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Abstract

In this study, we address how to render the benefits estimates from citizen science data

scalable to the general population from a random utility maximization (RUM) model of desti-

nation site choice. We conducted a special-purpose supplementary survey of eBird members to

collect additional data above what is normally collected by eBird, to include their engagement

with eBird. We also collected data from a Qualtrics Omnibus (qBus) survey of the general

population with engagement in citizen science projects and bird trip behavior. This additional

information allows us to develop population weights to correct for the systematic sampling

problem when these citizen science data are used by themselves. We use these two data sources

to generate de-meaned response propensities to allow all key parameters in the destination site

choice model to reflect the average propensity in the general population. We also generate

weights based on predicted engagement intensity with eBird as part of our sample selection

correction to make it representative of the distribution of engagement propensities in the gen-

eral population of the U.S. Both of these sample selection corrections are necessary to make

citizen science data useful for policy makers who need population-level benefits of recreational

demand of non-market environmental goods and services for comprehensive benefit-cost anal-

yses to overcome the sample of convenience problem in citizen science data. We also relax an

assumption made in previous work that the marginal benefit of an additional bird species is

the same across all species. In our current analysis, we allow the marginal utility of species

richness (a biodiversity measure) to be different across four different categories of bird species:

water birds, birds of prey, perching birds and game birds.
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1 Introduction

Volunteered geographic information (VGI) gathered by citizen science projects and social-

media platforms are continually capturing “passively generated” data on human behavior

and their use of non-market environmental goods and services. These data may be exploited

to model recreation demand using destination site choice models based on travel-cost infor-

mation that reveal people’s willingness-to-pay (WTP) for improvements in environmental

assets (Kolstoe and Cameron, 2017; Kolstoe et al., 2018). These are “passively generated”

data on human behavior and their use of non-market environmental goods and services,

meaning data on this behavior now exists where it previously did only in a limited capacity

or not at all. Plus, some projects now involve numbers of observations that qualify as “big

data.”

One way in which economists and other social scientists can help policy-makers take

advantage of the power of citizen science data is to demonstrate the ways in which these data

can be brought to bear on questions concerning the non-market valuation of environmental

goods, especially for use in benefit-cost analysis of environmental policy. In recognition of

the vast potential of citizen science data to inform policy-making, the U.S. Environmental

Protection Agency (EPA), via its National Advisory Council for Environmental Policy and

Technology (NACEPT), issued a report on 13 December 2016 stating that the EPA needs to

“embrace citizen science as a core tenet of environmental protection.” However, prior to this

data being used to inform policy-making through the estimation of benefits, the question of

how to correct for the sample of convenience problem must be addressed.

In this paper, we endeavor to answer two specific research questions. The first question

concerns how the value of bird biodiversity (to eBirders) varies across different categories

of bird species (e.g. water birds, birds of prey, perching birds and game birds), as well

as by birder type (e.g. for casual birders versus “listers”). The second question concerns
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what additional information is necessary to render benefits estimates from citizen science

data scalable to the general population. We use a different and newer sample from the eBird

project, supplemented with additional information about each eBirder from a supplementary

survey of these same people, to build on the research reported in Kolstoe and Cameron (2017)

and Kolstoe et al. (2018).

Only a few published papers have used citizen science data, or geocoded information from

social-media platforms to estimate willingness-to-pay (WTP) use values for the represented

populations. A paper by Kolstoe and Cameron (2017) uses off-the-shelf citizen science data

from eBird, a large year-round citizen science project run by the Cornell Lab of Ornithology

to estimate eBirders WTP for bird biodiversity as evidenced by the destination choices

in their reported birding trips. Kolstoe et al. (2018) extends the earlier paper to look at

predicted welfare impacts of urbanization and climate change using forecasts from Homer

et al. (2015) and Langham et al. (2015). A paper by Keeler et al. (2015) uses geo-coded

photography data from the social-media platform, Flickr, to estimate members WTP for lake

water clarity. Both of these papers demonstrate the potential to use a sample of convenience

to infer non-market values of an environmental good, but these values are not necessarily

scalable to the general population because the estimating samples are not representative.

Both of these papers include caveats that the estimated benefits apply only to the sample and

not to the general population, but population-level benefits are necessary for comprehensive

benefit-cost analyses for policy purposes.

We specifically address how to employ supplementary survey data to help overcome

the “sample of convenience” problem by gathering supplemental data on the sample of

convenience of interest (eBird members) as well as in a sample from the general population

(Qualtrics Omnibus), building on the work in Cameron and Kolstoe (2019). Our auxiliary

survey data was gathered specifically to permit the construction of population weights to

correct for the systematic samples to be expected in data contributed by volunteers (eBird
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members), who (in this case) are more likely than average to be avid birders (Green, 2007).

We also use a representative sample from the Qualtrics Omnibus (qBus) survey of the general

population of the U.S. where we contributed two questions, one on their level of engagement

with the eBird citizen-science project and another on their bird-watching away from home

(i.e. more than a mile) behavior in the past year.1 Respondents are invited to indicate their

level of engagement with the eBird project in six ordered and mutually exclusive categories:

whether they are (1) unfamiliar with the project; (2) have heard of the project, but are not

a member; are a member, but (3) report their bird sightings only rarely; (4) report sighting

less than half of the time; (5) report more than half the time; or whether they (6) report

virtually all of their sightings. Our second question asked about the number of days per

year, if any, they traveled more than one mile from home to see birds. This allows us to

calculate population weights to correct for over- or under-representation at the four different

engagement levels represented in the eBird sample based on the eBird engagement-level

probabilities for both the qBus sample and the separate sample of eBird participants.

We also work to incorporate work from Cameron and Kolstoe (2019) who build on sample

selection techniques from Cameron and DeShazo (2013), but focus in this paper specifically

on those that are suitable for use in choice models. We use the predicted relative probabilities

of eBird engagement levels in the general-population qBus sample and the selected eBird

citizen-science sample to build weights for each observation in the eBird citizen science

sample that more accurately reflect the relative frequencies in the general population of

each of four different eBird participation levels. We allow these probability-based weights

to vary systematically with each individual’s sociodemographic characteristics, rather than

be calculated simply from the observed relative frequencies at different participation levels

in each sample, conditional on being a member of eBird from either sample. This allows

1Respondents were asked about their level of engagement with eBird as well as thirteen other birding-
related citizen-science projects. The bird-watching away from home definition comes from the U.S. Fish and
Wildlife quinquennial survey.
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for the possibility that the qBus sample represents a different mix of sociodemographic

characteristics than the eBird sample (which it does).

Section 2 provides a brief overview of the relevant literatures: recreation demand models,

sample selection and VGI data uses. Section 3 outlines the data sets used in this analysis.

Section 4 outlines our empirical approach, including the sample selection correction model for

participation, the random utility model and its estimation. We also describe how to construct

and use population weights based on the U.S. Fish & Wildlife quinquennial survey of Fishing,

Hunting, and Wildlife-Associated Recreation, as well as a special-purpose question posed to

2,000 nationwide general-population respondents as part of the Qualtrics Omnibus survey to

construct weights correcting for participation intensity with citizen science projects. Section

5 discusses our estimation results. Section 6 discusses the willingness-to-pay (benefits) es-

timates inferred from the parameter estimates for our preferred specification employing our

auxiliary data, and Section 7 concludes.

