and quantify species or events.  Mistakes can be introduced directly in the 199 

observation process, through measuring and recording covariate data (such 200 
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as associated environmental data), or through variable execution of sampling 201 

protocols.  Left unexplained, random error may obscure detection of process-202 

related trends in the response data. 203 

 204 

Accounting for sources of random error requires meta-data to provide 205 

additional context for each data point, helping to distinguish variability due to 206 

the sampling process from the process of interest.  As a start, each 207 

observation should be attributed an observer identifier.  This identifier can 208 

then be used to relate metrics such as observer training, frequency of 209 

involvement or outside experience to the response data and consequently 210 

quantify the overall effectiveness of a particular observer (Snäll et al., 2011).  211 

Measures of the effort spent in each survey are also useful for standardizing 212 

count data by the amount of time searched (Bray and Schram, 2001, Maunder 213 

and Punt, 2004). Additionally, environmental conditions can have significant 214 

impacts on the success of sampling, particularly for inexperienced volunteers.  215 

For instance, in SCUBA surveys, maintaining buoyancy and focus on the task 216 

at hand in conditions of high swell is challenging for even expert divers (Edgar 217 

and Stuart-Smith, 2009).  Thus, recording meta-data on any factors that are 218 

likely to influence the effectiveness of surveys can underpin successful 219 

analyses. 220 

 221 

2.3. Bias 222 

Bias refers to the tendency of some measurements to provide inaccurate 223 

estimates of the process being measured.  Here we define two kinds: 224 

systematic bias and sampling bias.   225 
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 226 

Systematic bias occurs when repeated measures of the same process are 227 

likely to provide systematic over or under-estimates of the true value. False 228 

absences in presence-absence data (i.e., incorrectly stating that a species 229 

was absent in a sample when it was actually present) and species 230 

misidentification are an example of bias particularly common with CS data, 231 

due to the skill and expertise required to observe and identify cryptic species 232 

(Royle 2007).  Such errors can lead to under-estimates of the area occupied 233 

by a species (Farmer et al., 2012).  Another example occurs in underwater 234 

dive surveys in which individuals are asked to estimate the size of objects by 235 

sight alone, as the physical properties of light passing through the air/water of 236 

a diver’s mask results in viewed objects appearing 25% larger (Jeffreys, 237 

2010).  If measurement bias is consistent across all aspects of a study, then it 238 

can be relatively easy to deal with using corrective formulae.  However, when 239 

measurement bias varies unpredictably between samples, it can be 240 

impossible to extricate from the process of interest.  Accounting for 241 

measurement bias in CS data requires a way to describe how this difference 242 

between a measured response and its true value varies across samples. This 243 

usually requires either a sampling design that can account for this bias, 244 

calibration samples, or otherwise into the data collection design (see Section 245 

3.3; Hierarchical models).   246 

 247 

Sampling bias occurs when some aspects of the underlying distribution are 248 

more likely to be sampled than others.  Thus, aspects of the underlying 249 

distribution that are overrepresented in sampling will dominate apparent 250 
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trends. One common source of bias is observer-level variability in sampling.  251 

On average, the mean value of a measurement made by observers may be 252 

centered on the true value – the “Wisdom of the Crowd” effect is a good 253 

example of this (Arlington and Krause, 2013).  However, if some observers 254 

are more prolific in their observations and their observations are 255 

systematically over-or underestimates, then their observations will bias the 256 

overall estimate.  Commonly, uneven sampling of a process that is auto-257 

correlated in space or time (i.e., closely spaced observations are more alike 258 

than more distant observations) can introduce bias, as eventual 259 

understanding of the underlying process is dominated by information from the 260 

clustered areas (Boakes et al., 2010).  For example bird surveys are often 261 

clumped near areas that are more accessible, which may in turn be 262 

associated with habitats preferable to certain species (Lawler and O’Connor, 263 

2004; Tulloch et al., 2012).  Volunteer effort may also be temporally restricted 264 

due to seasonal windows or variability in volunteer availability making it 265 

difficult to distinguish seasonal patterns from those created by overall 266 

volunteer effort (Seys et al. 2002; Ahrends, 2012).  267 

 268 

3. Modeling approaches 269 

The development of modern statistical tools presents options for accounting 270 

for many types of error and biases.  Here, we describe a variety of such 271 

techniques that may be particularly relevant to citizen science data.  272 

Supplementary Table 2 provides examples of freely available statistical 273 

packages for the open-source program R (R Development Core Team 2012). 274 

 275 
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3.1. Linear and Generalized Linear Models 276 