2 Relevant Literature

2.1 Recreation Demand Models

Recreational demand models originated with the single-site travel cost method (TCM) to

destination site choice as methods evolved to be able to handle choices among multiple sites,

based on site attributes, using the random utility maximization (RUM) model framework.2

The conditional logit estimator used with RUM models has long been a workhorse in the

2McFadden (1974) first proposed the random utility maximization (RUM) model as an approach that
would make it possible to infer utility-theoretic population demands for a new public transportation system
from consumer choices among a variety of existing transportation modes. Bockstael et al. (1989) applied
McFadden’s model to environmental valuation and it is now the basis for the predominant approach to
valuation of environmental attributes, at least in a context where “use” demand can be observed and demand
is expressed through a willingness to incur travel costs to gain access to an environmental good; it exploits
travel costs and destination attributes, along with the socioeconomic characteristics of recreationists to
explain destination choices.
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literature; advances in computer processing power and econometrics have led to the devel-

opment of logit models which relax the restrictive property known as the independence of

irrelevant alternatives (IIA) of the conditional logit (Phaneuf and Requate, 2017, Chapter

17). The IIA assumption assumes that the unobserved components of utility (for a given

choice occasion) are uncorrelated across alternatives, which may not be true. Train (2009,

Chapter 6) points to this assumption as being unrealistic, given the strong possibility that

unobserved site attributes are correlated within subsets of alternatives. Concern about the

problem of unobserved heterogeneity, and a desire for a more-flexible RUM model, led to

the development of the mixed logit, which allows for random parameters, based on some

parametric distribution of the random parameter(s) (e.g normal or log-normal). This ap-

proach has desirable characteristics when modeling repeated choices to include allowing for

unobserved heterogeneity and a more-flexible pattern of substitution between alternatives

and for correlations across choices, by estimating a joint distribution for a subset of random

parameters in the model (Train, 2009, Chapter 6).

2.1.1 Heterogeneity in Preferences

To accommodate preference heterogeneity, we follow the first two recommendations of Moelt-

ner and Von Haefen (2011), who point out that there are basically three ways to do this:

(1) including observable socio-demographic variables; (2) the use of so-called “mixed” logit

models with one or more random parameters; and (3) the use of latent class models.3 The

first method is perhaps the most straightforward when the mix of sociodemographic char-

acteristics in the sample can be mapped to the corresponding (joint) distribution of these

characteristics in the population. This information permits the researcher to generate ex-

ogenous weights based on the relative frequencies of these observable characteristics in the

population as opposed to the sample. The first two methods are the most commonly seen

3Due to convergence problems with a large number of parameters we choose to not use latent class models
for this analysis.
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in the literature, and in particular the second option because the mixed logit model also

allows for implicit but very flexible substitution patterns between sites. This is particularly

advantageous in the “repeated RUM” model with panel data when there is information for

multiple choice occasions for each individual. In additional to allowing for heterogeneity

across consumers in the sizes of the marginal utilities derived from specific attributes, the

mixed logit allows for correlations across consumers in the marginal utility derived from

different attributes. It may be expected that consumers’ preferences for one attribute at a

site can be related to their preferences for another attribute at the site (as well as over time,

in the case of the repeated RUM). For example, see Revelt and Train (1998); Train (1998).

Finally, McFadden and Train (2000) show that any choice model can be approximated by a

mixed logit.

2.1.2 Willingness To Pay Space

The standard approach to estimating discrete choice models to obtain willingness to pay

(WTP) measures for welfare or benefit-cost analysis can be somewhat problematic when the

model is estimated in preference space and then solved to obtain the corresponding WTP

function. Calculation of the WTP function involves ratios of asymptotically normally dis-

tributed preference parameters estimated by maximum likelihood. Using the Delta, Fieller

or Krinsky-Robb approaches may lead to large positive WTP measures if the price coeffi-

cient is small (and large negative values if the price coefficient is unconstrained and passes

slightly into the negative domain). WTP estimates by these methods can have large vari-

ances, whereas more-reasonable WTP estimates tend to be found when models are estimated

directly in WTP space. Both Train and Weeks (2005) and Scarpa et al. (2008) note that

the marginal utility of net income, as captured by the price coefficient in these models, is

unlikely to be constant across people. To ensure that a random price parameter is neg-

ative, researchers may parameterize the coefficient on price as β = −exp(β∗) so that the
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estimated parameter, β∗, has an unbounded normal distribution but the effective coefficient

−β, while random, remains strictly negative. However, the model can be re-parameterized

and estimated directly in WTP space. In that case, the ratios of the marginal utility of each

attribute to the marginal utility of net income can be estimated directly as redefined single

parameters, rather than estimating the two components of the ratio separately and having

to calculate corresponding values for these ratios. In WTP space, the price coefficient as well

as other key parameters can be random (and, if appropriate, correlated). This specification

allows for scale-heterogeneity in addition to the other desirable features of the mixed logit,

which include its ability to relax the independence of irrelevant alternatives (IIA) assump-

tion to capture unobserved heterogeneity and to allow for more-flexible substitution patterns

across alternatives (see Train (1998); Scarpa et al. (2008); Thiene and Scarpa (2009); Hess

and Train (2017)).

2.2 Sample Selection

To overcome the problem of citizen-science samples of human participants being “samples of

convenience” requires addressing the sample-selection problem which is not well developed

for choice models as Yuan et al. (2015) and Johnston and Abdulrahman (2017) point out. A

reduced-form approach adjusting for response propensity is the typical form seen in choice

models (see Cameron and DeShazo (2013); Johnston and Abdulrahman (2017); Kolstoe and

Cameron (2017)). Cameron and Kolstoe (2019) point out while an inverse Mills Ratio is

commonly used to correct for systematic selection in models, it is not appropriate when the

outcome model in the second stage is a logit specification. This is because the bivariate

normality assumption for the errors in the two equations (selection and outcome) does not

hold and thus the Heckman logic motivating the inclusion of something like an inverse Mills

Ratio is only appropriate when the selection propensity and the outcome variable are jointly

normally distributed.
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2.3 Data from VGI Projects

Citizen science data (e.g. eBird), as well as the voluminous quantities of data that can

be harvested from geotagged sources (e.g. Flickr, Instagram and Twitter) can provide re-

searchers with more and different information than they have ever enjoyed before. The eBird

citizen science dataset contains information contributed by bird-watchers who are project

“members.” The early data were sparse, but improved as eBird transformed from being

a citizen science project focused on collecting data for just scientists to use, into a collab-

orative effort with the exchange of information between citizen scientists and researchers

(Sullivan et al., 2014). The success of eBird is attributed to its role as a project that en-

gages the data-gathers (the citizen scientists) with the researchers and the research products

being generated from the data. The different eBird participants, be they data-gathers or

data-users, are all stakeholders in the success of the eBird project. This level of two-way

engagement appears to be an important factor contributing to the sustained success of this

particular citizen science project (Sullivan et al., 2014; Venturelli et al., 2017).

3 Empirical Strategy

3.1 The Mixed Logit Model & WTP Space

The destination choice models in this paper use a mixed logit RUM framework in WTP

space, following Scarpa et al. (2008). In the context of this model of birders’ choices among

publicly accessible birding “hot spots,” birder i derives utility U i
jt from a birdwatching trip

to site j (among J alternatives) on choice occasion t within the sample time period.4 We are

using diary data which yields an unbalanced panel dataset, so the total number of trips, T i,

4Per eBird, a “hotspot” is a good public birding location that has been identified by eBird members and
by which aggregate results about birds is available through eBird. See http://help.ebird.org/customer/

portal/articles/1900690-all-about-hotspots?b_id=1928 for additional information
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varies across individuals. The birder’s utility function has a systematic component, V i
jt, that

depends (linearly, for convenience) on income net of the cost of travel to that site: (Y i−Ci
jt).

The marginal utility of net income (i.e. the marginal utility of other consumption) is given

by the coefficient α. Utility depends on expected bird biodiversity at the destination, by

species categories, denoted as the vector X i
jt. Utility also depends on other observable

site attributes (included in vector Ajt). We allow for preferences for bird biodiversity to

vary systematically with the seasons and to trend across calendar years, with these time

indicators included as the vector Tt. Preferences for bird biodiversity are also allowed to

vary systematically with observable sociodemographic characteristics. These birder-specific

characteristics are included in vector Zi.

The utility function is thus specified as:

U i
jt = αi(Y i − Ci

jt) + (θi0 + θ1Tt + θ2Z
i)′X i

jt + θ′3Ajt + εijt (1)

where the marginal utility of net income, αi, and the vector of marginal utilities of species

richness by category of species, θi0, are allowed to vary randomly over eBirders, but we assume

that the vectors of parameters θ1, θ2 and θ3 are fixed. The error term εijt is assumed to be

approximated by a Gumbel distribution.

We can rewrite equation (1) by redefining the coefficients to account for the transforma-

tion and this will allow us to then estimate the model directly in WTP-space (Train and

Weeks, 2005). The utility model must be reparameterized so that the distribution of WTP

is directly estimated by the model, and thus already divided through by the price parameter,

wtpRi = −θi0/αi and wtpF = −θ/αi (for θ = θ1, θ2, θ3) for the random and fixed parameters

respectively. By allowing αi to be a random parameter this allow for scale heterogeneity in

the model, but since not all parameters in the model are not random and correlated, it does

does not all for all sources of correlation (Hess and Train, 2017). We assume the negative of
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the “price” coefficient, αi (the marginal utility of net income) has a log-normal distribution

to force the random travel cost coefficient to be bounded away from zero (Hess and Train,

2017).

U i
jt = αi(Y i − Ci

jt) + αi((
θi0
αi

) + (
θ1
αi

)Tt + (
θ2
αi

)Zi)′X i
jt + αi(

θ3
αi

)′Ajt + εijt (2)

This can be rewritten as:

U i
jt = αi(Y i − Ci

jt) + αi(wtp
i
0 + wtp1Tt + wtp2Z

i)′X i
jt + αi(wtp3)

′Ajt + εijt (3)

Note this conversion into “utility in WTP space” only works when assuming that net income

(income minus travel costs) enter linearly and additively separably into the utility function.

The choice probabilities for a mixed logit are based on birder i choosing alternative j

on choice occasion t. To simplify the representation of equation (2), in fashion similar to

Thiene and Scarpa (2009), let utility be written as U i
jt = V i

jt(ω
i, κ) where ωi = (αi, θi0),

the random parameters within the model and κ = (θ1, θ2, θ3), the fixed parameters in the

model. Then following the usual intuition behind discrete choice models that birder i chooses

destination j in period t because U i
jt > U i

kt, ∀ j 6= k. Let yit denote the birder’s selection on

choice occasion t over their Y i choice occasions and yi = (yi1, y
i
2, . . . , y

i
Y i) be their sequence

of choices. The conventional logit probabilities evaluated at parameters (ωi, κ) for birder i

is:

Lijt =
t=T i∑
t=1

eV
i
jt(ω

i,κ)∑
j e

V i
jt(ω

i,κ)
(4)

On any given choice occasion, then, the mixed logit choice probabilities are given by the
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integral of L(yi|ωi) over the distribution of the random parameters ωi:

P i
jt(y

i) =

∫
Lijt(y

i|ωi, κ)f(ωi|κ)dωi (5)

where f(ωi|κ) in equation (5) is the density function for the random parameters ωi, given

the fixed parameters κ.

3.2 Sample Selection Corrections

This prototype analysis employs a sample of convenience and thus we need to control for

selection into the sample: responding to the survey and taking a trip they reported to eBird.

For this analysis, travel costs are calculated only for eBird members who responded to the

auxiliary survey so we can geocode their home address (their trip origin). This restriction

limits us to approximately 10 percent of total eBird membership, so some effort to assess

and correct for any systematic sample selection is required.5 We use the sample selection

method employed in Cameron and Kolstoe (2019) which builds on the sample selection

method employed in Kolstoe and Cameron (2017), as well as look at the sample selection

stemming from the choice to report a trip to eBird by using both demeaned propensities to

be in the estimating sample as well as engagement-intensity weights.6 The auxiliary data

on the general population came from two survey questions we asked as part of Qualtrics

Omnibus survey in April and May of 2018. Our two questions, as shown to the respondents

are reproduced in Figures 4a and 4b. We used these data to construct weights that reflect

the relative frequency and scope, in the general population, of engagement with eBird (as

5There are 7,469 user who submitted reports to eBird for the 2013-2015 time frame in the states of Oregon
and Washington.

6In the presence of limited data, the best recourse was to model who selected to report home address
information versus who did not. This method is based on an ad hoc method proposed by Cameron and
DeShazo (2013) that employs sociodemographic data at the county level for the “likely” home address of
each birder, based on the spatial center of gravity of their trips

11



well as other major citizen science projects, though these others are not used in this paper)

related to wild birds, and people’s corresponding levels of participation in bird watching.

These are engagement-intensity weights for the eBird sample. Greater detail about how

these weights are constructed can be found in Cameron and Kolstoe (2019).

3.2.1 De-meaned response propensity

By estimating the engagement propensity, the estimated propensity can be demeaned relative

to the average engagement propensity for the general population of interest to be sampled.

In a choice model, these can be interacted with the key parameters of interest so that the

baseline parameter than reflects the parameter for the average engagement propensity in

the general population of interest. Plus, after the model has been estimated, the demeaned

response propensity can be counterfactually set to zero.

3.2.2 Intensity Weights

We use the intensity weights described in Cameron and Kolstoe (2019) to capture both the

extensive and intensive margin of how people participate with eBird. We choose to use

intensity weights rather than the conventional response/nonresponse correction because we

understand that our sample of eBird members, the respondents to our 2015 survey, may not

be representative of the distribution of engagement propensities in the general population of

the U.S. Qualtrics qBus respondents were asked to indicate their level of engagement with the

eBird project in six mutually exclusive ordered categories: whether they are (1) unfamiliar

with the project; (2) have heard of the project but are not a member; are a member but

(3) report their bird sightings only rarely, (4) report sighting less than half of the time, (5)

report more than half the time, or whether they (6) report virtually all of their sightings.