Linear models describe the relationship between the response data and a 277 

series of predictors (such as covariates or meta-data) as an additive 278 

combination of linear relationships (Zuur, 2007).  For many linear models, the 279 

response data are assumed to be normally distributed, and could include 280 

factors such as site-level biodiversity or species range sizes.  In linear 281 

models, the predictor variables are assumed to directly influence the response 282 

data and are called fixed-effects.  The strengths of relationships between the 283 

fixed effects and response the response data are estimated by model 284 

parameters.  Additive models extend linear models by allowing non-linear 285 

relationships between predictors and response data through the use of 286 

smoothing functions with multiple parameters (Hastie and Tibshirani, 1990).  287 

Note that an additive model with only one parameter for each predictor is a 288 

linear model.  289 

 290 

Basic linear models assume that the response data follow a normal 291 

distribution, which may render them unsuitable for many kinds of CS data as 292 

counts of species, percentages or data with a large proportion of zeros often 293 

do not fit a standard normal distribution. Generalized linear and additive 294 

models (GLMs and GAMs), further extend linear and additive models to allow 295 

for other kinds of distributions.  Both GLMs and GAMs can be based on the 296 

Poisson or negative binomial distribution for count data, or the logistic 297 

regression for binary data (Zuur, 2007).  Additionally, zero-inflated linear of 298 

additive models can be useful for analyzing CS data, which can contain many 299 

zeros (Zuur 2007, Liu and Chan 2010).  However, linear and additive models 300 
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are generally not suitable for presence-only data, unless pseudo-absences 301 

are generated, an important consideration for the context of citizen-generated 302 

data. 303 

 304 

3.2. Mixed-effects models  305 

Mixed-effects models include fixed effects with ‘random-effects’ that estimate 306 

the influence of predictors (often groups) that increase variability in the data 307 

but do not affect the mean response. As an example, one might expect 308 

observers to have differing sampling efficiencies, so we could include 309 

observer identifier as a random effect to account for this source of variation 310 

before estimating the effects of other predictors in the model (Zuur, 2009).  In 311 

this case, the mean influence (positive or negative) of each observer on the 312 

overall mean is estimated and given a parameter.  Random-effects can be 313 

included in linear or additive models, resulting in Generalized linear (or 314 

additive) mixed models, which are now widely applied in ecology (Bolker et 315 

al., 2009). 316 

 317 

3.3. Hierarchical models 318 

Hierarchical models allow for the parameters describing relationships between 319 

predictors and response data to themselves be described by linear (or other) 320 

models (Royle and Dorazio, 2008).  In this way, mixed-effects models are 321 

hierarchical models where the effect of all observers on the mean response is 322 

normally distributed around zero. Hierarchical models are frequently used in 323 

ecology to separately describe observation process (i.e. how the response 324 

data were generated) and the underlying process of interest.  For example, 325 
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when surveying for cryptic species, the number of individuals observed is 326 

often an under-estimate of the true number that were present (Royle, 2006).  327 

A hierarchical model for this situation would assume that the observations 328 

were the outcome of a random process that depended on the probability of an 329 

observer sighting the species and whether or not the species was present in 330 

the site.  The true presence (given the number of samples that were likely 331 

miscounted) would then be modeled as a function of environmental covariates 332 

(MacKenzie, 2006).  Hierarchical models are increasingly popular in 333 

ecological analyses, and books covering the topic have been published 334 

recently, from frequentist (Clark, 2007) and Bayesian perspectives (Royle and 335 

Dorazio, 2008).  336 

 337 

3.4. Machine Learning 338 

Machine learning approaches use computer algorithms to learn about the 339 

most likely relationship between predictors and response data on the basis of 340 

simple rules about how the response data should be divided in relation to the 341 

predictors (Olden, 2008).  These approaches thus provide an indicator of how 342 

important each predictor is in determining the response data.  Unlike linear 343 

and additive modeling approaches, machine learning tools do not assume a 344 

particular distribution for the response data, and applications for presence-345 

only, presence-absence, abundance and other data types are available (Elith 346 

et al., 2008).   As well, many machine learning approaches do not assume 347 

that the relationships between responses and predictors are linear (or even 348 

smooth).  Finally, with machine learning it is possible to estimate the influence 349 

of large numbers of predictor variables, which can sometimes make it easier 350 
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to unravel relationships in complex ecological data.  Approaches that have 351 

been applied in an ecological setting include classification and regression 352 

trees (CART, De’ath, 2000), boosted regression trees (BRT, Elith et al., 353 

2008), random forests (Cutler et al., 2007), artificial neural networks, and 354 

genetic algorithms (Olden et al., 2008). 355 

 356 

3.5. Estimating Biodiversity 357 

Biodiversity indices provide a means of describing the relative amount of 358 

species diversity within ecological communities.  Numerous indices are 359 

available ranging from species richness, (the number of species in a site), to 360 

more complicated indices incorporating information on species’ relative 361 

abundances (e.g., Shannon or Simpson), functional traits or phylogenetic 362 

relationships (e.g., Swenson., 2011).  Depending on the data availability and 363 

the study design, biodiversity indices can be treated as either response data 364 

(e.g. Ahrends et al., 2011) or as a parameter that is estimated as the outcome 365 

of a hierarchical model (Kery et al. 2010a). 366 

 367 

3.6. Species Distribution Models 368 

Species distribution modeling (SDM), also referred to as environmental niche 369 

modeling or climate envelope modeling, quantifies relationships between 370 

environmental factors and response data such as species occurrence, 371 

abundance or biodiversity.  These relationships can be used to predict the 372 

likely distribution of species (or communities) in unsampled space or time 373 

(Elith et al. 2006; Ferrier and Guisan 2006; Franklin 2009).  SDM’s use a 374 

broad range of modeling techniques, including many of the parametric and 375 
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machine learning methods discussed above.  SDM models are also available 376 

to deal with presence-only data through envelope models: Carpenter et al. 377 

1993; Gillsion et al. 1993; Stockwell and Peters, 1999), entropy modeling 378 

(MAXENT, Phillips et al. 2006) or maximum likelihood (MAXLIKE, Royle et al, 379 

2012). More recently, mixed models that can model the response of groups of 380 

species simultaneously have been developed (Dunstan et al. 2011) (Table 2).  381 

Large and broad-scale datasets such as those collected by citizen science 382 

programs are attractive for SDM as they can be compared against extensive 383 

geographical data sets using GIS.  As a consequence SDM is gaining 384 

popularity in conservation ecology and policy (Ashcroft et al. 2012; Pattengill-385 

Semmens and Semmens 2003; Sarda-Palomera et al. 2012). 386 

 387 

4. Accounting for error and bias 388 

In this section, we explore how some of the previously mentioned sources of 389 

error and bias can be explicitly accounted for using the modeling approaches 390 

described in section 3.  We also provide several examples of analyses, using 391 

data drawn form the global Reeflife Survey (RLS) database (Edgar and 392 

Stuart-Smith, 2009).  A description of RLS and RLS survey methodologies are 393 

found in the SOM.  Finally, supplementary table 2 provides examples of 394 

studies that have used some of the methods we describe in the context of CS 395 

data.   396 

 397 

4.1. Random Error 398 

To check for sampling-related error in CS data sets, the simplest approach is 399 

to first test for relationships between response data and meta-data using 400 
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visual plots. The significance of relationships can be tested using generalized 401 

linear or additive models. For example, a study on the detectability of wild 402 

animals in spotlight surveys used GLMs to model how age and hunting 403 

experience accounted for up to a 45% increase in observer effectiveness 404 

(Sunde and Jesson, 2012). Similarly many CS project engage in a data 405 

‘validation’ exercise aimed at comparing data generated by volunteers and 406 

experts (e.g. Delaney 2008, Edgar and Stuart-Smith 2009), with the 407 

comparisons being made with the aid of GLMs.  However, because there can 408 

be many competing factors influencing response data, there is a risk of 409 

building models with more parameters than is possible to estimate with the 410 

data.  Thus an important part of inference using linear or additive models is 411 