We estimate an ordered probit model using the qBus sample and respondent’s engagement

with eBird, for all six possible bins and calculate a set of six fitted probabilities for each bin,
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conditional on the Zi vector for each individual. Then we assign weights to each response

in the eBird dataset that serve to scale the fitted probability of an individual being in their

observed engagement-intensity bin, but allow multiple factors to affect expected levels of

engagement intensity for each eBird respondent. We weight each observation in the eBird

sample so that the weights sum to the sample size for the eBird sample. For additional detail

about how these are constructed, see Cameron and Kolstoe (2019).

3.3 Variable Selection - LASSO & Elastic Net

In the era of “big data” new tools have been developed to help deal with modeling issues

arising from the high-dimensional problem when there are many potential control covariates

(Belloni et al., 2014) Chernozhukov et al. (2015). For example, the least absolute shrinkage

and selection operator (LASSO) developed by Tibshirani (1996) is now used by researchers

to select the set of control variables as it seeks to find a vector of coefficient estimates

to minimize the value of λ (the stop value). Additional LASSO methods have proposed

to include cross-validation, double-selection and adaptive lasso which all seek to address

weaknesses of LASSO such as small mistakes about which covariates to include and exclude

from the model. Zou and Hastie (2005) proposed elastic net is an extension of LASSO with

a penalty term derived from a combination of the absolute-value penalty and the squared

penalty, used by LASSO and ridge regression respectively. Elastic net may be a preferable

method to use if the proposed variables may be highly correlated such as in the case of

preferences about birds.

3.4 Estimating TWTP

Estimating the model “in WTP space” yields direct estimates of the mean marginal WTP

(MWTP) associated with each destination attribute, which can then be used to calculate

13



the mean total willingness to pay (TWTP) for a single trip to a birding destination with

specified attributes, in a specific season and year, for a birder with specific characteristics.

If we want further to incorporate the distributions of the coefficients which were allowed to

be random across the population of birders, a subsequent step is necessary. Assume that

γ ∼ N(b,Ω) represents the vector of coefficients on the expected species richness variables

by category. These coefficients are specifed as being random and correlated across the

population of birders. Then we can use the vector of means for these parameters and the

symmetric matrix of parameter covariances and make draws from this distribution, based

on a vector of independent standard normal deviates, z, using γ = b + Lz where L is the

lower-triangular Cholesky factorization of Ω (such that LL′ = Ω). Including the seasonal

and individual-characteristic systematic shifters, the MWTP for species richness for each

category of bird species, c, now becomes:

MWTPc = γc + β1cTt + β2cZ
i (6)

Thus the TWTP for one trip to a given site is:

TWTP =

[
C∑
c=1

(
γc + β1cTt + β2cZ

i
)]′

Xjt + β′3Ajt (7)

4 Data

Our recreational site-choice data for birdwatchers are drawn from eBird, an extensive citizen

science project managed by the Cornell Ornithology Lab and the National Audubon Society

and funded since 2002 through several grants from the National Science Foundation.7 The

eBird dataset contains information contributed by birdwatchers who are project “members.”

7The eBird project is online at www.ebird.org.
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Early membership was relatively low, expanded greatly since 2009, especially with the avail-

ability of the smart-phone app and quality controls for the contributed data on bird sightings

have been implemented. The available information from eBird includes the trip entries of

individual birdwatchers, where it is possible to connect the trip origin (i.e. the member’s

home address from their member profile) and the recorded destination for each trip. We use

trips taken by Oregon and Washington eBirders to destinations in Oregon and Washington

states to build on the work in Kolstoe and Cameron (2017).8 Summary statistics concerning

site and trip attributes, and the characteristics of eBird members taking these trips, are

provided in Tables 1 and 2.

4.1 eBird Individual Data and the Auxiliary Supplementary

Survey Data

The individual characteristics in the analysis reported in Kolstoe and Cameron (2017) were

limited to the profile information eBird collected from its members when they registered for

the project. To collect additional information deemed valuable for demand modeling, we

conducted an auxiliary survey of eBirders in the states of Oregon and Washington during

the winter of 2015-2016. This auxiliary survey included standard demographic questions (to

permit matching to the relative population frequencies from the American Community Sur-

vey of the U.S. Census). Also included were questions about eBirders’ recreational behavior

(similar to those asked by the U.S. Fish and Wildlife as part of their quinquennial survey),

and questions about their personal birding and trip preferences (the survey instrument is

8Boundary-related problems are also minimized for this pair of states, because the Canadian border
serves to limit trips to the north, while the Pacific Ocean constrains trips to the west. The relatively low
populations along the eastern boundaries of these states, or along the Oregon-California border, likewise
minimize the truncation of trips. This is one reason we combine the two states. The Portland, Oregon and
Vancouver, Washington metropolitan area spans the border between Washington and Oregon, which would
complicate any analysis of either of these two states considered separately.
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available upon request from the authors).9 This analysis takes advantage of about nine times

as much trip data as our earlier study, and augments the simple eBirder membership profile

data with additional information (see Kolstoe and Cameron (2017)).10 Summary statistics

about the respondents are provided in Table A3.

Travel costs. Distances and travel times for our study are calculated for the “best route”

based on the algorithm coded as ORSMtime.ado in STATA and ggmap in R.11 We do not

model reported bird sightings that involve a travel distance of less than one mile, so utility

from backyard birds or other very local bird populations does not enter into our analysis.12

Thus we have no revealed-preference measures of WTP for backyard birds, even though such

sightings undoubtedly contribute substantially to the aggregate net social welfare associated

with avian biodiversity.

The opportunity cost of time is always an important consideration in the construction

of the travel cost variable for a site-choice model. The basic eBird data do not include

individual-specific income or wage information. However, we collected data on household

income brackets in our auxiliary survey. We use the midpoint of each income bracket as an

approximation for household income. We convert this annual income into an approximate

hourly wage. We then count the value of travel time at one-third of this wage, a common

approximation in the literature.13

9The survey had 1,277 respondents, of which 974 completed income questions and 531 of which reported
bird sightings from a birding trip more than one mile away from home during the sample period of 2013-2015.
Not all of these trips satisfy the necessary inclusion criteria for the estimating sample. These criteria pare
down the sample to 321.

10The eBird data collects limited information from its members when they first sign-up for the project
(e.g. home address, age-range, education, gender) and thus the additional data available on each member is
sparse).

11The OSRMtime.ado relies on OpenStreet map to query “best route” data. As a small handful of routes
were not found using OSRMtime, ggmap in R which uses Google Maps API as the back end was used to
fill-in the missing routes.

12This metric conforms with how the U.S. Fish and Wildlife define a trip away from home Carver (2013).
We do have a stated preference survey underway that will allow us to get at the value of backyard birding
in future work.