the process of determining which model provides the best fit with as few 412 

parameters as possible (Zuur, 2007).  413 

 414 

In cases where there are many predictor variables, or where the response 415 

data do not follow standard probability distributions, machine learning 416 

approaches can be particularly useful (De’ath, 2000).  417 

 418 

 419 

RUSSELL EXAMPLE HERE 420 

 421 

 422 

4.2. Bias 423 

4.2.1 Sampling bias 424 
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Treatment of bias due to uneven sampling effort can be challenging, and may 425 

require exploratory modeling of both the observations and underlying process 426 

(Fink et al. 2010).  As well, description of error structure requires large 427 

amounts of data in order to adequately attribute sources of bias to random 428 

factors. Sampling bias that influences the variability of observations but not 429 

the mean can be easily accommodated within GLMMs or GAMMs (Bolker et 430 

al. 2009).  Observer or site-related random effects, as well as interactions with 431 

various sampling conditions can often account for a large amount of variability 432 

in CS data.  Alternatively, if the relationships between the meta-data and 433 

response data are numerous, a mixed-effects regression tree (which allows 434 

for hierarchical clustering of the response data) may be feasible (Sela and 435 

Simnoff, 2012) though this approach has yet to be implemented in statistical 436 

packages.  437 

 438 

Accounting for bias due to spatial clustering of sampling is one of the trickier 439 

aspects of dealing with CS data, and indeed any large-scale database.  Part 440 

of the problem lies in the fact that samples that lie closer together in space or 441 

time may be more similar.  Thus, the first challenge is to recognize whether 442 

the underlying ecological data are autocorrelated in space or time (Legendre 443 

et al., 2002).  Given the importance of spatial and temporal processes in 444 

ecology, an increasing body of literature is available describing how to deal 445 

with the spatial and temporal distribution of data (Cressie and Wikle, 2011, 446 

Zhang 2012).  However, sampling bias in spatially or temporally 447 

autocorrelated data can often arise due to clustering of sampling relative to an 448 

underlying spatial or temporal trend in the data. If enough data are available, 449 
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subsampling from the data may be sufficient to examine unbiased trends in 450 

the underlying data, at the cost of a large proportion of the (Legendre et al., 451 

2002).  An alternative within Linear and additive mixed-effects models is to 452 

use variance weighting to reduce the importance of undersampled areas 453 

(Crawley, 2012).  However, this approach has the disadvantage of being 454 

sensitive to the weightings used, which can be difficult to estimate.  455 

Hierarchical Bayesian approaches to spatial and temporal modeling have also 456 

been used to explicitly model sampling in relation to a latent underlying 457 

process (Wikle, 2003).  However, such models are not generally available in a 458 

ready-to-use format, and require significant effort in terms of parameterization 459 

and mathematical understanding.   460 

 461 

We briefly note that many machine learning techniques do not allow for 462 

modeling spatial auto-correlation.  However, a novel approach to dealing with 463 

clustered data is a spatio-temporal exploratory model (STEM) framework 464 

which breaks the data into discrete but overlapping spatial and temporal units 465 

that are modeled locally (using bagged trees in this instance) and then 466 

aggregated (Fink et al. 2010). The use of data-mining approaches to the 467 

exploration of spatial data is also an area of development in large-scale CS 468 

databases that will likely provide novel analyses (Fink and Hochachka, 2012) 469 

 470 

4.2.2. Example: Spatial clustering in species richness data 471 

To demonstrate how sampling bias can influence inference and one way that 472 

this bias may be accounted for using linear mixed-effects modeling, we 473 

provide an example of dataset in which a strong spatial trend is confounded 474 
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with uneven sampling.  A fundamental hypothesis in ecology is that the 475 

diversity of species decreases towards the poles.  In our example we plot 476 

species richness data of fish against Latitude from a subset of the Reeflife 477 

Survey dataset. In figure 2A it is immediately apparent that the bulk of the 478 

data available are from lower latitudes. Ignoring this fact, a polynomial fit to 479 

the data (using the gls function from the nlme package in R) seems to provide 480 

an adequate fit (AIC = 3472), given the narrow confidence intervals around 481 

the model prediction.  However, this narrow interval is largely an artifact of the 482 

large sample size, which is mostly clustered around Hawaii.  Examination of 483 

the residuals shows a large discrepancy between the variance in different 484 

regions, violating the assumption of equal variance required for such linear 485 

models (figure 2D).  Including a random effect at the SITE? Level gives a 486 

better fit (AIC = 3470), broader confidence intervals (figure 2B) and helps to 487 

center the model predictions (figure 2E), but we are still faced with uneven 488 

variance between the two regions of the data.  Finally by using a model that 489 

estimates the differing levels of variation between the four dominant regions of 490 

the data (Temperate Northern Pacific, Eastern Indo-Pacific, Temperate 491 

Northern Atlantic and Tropical Eastern Pacific), we arrive at a better-fitting 492 

model (AIC = 3381) that does away with the polynomial relationship between 493 

Latitude and richness (figure 2C) and that properly reflects the amount of 494 

variability in each region (figure 2E). Thus accounting for site-level bias and 495 

regional differences in sampling variability can improve model fit to the data.  496 

However, it should be noted that these approaches assume equal sampling 497 

effectiveness across all sites and thus do not account for any spatial variability 498 
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in systematic bias. To do so,  additional data on the observation process are 499 

required.   500 

 501 

 502 

4.3.1. Systematic Bias 503 

Where there is systematic bias in a dataset, accounting for this error can be 504 

as simple as measuring observer data against some known quantity. For 505 

example, dealing with consistent over-estimates of size while underwater can 506 

be accomplished by calibrating diver’s observations against objects of known 507 

length (Jeffreys, 2007).  However, it is often not the case that a simple 508 

correction will account for systematic bias. In this case, more explicit modeling 509 

of the data generation process may be required, including modifications of the 510 

survey design to estimate bias-generating mechanisms. A number of 511 

hierarchical approaches have been published for handling systematic biases 512 

common to CS data, including false absences (Farmer 2012) and false 513 

presences (i.e., mistakenly recording a species as present when it was in fact 514 

absent, Royle and Link, 2006), and species misidentifications (Conn et al, 515 

2013).  As in linear or additive models, random effects within the observation 516 

model component (such as the rate of false-absence reporting) can be used 517 

to address the non-independence of observations within sampling groups 518 

such as individual observers (MacKenzie, 2006).  Similarly, consistent over- 519 

or under-estimates of size and abundance can be accommodated within a 520 

hierarchical framework if suitable reference or calibration data are available. 521 

 522 
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Presence-only data can be thought of as a special case of sampling bias and 523 

several techniques have been developed to enhance the value of such data. 524 

The first is to change the scope of the study to defining the limits of a species’ 525 

range Programs such as BIOCLIM  (Busby 1986, 1991) and HABITAT 526 

(Walker & Cocks 1991) have been designed to help describe the 527 

‘Environmental Envelope’ of species, which can then be compared against 528 

other species.  Unfortunately, such envelope methods usually provide an 529 

under-estimate of a species’ true distribution or niche, especially with rare or 530 

cryptic species.  Alternatively, Ward et al. (2009) have developed a novel 531 

boosted regression tree algorithm to estimate prevalence from presence-only 532 

data, though this approach is still under development.  If the habitat 533 

surrounding a presence-only observation has been detailed (such as from 534 

aerial or satellite imagery), it is possible to randomly generate pseudo-535 

absence data and use this information in standard linear models, usually in 536 

the context of a SDM framework (Barbet-Massin et al. 2012; Engler et al. 537 

2004, section 4.5). 538 

 539 

4.3.2. Example: estimating detection error in transect survey data 540 

Here, we show how accounting for imperfect detection in sampling can result 541 

in drastic underestimates of species occurrence, and can be accounted for 542 

using replicate sampling. Most species are adapted to live within a certain 543 

thermal niche, which influences where on the planet they can live.  Here, we 544 

look at how the presence or absence of the urchin Amblypneustes ovum 545 

relates to temperature on the east coast of Australia. A simple logistic 546 

regression (Figure 3, red line) assumes that the vector of observed site 547 
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occupancy data Y are Bernouilli distributed random variables with Pr(yi=1)=Ui 548 

and Ui is the probability of occupancy at site i. Further, to allow site-level 549 

dependence of occupancy on temperature, Ui has the form  𝑙𝑜𝑔𝑖𝑡(𝑈𝑖) =  𝐵0 +550 

𝐵𝑇 × 𝑆𝑆𝑇𝑖,  where B0 and BT are the intercept and slope parameters of the 551 

regression and the logit function is  𝑙𝑜𝑔𝑖𝑡(𝑋) =
exp (𝑋)