13Larson and Lew (2014) and Fezzi et al. (2014) test this assumption allowing for a noisy-wage fraction
and find that this assumption is reasonable.
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4.2 Expected Number of Bird Species

The eBird data is rich with reports of actual bird sightings on each trip. However, one must

be careful to build a measure of ex ante expected bird sighting to avoid endogeneity problems

associated with trip-specific observations. Destinations for each trip are chosen in advance

of knowing which species will actually be seen. Each eBird trip record includes information

about which bird species and how many of each are observed during each outing. Not all sites

are equally visited, or visited in every year, so to fill in the gaps in the eBird data, we take

advantage of a second external data set, this one from BirdLife International, via Ridgely

et al. (2011). This dataset allows us to incorporate seasonal variations in species richness into

our calculations of ex ante “expected sightings.” The BirdLife dataset provides geographic

references for bird ranges, their presence (i.e. their likelihood of being seen), their origin (e.g.,

native or introduced) and seasonality (e.g., resident, breeding, non-breeding or passage). The

BirdLife data are particularly important when no eBird visits are recorded in the same month

of the prior year for a particular birding hot-spot destination.14 Our RUM models require a

conformable set of attributes for all sites that comprise an individual’s potential choice set,

even when no eBird member visited that site during the time period before which forms the

basis of the construction of the expected species measure. We also break out our “expected

sighting” attribute into “expected sighting by type” for four categories of bird species—water

birds, birds of prey, perching birds and game birds.15

14In the future, we plan to alter the expected species variable to be constructed as a moving average of
sightings in the area to better reflect how quickly eBirders can access the data submitted by other members
(once it has been verified).

15We distinguish these four types based on the way that birds are grouped for the Pocket Naturalist Guide.
Species not featured in Oregon Birds: An Introduction to Familiar Species are grouped using class and genus
according to the Clements Checklist, version 6.8.
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4.3 Other destination attributes.

Destination attributes that vary across sites can be included as variables that shift the

overall level of total willingness to pay for a trip to a specific destination, independent of

the specific levels of biodiversity in categories of bird species at that destination. These

attributes include indicators for site management regimes that may be related to the overall

level of biodiversity, indicators for the expected presence of an endangered bird species (state

and federal listings), an indicator for whether the site lies in an urban area, land cover at a

destination and indicators for the type of ecosystem at the destination. We use data from

the U.S. Geological Survey—namely the Protected Area Database of the U.S.16 These data

categorize the ecological management regime for each hotspot location, such as who owns

the land, who manages the land, whether and how it is managed for biodiversity, and the

spatial extent of the protected area. These datasets were created to facilitate landscape

analyses. Our omitted GAP category is “no known ecological management of the site.”17

We use data from the U.S. Census to indicate whether a site is within an urban area (based

on the 2010 U.S. Census). We include data from the USGS’s 2011 National Land Cover

Data which gives us land cover information on a 30-meter by 30-meter resolution level. We

also use the U.S. Environmental Protection Agency (EPA) ecoregion dataset (level III) to

capture broader abiotic and biotic differences across the various hotspots (for twelve regions

within the two-state area for this study).

4.4 Collective prior behavior

Our current “expected congestion/popularity” site attribute is based on the share of total

eBird member visits to the site in question, in the same month of the previous year. In

16Specifically we use the USGS Gap Analysis Program (GAP) Version 1.4).
17GAP Status Code Definitions can be found in the USGS GAP-PAD-US Standards and Methods for

State Data Stewards, 5 May 2016)
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the future, we plan to comparing the results from this version of the variable to results

that we obtain when we measure congestion as the spatial densities of visits per unit area

per month, rather than as shares of total eBird visits, thus exploring an approach used by

Bujosa et al. (2015). Regardless of whether the variable is constructed as a share of total

visits, or as an average monthly density of visitors per unit of site area, this congestion

measure is observationally equivalent to a measure of the popularity of the site.18 The intent

of a congestion/popularity measure is to serve as a proxy for the number of other visitors

the individual might expect to encounter during a visit to a particular birding hotspot.

Congestion/popularity may be undesirable from the individual’s perspective if it implies

crowding for a rivalrous quasi-public good. But some degree of congestion/popularity may

be desirable if the environmental good in question is essentially non-rival and there are

pleasant social interactions among like-minded participants at most destinations.19

5 Results - Preliminary and Do Not Cite

The main results are featured in Tables 3 and 4. The results shown are based on 8,800 trips

taken by 309 birders who responded to the auxiliary survey. Our preferred model is featured

in column 4 in Table 4 (full results in Table A2 in the Appendix).

Consideration Sets We limit eBirders choice set to all possible sites within 60-miles of their

home address. Due to computational limits, we are currently only using 10 percent of the non-

chosen alternatives from the full set of alternatives; the number of sites in a consideration

set ranges from 2 to 89, with the average being 44. Note the results presented here are

preliminary. Early versions of this paper used the population weights constructed with the

18A measure of relative congestion, consisting of visits to a given site as a share of all visits to all sites,
has been used previously in the literature (Murdock (2006); Phaneuf et al. (2009); Timmins and Murdock
(2007)).

19While our congestion/popularity measure is not completely exogenous, it is at least predetermined. Most
other studies that attempt to control for expected congestion/popularity do not enjoy our luxury of prior
years of trip data for each individual.
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2016 U.S. FWS data and lasso was not decide which variables to include as additional controls

and are available in the appendix. Feedback from audience members about the large number

of control variables and collinearity between the controls led us to use LASSO and elastic

net to see what additional interaction terms to include in the model to capture observed

heterogeneity.

5.1 Mixed Logit in WTP Space

The main results are featured in Tables 3 and 4. The full results are in the appendix in

Tables A1 and A2. The key parameters of interests, the expected number of bird species by

type, are shown in both the tables and are estimated under different models. The first set

of results are estimated using a conditional logit and the second set of results are estimated

using a mixed logit in WTP-space. These results estimated using the conditional logit shows

how the parameters estimates are affected by using different weights to correct for the sample

of convenience problem. The results estimated using the mixed logit in WTP-space show

how the parameter estimates and thus WTP estimates change as you included different

interactions with the key parameters of interest, the expected number of bird species by

type. These results are based on 8,647 trips taken by 306 birders who responded to the

auxiliary survey. Earlier results using exogenous weights from the 2016 U.S. FWS data are

featured in the appendix.

Consideration Sets We limit eBirders choice set to all possible sites within 60-miles of their

home address. Due to computational limits, we are currently only using 10 percent of the non-

chosen alternatives from the full set of alternatives; the number of sites in a consideration

set ranges from 2 to 89, with the average being 44. Note the results presented here are

preliminary. Early versions of this paper used the population weights constructed with

the 2016 U.S. FWS data and lasso was not decide which variables to include as additional
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controls and are available in the appendix. Feedback from audience members about the large

number of control variables and collinearity between the controls led us to use LASSO and

its related tools to select for which control variables to include in the model to reduce the

dimensionality and risk of having overparameterized the model.

Marginal Utilities: Net Income Across all models in Tables 3 and 4 the marginal utility

of other consumption (the negative α coefficient on the travel cost variable, linear in this

specification) is statistically significant and negative, the expected sign. The parameter is

robust across all of our specifications.