1+exp (𝑋)
.  Thus, we see that the 552 

probability of finding A. ovum is highest at lower temperatures, but that it does 553 

not appear occupy more than ~30% of sites.   554 

 555 

By contrast, the hierarchical model uses the fact that sampling was replicated 556 

twice within a site to separately model 1) the chance of a site being occupied 557 

given temperature and 2) the number of times the species was detected given 558 

whether the site was occupied and the number of replicates. The vector N, the 559 

number of times that the species was observed at each site is a binomial 560 

random variable of size 2 and probability Ui x D. Here, D is the probability of 561 

detection, which in this simple model is assumed to be constant across all 562 

sites.  Thus we see that the temperature-related occupancy rate of A. ovum is 563 

almost double that estimated by the simple logistic regression.  While this 564 

analysis does account for important underlying aspects of the distribution of 565 

this species,  it does demonstrate the importance of accounting for imperfect 566 

detection in survey data.   567 

 568 

4.4 Quantifying biodiversity given imperfect sampling 569 

Because species vary in their susceptibility to being observed, biodiversity 570 

indices can be heavily influenced by variation in sampling and detectability. 571 

How error and bias are accounted for with in the context of biodiversity 572 
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depends on whether they are treated as a type of response data, or as a 573 

parameter derived after correcting for error and bias in the data for the 574 

component species.  Alternatively the modeling approaches described above 575 

can be used to deal with error and bias at the species level and biodiversity 576 

calculated after the fact.  If biodiversity is the response data of interest, then 577 

error and bias correction mechanisms can be used in the calculation of the 578 

index data themselves. 579 

 580 

Very simply, the choice of index used may also help minimize issues of 581 

detectability, and a simple solution is to choose a metric that emphasizes 582 

abundant species (e.g., Simpson index) to down-weight the influence of rare 583 

or poorly detected species in calculating overall community diversity.  584 

Alternatively, one can model the detectability of each species and incorporate 585 

this information into the calculation of diversity (Gelfand et al., 2005), which 586 

requires a detection-occupancy or similar design to estimate detectability.  587 

 588 

Rarefaction is often used on biodiversity data to account for uneven sampling 589 

effort.  Traditional rarefaction generates species accumulation curves, 590 

then reduces the largest samples until they are equivalent in size to the 591 

smallest (Gotelli and Colwell, 2011).  Newer methods referred to as ‘fixed-592 

coverage’ or ‘shareholder quorum subsampling’ extrapolate richness from the 593 

same curves, then scales back to the lowest level of sample ‘coverage’, a 594 

measure of sample completeness (Alroy, 2009; Chao and Jost, 2012). The 595 

latter methods are less biased, use all available data, and minimize the 596 

amount of sampling effort. 597 
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 598 

4.4.2 Example: Rarefaction of species data to highlight sampling coverage  599 

Comparing the diversity of communities can be challenging when the 600 

sampling conditions vary markedly between sites.  In particular, the presence 601 

of poorly-observed species in samples can bias estimates of diversity.  Thus, 602 

one important way remove the impact of rare species on site-to site 603 

comparisons of diversity is to use rarefaction to show how each individual in 604 

the sample contributes to the overall sample richness. In figure 4A, the Goat 605 

Island site (red triangle) has much higher species richness and abundance 606 

than the Waiwiri site (black circle).  However, the rarefaction curves show that 607 

the two sites arrive at their respective richness levels at different rates, with 608 

the Waiwiri site accumulating richness at a higher rate per individual. 609 

Additionally, extrapolating to the theoretical impact on richness of further 610 

sampling shows that further sampling at the Goat Island site would add 611 

richness, but not so at Waiwiri (figure 4B).  Examining rarefaction curves llike 612 

this can therefore provide a measure of the relative effectiveness of sampling 613 