Marginal Utilities of Expected Number by Type In Tables 3 and 4, the main variable of interest

in the model is βi1 and Xjt which contain a vector of expected species by type (water birds,

birds of prey, perching birds and game birds). Our preferred specification is shown in column

4 in Table 4 as we also capture seasonality effects by including time fixed effects. In the

future we will explore how to incorporate time fixed effects to reduce the number of additional

parameters to include in the model as controls. We find that the marginal utility of expected

species by type is heterogeneous. Part of the heterogeneity is captured through interaction

terms with observable characteristics, temporal fixed effects, and random parameters which

are allowed to be correlated (the results for the latter two are shown in Table A2). The

baseline parameters for the expected number of water birds, birds of prey, and game birds

are each respectively positive and significant, except perching birds which is negative, but

statistically insignificant in all four of the models shown in Table 4. whereas the parameter

for the expected number of perching birds is negative and statistically significant across all

four specifications.

Systematic Variation in the Marginal Utilities of Expected Number by Type: Water Birds The

sources of observable heterogeneity in the margin utility of an additional water bird species

does not come from differences in income (not statistically significant as shown in Table A2,
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but does comes from seasonal differences. The temporal differences in marginal utility for

an additional water bird species is higher for August and the fall months of September and

October, but negative for the month of April and the linear time trend.

Systematic Variation in the Marginal Utilities of Expected Number by Type: Birds of Prey

The sources of observable heterogeneity in the margin utility of an additional birds of prey

species does not come from differences in income (not statistically significant as shown in

Table A2, but does comes from seasonal differences. The results suggest that birders have

a lower marginal utility and thereby WTP of seeing an additional bird of prey in July and

August. The linear time trend is positive and statistically significant.

Systematic Variation in the Marginal Utilities of Expected Number by Type: Perching Birds

The MWTP for an additional perching bird species appears to be zero based on the lack of

statistical significance. This may be tied to the fact people tend to see these types of birds

in and around their home.

Systematic Variation in the Marginal Utilities of Expected Number by Type: Game Birds The

sources of observable heterogeneity in the margin utility of an additional game bird species

does not come from differences in income (not statistically significant as shown in Table A2,

but does comes from seasonal differences. The temporal differences in marginal utility for

an additional game bird species is lower in July and December.

Other Site Attributes

A number of other site attributes bear statistically significant marginal-utility coefficients

in Table A2. These include indicators for different management regimes for biodiversity,

ecoregions, land cover classes, urban hotspots, an indicator for expected presence of an en-

dangered bird species along with our continuous “congestion/popularity” measure for each

hotspot.As in Kolstoe and Cameron (2017) and Kolstoe et al. (2018), the estimated marginal

utility from visits to National Wildlife Refuges which are specifically managed for bird bio-
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diversity yields the highest to eBirders. The marginal WTP for a visit to a National Wildlife

Refuge is statistically significant, implying there is a higher value (utility) for a birder for

specifically visiting a site managed for bird biodiversity, above and beyond managing a site

managed for biodiversity (this parameter is additive to the parameter for National Parks,

etc.). This may not be surprising in light of when individuals are traveling to see birds, they

are primarily traveling to see waterfowl which can be found at National Wildlife Refuges

(Wilson, 2010). The marginal utility of a visit to a site such as National Parks (e.g. a site

with GAP 1 or 2 status) or National Forests (e.g. a site with GAP 3 status) sites are positive,

but are not statistically significant.

We also find a persistently negative coefficient on the indicator for an urban destination

(activated for hotspots which lie within an Urban Area as defined by the 2010 Census), as

was the case in Kolstoe and Cameron (2017). This suggests there are latent attributes of

sites in urban areas that confers disutility to non-urban sites, independent of species richness.

To control destination ecoregions and land cover, to pre-empt any omitted variable bias

from these two sources in the estimated coefficients on the expected number of bird species.

These two sets of controls account for any utility that is accounted for directly from either

the type of ecoregion or land cover at a site. The baseline ecoregion for the trips is the

Puget Lowland. The indicators for the Coast Range, Columbia Plateau, North Rockies,

Willamette Valley, North Cascades, Klamath Mountains, and the Northern Basin Rage

are positive and statistically significant, indicating a higher value (utility) than to a site

in the Puget Lowland. However the indicators for the Blue Mountains is negative and

statistically significant, whereas the indicator for the Cascades is negative and statistically

insignificant. The land cover class indicators for barren land, forest, planted and wetlands

are positive and statistically significant whereas the indicators for water, shrub/scrub and

herbaceous land cover are not statistically significant. As in Kolstoe and Cameron (2017)

the congestion/popularity variable is proxied using all eBird members’ reported visits to
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this hotspot in the same month last year, as a proportion of all eBird members’ visits to

any hotspot during that same time frame. The parameters suggest that the marginal WTP

of anticipated congestion/popularity is a good thing, and only is in the range where it

diminishes for one-percent of the site alternatives. Only a few sites in our sample receive

this share of eBird visits in the previous year, thus over most of the range of the data, this

variable is positive.20

6 Discussion

The results suggest there is significant preference heterogeneity for birds, and most notably

by bird species type by eBirders. While we would have like to explore the heterogeneity

across groups further with the latent class models for the models by species by type, it is

evident that controlling for differences in income and lister status are critical. The LASSO

operator predicts it is important to control for differences in income, but not other controls.

Additional LASSO operators beyond the cross-validation LASSO operator will be used in

the future to see as to what control variables to include in the model to capture preference

heterogeneity. The results suggest there is significant preference heterogeneity for birds, and

most notably by bird species type by eBirders, and more generally based on the results with

7 Still To Do

• Explore how to capture seasonality with a minimal number of fixed effects (currently

includes 48 additional variables)

• Explore what variables LASSO and elastic net select when you require the seasonal

fixed effects to be included.

20Linearity in this variable is strongly rejected by a likelihood ratio test.

24



• Construct the TWTP estimates by illustrative site characteristics for preferred speci-

fication

8 Caveats and Directions for Future Research

Citizen science data offers researchers the possibility of working with rich data sets, however,

the caveat remains that these are samples of conveniences. Our work here is to provide a

flexible model to estimate the value of bird biodiversity and best approximate the general

population of birders’ value of different bird species types. To date this work has focused

solely on birders who travel away from home (more than a mile) to see birds. This does not

address the question of the value of bird biodiversity to birders who see them around their

home. Per the U.S. FWS, most birders see birds around their homes, and the vast majority

of these individuals, feed the wild birds around their home (U.S. FWS Report, 2018). In our

other work, we are seeking to address this issue.
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Table 1: Descriptive Statistics across All Alternatives, Featured Variables, Oregon
and Washington Statesa

Variable Mean Std. Dev Min Max
Roundtrip, 1/3 wage 27.74 27.92764 1.555612 166.8201
Bird species type

Water Birds (WT) 12.10 2.10 1 20.84
Birds of Prey (PR) 13.52 2.16 1 20.5
Perching Birds (PH) 24.43 3.64 1 35.06
Game Birds (GM ) 12.37 4.85 0 20.63

Destination type
1(National Wildlife Refuge) 0.100
1(National Parks, etc.) 0.198
1(National Forests, etc.) 0.408
1(Urban Area) 0.728
†Congestion/Popularityjt .0017 .003 0 .0227142