across different areas, or between observers.  While such metrics do not 614 

provide predictive power as in other modeling approaches,  they do give a 615 

useful tool for comparison.   616 

 617 

4.5 Predicting species distributions with imperfect data. 618 

Given that most SDMs use linear, additive or machine-learning models to 619 

make predictions into unsampled space it is possible to address random error 620 

appropriate for each method using meta-data and covariates where possible.  621 

However, this approach may be limited for use in predictive SDMs because 622 
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the sampling-related may not be defined in the space for which predictions 623 

are being made.  Therefore, random error of the kind encountered in CS data 624 

is often reduced as much as possible by screening the data before analysis. 625 

However, detection-occupancy modeling has been used successfully within 626 

SDMs (Kery et al., 2010) to account for imperfect detection rates where 627 

repeat observations are available.  Additional research is needed on how best 628 

to account for observation errors in SDMs where the underlying data do not 629 

have repeat observations.  630 

 631 

Approaches for dealing with sampling biases in CS data for SDM applications 632 

have focused on addressing uneven spatial and temporal sampling effort, and 633 

include subsampling to reduce the overall variability in sampling effort 634 

(Segurado et al., 2006), potentially at the expense of large amounts of data, 635 

or down-weighting heavily sampled areas to reduce their influence in models  636 

(Dudík et al., 2005).  Alternatively, autoregressive models and other spatially 637 

explicit models may be useful for dealing with these biases (Dormann et al., 638 

2007).  Similarly, hierarchical models can incorporate spatial structures, and 639 

extensions of detection/occupancy models are possible to simultaneously 640 

account for both observation error and spatial and/or temporal bias (Gelfand, 641 

2005; Latimer, 2006). 642 

 643 

Highly clustered presence-only data, which seem to represent the worst of all 644 

possible scenarios, have received recent attention in SDMs.  Often ‘pseudo-645 

absences’ are generated to enable modeling with parametric and machine 646 

learning methods, or ‘background’ samples are defined as part of the 647 
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modeling procedure (e.g. MAXENT; Phillips et al. 2006). However, presence-648 

only methods are particularly sensitive to sampling bias.  Recent work 649 

suggests that generating pseudo-absence data that are spatiotemporally 650 

biased in the same way as the observation data significantly improves the 651 

performance of predictive models (Phillips 2009).   652 

 653 

5. Recommendations 654 

Taking an overview of recent techniques used in research based on citizen-655 

science data (Table 3), we have extracted a few basic recommendations: 656 

1) Understand the tradeoff between volunteer effort, data quality and data 657 

quantity: Researchers must clearly understand the scope of sampling 658 

they wish to undertake and how to recruit, train and maintain 659 

volunteers across the areas of interest. 660 

2) Record survey information:  Meta-data will help define sources of and 661 

account for random error and bias in the data. 662 

3) Plot the data to identify potential data issues: Understanding what 663 

kinds of quality issues are likely present will help in handling them. 664 

4) Network with statisticians: Considering analytical approaches prior to 665 

the start of sampling will help decide what information are needed from 666 

surveys.  667 

To call in the statistician after the experiment is done may 668 

be no more than asking [them] to perform a post-mortem 669 

examination: he may be able to say what the experiment 670 

died of. ~ Sir Ronald Aylmer Fisher 671 
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5) Keep it simple: While it may be tempting to build increasingly complex 672 

models, practitioners often favor simpler, more robust approaches 673 

more likely to give reliable outcomes.   674 

In closing, the recent growth of citizen-science datasets and proliferation of 675 

exciting statistical tools have combined to create unprecedented opportunities 676 

to understanding global-scale patterns and changes in species distributions 677 

and biodiversity. 678 

 679 
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Figure Captions 943 

Figure 1.  RUSSEL ML ANALYSIS 944 

 945 

Figure 2. 946 

Amanda LME example 947 
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 949 

 950 

 951 

Figure 3.  952 

Tom hierarchical example 953 
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Figure 4. 958 

Jon rarefaction example 959 

960 
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TO BE REMOVED 961 

Table 1. Types of data collected in citizen-science biodiversity databases. 962 

Data type Presence
-only 

Presence-
absence 

Abundance Covariates 

Correct identification X X X X 

Location recorded X X X X 

Time recorded X X X X 

Independence   X X X 

Effort measured  X X  

Consistent effort   X X X 

Consistent measurement   X X 
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TO PUT IN SOM 963 

Table 2. Statistical approaches and software packages available for dealing with 964 

error and bias in citizen science data. 965 

 Method R package Package referencea 

 m
o

d
el

s 

GLM base R core team, 2012 

GLMM MCMCglmm Hadfield, 2010 

 lme4 Bates et al., 2012 

 glmmADMB Skaug et al., 2011 

GAMM mgcv Wood, 2011 

 gammSlice Pham and Wand, 2012 

Geographically weighted regression spgwr Bivand, 2013 

Spatio- temporal Models stem Cameletti, 2009 

 Detection-Occupancy unmarked Fiske, 2011 

Capture-Recapture unmarked  

Bayesian hierarchical R2WinBUGS, 

 R2jags 

Sturtz et al., 2005 

Su and Yajima, 2012 

 Multiple ML approaches RWeka Hornik et al., 2009 

Mixed-effects trees REEMtree Sela and Simonoff, 
(2012) 

 longRPart Stewart and Abdolell, 
2008 

Boosted Regression Tree gbm Ridgeway, 2013 

CART tree  Ripley, 2012 

 rpart Therneau, 2012 

Neural networks nnet Venables and Ripley, 
2002 

 Richness and other indices vegan Oksanen (2012) 

Ordination (NMDS, CCA, RDA) vegan Oksanen (2012) 

Indicator species analysis indicspecies De Caceres and 
Legendre, P.,  2009 

Modeling detectability mrds Laake et al., 2012 

 Species Distribution Models Biomod2 Thuiller, et al., 2013 

BioClim dismo Hijmans, et al., 2012 

Bayesian Hierarchical SDM hSDM Vieilledent, et al., 2012 

BRT and Random Forest Mapped 
Predictions 

ModelMap Freeman (2012) 

   
bR package citations are available in the supplementary reference material 966 
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 967 
IN SOM 968 
Table 3. Studies that have used modern statistical approaches to address sampling issues in citizen science databases. 969 
Model type Sourcea Datab Issue Study Findings 

GLM CS PA Identification Delaney, 2008 Age and education predicted rates of false identification of invasive crabs 

GLM CS A Identification Crall et al., 
2011 

Volunteers that were more confident performed better at species 
identifications 

GLMM CS P Spatial clustering Brunsdon and   
Comber,  2012 

Onset of spring was shown to gradually advanced over time when 
continental-scale spatial clustering was accounted for 

GAM CS P Spatial clustering Fewster et al., 
2000 

GAMMs reveal temporal trend in arrival time of bird species based on 
volunteer data 

GLM 

 

CS P Presence-only 
data 

Parsons et al., 
2009 

Targeted generation of pseudo-absences resulted in presence-absence 
data suitable for regression modeling. 

Hierarchical CS PA Detection deSolla,  2005 Survey effort is related to probability of detecting rare frogs from calls 

Hierarchical CS PA Detection Kery, et al., 
2010 

Accounting for detection in SDMs led a 2-fold increase in estimated site 
occupancy 

Hierarchical CS PA False-positive Miller et al. 
2011 

False-positive rates of bird classification by calls were related to distance, 
ambient noise and observer ability" 

Hierarchical CS PA False-positive Farmer et al., 
2012 

Experts were prone to over-counting of rare bird species, novices were 
prone to over-counting common species 

Hierarchical CS PA Spatiotemporal 
Clustering 

Fink, et al., 
2010 

Modeling effort and detection in space and time led to improved models of 
species distribution 

Hierarchical DDB A Site-level bias Armano et al., 
2012 

Accounting for site-level effects allowed for more accurate estimation of 
population trends 

Regression 
Tree 

CS A Observer error Cox, et al. 2012 The differences in community similarity values among data collectors were 
not important 

Regression 
splines 

NHC P Spatial Clustering Mateo et al., 
2010 

Generating pseudo-absences using targeted rather than random 
approaches produced more accurate distribution models 

MaxEnt DDB P Spatial Clustering Phillips et al.,  
2009 

Clustering pseudo-absences at the same scale as occurrence data results 
in more accurate distribution models 

a Data Sources include: Citizen Science (CS), Natural History Collections (NHC) and distributed sampling databases (DDB). b Data types include: 
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(P), presence-absence (PA), abundance (A),  biodiversity (B) or derived parameters (D).  For each paper we have included a result that shows 
how the analysis helped improve inference.  
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