Seasonal and trend variables
1(January) .102
1(February) .092
1(March) .091
1(April) .106
1(May) .101
1(June) .072
1(July) .069
1(August) .068
1(September) .072
1(October) .0813
1(November) .085
1(December) .062
t13 (t13 = year − 2013) 1.05

Ecoregion indicators
1(Coast Range)j 0.069
1(Columbia P lateau)j 0.056
1(Blue Mountains)j 0.041
1(North Rockies)j 0.033
1(PugetLowlands)j 0.465
1(Willamette V alley)j 0.218
1(Cascades)j 0.0058
1(North Cascades)j 0.010
1(Klamath Mtns, Coast Range)j 0.043
1(North Basin)j 0.0005

Land cover indicators
1(LC Developed) 0.37
1(LC Water/Perennial Snow & Ice) 0.051
1(LC Barren Land) 0.080
1(LC Forest) 0.210
1(LC Shrub/Scrub) 0.061
1(LC Herbaceous) 0.011
1(LC Planted) 0.084
1(LC Wetlands) 0.120

NOTES: a60-miles maximum travel distance for considered alternative hotspots, 2013-2015 trips;
statistics for other control variables used in our models have been relegated to the Appendix.
† Share of all eBird trips, same month, last year, to site j
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Table 2: Descriptive Statistics across All Alternatives,
Featured Birder Characteristics, Oregon and Washington States

eBirders in Sample: Sociodemographics Mean Min Max
Females .517 - -
Listers .561 - -
Avg. Age 57.26 14 78
Diff. from Sample Avg. Age -0.55 -44.38 19.62
Working .433 - -
Avg. Income (in $10,000) 9.484 1.8 22.5
Diff. from Sample Avg. Income (in $10,000) 1.80 -6.81 13.89
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Table 3: Comparison of Weights - Elastic Net Specification, Key Parameters

(1) (2) (3)

Fitted Propensity FWS weights Intensity weights

Roundtrip TC -0.0630∗∗∗ -0.0656∗∗∗ -0.0649∗∗∗

(0.00106) (0.00161) (0.00152)

E(# water bird species) (WT) 0.00717 0.0280∗ -0.0176

(0.0149) (0.0158) (0.0154)

E(# birds of prey species) (PR) 0.0607∗∗∗ 0.0661∗∗∗ 0.0907∗∗∗

(0.0157) (0.0158) (0.0168)

E(# perching bird species) (PH) -0.0301∗∗∗ -0.0335∗∗∗ -0.0228∗∗∗

(0.00840) (0.00824) (0.00774)

E(# game bird species) (GM) 0.00146 -0.00964 -0.0106∗∗

(0.00575) (0.00602) (0.00539)

Ecoregions & NLCD? Yes Yes Yes

Observations 298,766 298,231 293,263

Log Likelihood -19158.63 -344848.34 -26363.68

AIC 38389.27 689768.68 52799.35

Note: Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Estimated in STATA 16 using CLOGIT.
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10 Figures

Figure 1: Map of the home addresses of the survey respondents
where dots represent home address location
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Figure 2: Map of the eBird Hotspots
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Figure 5: Coefficient Selected by Cross-Validation Elastic Net & LASSO

(a) Elastic Net (b) LASSO
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Online Appendix to Accompany:

Appendix: Blending Supplementary Surveys with Citizen Science
Data to Estimate Representative Use Values for Non-market

Environmental Goods: An eBird example

Table A1: Comparison of Weights - Elastic Net Specification, Key Parameters

(1) (2) (3)
Fitted Propensity FWS weights Intensity weights

Roundtrip TC -0.0630∗∗∗ -0.0656∗∗∗ -0.0649∗∗∗

(0.00106) (0.00161) (0.00152)

E(# water bird species) (WT) 0.00717 0.0280∗ -0.0176
(0.0149) (0.0158) (0.0154)

E(# birds of prey species) (PR) 0.0607∗∗∗ 0.0661∗∗∗ 0.0907∗∗∗

(0.0157) (0.0158) (0.0168)

E(# perching bird species) (PH) -0.0301∗∗∗ -0.0335∗∗∗ -0.0228∗∗∗

(0.00840) (0.00824) (0.00774)

E(# game bird species) (GM) 0.00146 -0.00964 -0.0106∗∗

(0.00575) (0.00602) (0.00539)
PR × demean income $10,000 0.000192 0.00165 -0.00248

(0.00195) (0.00218) (0.00191)
PH × demean income $10,000 -0.00320∗∗∗ -0.00417∗∗∗ -0.00300∗∗∗

(0.00101) (0.00104) (0.000943)
GM × demean income $10,000 0.00500∗∗∗ 0.00665∗∗∗ 0.00580∗∗∗

(0.000627) (0.000684) (0.000641)
1(GAP status 1 or 2) -0.0409 -0.0388 -0.105∗∗

(0.0446) (0.0515) (0.0459)
1(GAP status 3) 0.0281 0.0359 -0.0795∗∗

(0.0322) (0.0351) (0.0333)
1(GAP status 1 or 2) × 1(NWR) 0.622∗∗∗ 0.541∗∗∗ 0.737∗∗∗

(0.0634) (0.0747) (0.0733)
1(US Census 2010 Urbanized Area) -0.438∗∗∗ -0.441∗∗∗ -0.399∗∗∗

(0.0422) (0.0480) (0.0450)
(mean) CongestionPMY 646.3∗∗∗ 658.2∗∗∗ 645.7∗∗∗

(12.82) (16.09) (15.04)
CongestionPMY2 -26380.3∗∗∗ -27982.9∗∗∗ -27260.0∗∗∗

(966.2) (1366.7) (1342.3)
1(Endangered) -0.687 -0.0438 -0.649

Continued on next page
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(0.868) (0.737) (1.249)
1(Coast Range) -0.572∗∗∗ -0.489∗∗∗ -0.558∗∗∗

(0.151) (0.176) (0.169)
1(Columbia Plateau) -1.471∗∗∗ -0.604∗ -1.310∗∗∗

(0.159) (0.330) (0.262)
1(Blue Mountains) -0.510∗∗∗ -0.527∗∗∗ -0.674∗∗∗

(0.150) (0.146) (0.149)
1(Northern Rockies) -0.322 0.669∗ -0.479

(0.298) (0.407) (0.352)
1(Willamette Valley) 0.568∗∗∗ 0.549∗∗∗ 0.706∗∗∗

(0.177) (0.187) (0.187)
1(Cascades) -0.275 -0.133 -0.261

(0.169) (0.178) (0.176)
1(North Cascades) -0.910∗∗∗ -0.409 -0.794∗∗∗

(0.190) (0.331) (0.307)
1(Klamath Mountains/California High
North Coast Range)

0.877∗∗∗ 1.225∗∗∗ 0.789∗∗∗

(0.246) (0.277) (0.291)
1(Northern Basin and Range) 1.221∗∗ 1.229∗∗ 1.074∗∗

(0.494) (0.530) (0.506)
1(LC water) -0.0779 -0.146∗∗ -0.0121

(0.0549) (0.0618) (0.0571)
1(LC barren) 0.593∗∗∗ 0.222∗∗∗ 0.692∗∗∗

(0.0503) (0.0587) (0.0530)
1(LC forest) 0.775∗∗∗ 0.826∗∗∗ 0.906∗∗∗

(0.0386) (0.0369) (0.0364)
1(LC shrub) 0.335∗∗∗ 0.351∗∗∗ 0.148∗∗

(0.0635) (0.0704) (0.0693)
1(LC herbaceous) -0.140 -0.196∗ -0.162

(0.105) (0.110) (0.110)
1(LC planted) 0.395∗∗∗ 0.469∗∗∗ 0.475∗∗∗

(0.0481) (0.0575) (0.0510)
1(LC wetlands) 0.644∗∗∗ 0.629∗∗∗ 0.608∗∗∗

(0.0475) (0.0522) (0.0517)
WT × Fit Propens. oprobit jγ̂ for
eBird-qBus mean iγ̂

0.0254 -0.00632 0.0451∗∗

(0.0203) (0.0222) (0.0209)
PR × Fit Propens. oprobit jγ̂ for
eBird-qBus mean iγ̂

0.0211 0.0333 0.00417

(0.0212) (0.0216) (0.0233)
PH × Fit Propens. oprobit jγ̂ for
eBird-qBus mean iγ̂

0.00933 0.0179 0.00636

Continued on next page
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(0.0120) (0.0118) (0.0117)
GM × Fit Propens. oprobit jγ̂ for
eBird-qBus mean iγ̂

-0.0231∗∗∗ -0.0438∗∗∗ -0.0211∗∗∗

(0.00751) (0.00797) (0.00731)
Roundtrip TC × Fit Propens. oprobit
jγ̂ for eBird-qBus mean iγ̂

0.0180∗∗∗ 0.0190∗∗∗ 0.0186∗∗∗

(0.00126) (0.00187) (0.00176)
Ecoregions & NLCD? Yes Yes Yes
Observations 298,766 298,231 293,263
Log Likelihood -19158.63 -344848.34 -26363.68
AIC 38389.27 689768.68 52799.35
BIC 38771.14 690150.49 53180.55

Note: Standard errors in parentheses. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Estimated in STATA 16 using CLOGIT.
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A Results with weights from 2016 FWS data

without LASSO selection of variables

The summary statistics from the 2015 eBird auxiliary survey relative to the 2016 US FWS
survey for birders who took trip(s) away from home is featured in Table A3.

The main results are featured in Tables A4, A5, A6 and A7. The results shown are based
on 9,287 trips taken by 321 birders who responded to the auxiliary survey. Our preferred
model is featured in column 6 of each of these tables which incorporates the exogenous
weights from the 2016 U.S. FWS data.

Consideration Sets We limit eBirders choice set to all possible sites within 60-miles of their
home address. Due to computational limits, we are currently only using 10 percent of the non-
chosen alternatives from the full set of alternatives; the number of sites in a consideration
set ranges from 2 to 89, with the average being 44. Note the results presented here are
preliminary. Early versions of this paper used the population weights constructed with
the 2016 U.S. FWS data and lasso was not decide which variables to include as additional
controls and are available in the appendix. Feedback from audience members about the large
number of control variables and collinearity between the controls led us to use LASSO and
its related tools to select for which control variables to include in the model to reduce the
dimensionality and risk of having overparameterized the model.

A.1 Mixed Logit in WTP Space

Marginal Utilities: Net Income Across all models in Tables A4, A5, A6 and A7, the marginal
WTP of other consumption (the negative α coefficient on the travel cost variable, linear in
this specification) is statistically significant and negative, the expected sign. The parameter
is robust across all of our specifications.

Marginal WTP of Expected Number by Type and Correlations In Table A4, the main variable
of interest in the model is βi1 and Xjt which contain a vector of expected species by type
(water birds, birds of prey, perching birds and game birds). In our preferred specification,
shown in column 6 in Tables A4 and A5 , we find that the marginal WTP of expected
species by type is heterogeneous. Part of the heterogeneity is captured through interaction
terms with observable characteristics and temporal fixed effects. Considerable unobservable
heterogeneity remains as evidence by the statistical significance of the random parameters
and the covariance-variance matrix for these parameters. The baseline parameters for the
expected number of water birds and birds of prey are each respectively positive and signif-
icant, game birds is positive, but statistically insignificant, whereas the parameter for the
expected number of perching birds is negative. The variance parameters for each type is
statistically significant and only the covariance term that is not statistically significant is
between the expected number of perching birds and travel cost.

The negative and statistically significant covariance terms between the expected number
of water birds and birds of prey, game birds and travel cost as well as between the expected
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number of game birds and perching birds suggesting lower levels of utility along the distribu-
tion on one of the attributes whereas all the other statistically significant covariance terms
are positive.

Systematic Variation in the Marginal WTP of Expected Number by Type: Water Birds The
sources of observable heterogeneity in the marginal WTP of an additional water bird species
comes from observable differences in birder characteristics and time. The results suggest
birders have a higher marginal WTP of seeing an additional water bird species if they are
both female and a lister. The temporal differences in marginal WTP for an additional water
bird species is higher for March, August and the fall months of September, October and
November, but negative for the months of April, May, June and the linear time trend.

Systematic Variation in the Marginal WTP of Expected Number by Type: Birds of Prey
The sources of observable heterogeneity in the marginal WTP of an additional birds of

prey species comes from observable differences in birder characteristics and time. The results
suggest that birders have a lower marginal WTP of seeing an additional bird of prey if they
are from a higher income bracket (than the sample average), and/or are older (than the
sample average), and/or are female or a lister. However, female listers marginal WTP is
higher for an additional bird of prey species than a male lister. The temporal differences in
marginal WTP for an additional birds of prey bird species is higher in March, and the linear
time trend parameter is positive and statistically significant.

Systematic Variation in the Marginal WTP of Expected Number by Type: Perching Birds
The sources of observable heterogeneity in the marginal WTP of an additional perching bird
species comes from observable differences in birder characteristics and time. The results
suggest birders have a higher marginal WTP of seeing an additional perching bird if they
are from a higher income bracket (than the sample average), and/or are a lister. The
temporal differences in marginal WTP for an additional birds of prey bird species is lower
in September.

Systematic Variation in the Marginal WTP of Expected Number by Type: Game Birds The
sources of observable heterogeneity in the marginal WTP of an additional game bird species
comes from observable differences in birder characteristics and time. The results suggest
birders have a higher marginal WTP of seeing an additional game bird species if they are
older, and/or female, and/or are a lister, and lower a lower marginal WTP if they are from
a higher income bracket (than the sample average). The marginal WTP of a female lister
is lower for an additional game bird species than a male lister. The temporal differences in
marginal WTP for an additional game bird species is lower in July, November, December,
and for the linear time trend.

Other Site Attributes A number of other site attributes bear statistically significant marginal-
utility coefficients in Table A6 and A7. These include indicators for different management
regimes for biodiversity, ecoregions, land cover classes, urban hotspots, along with our con-
tinuous “congestion/popularity” measure for each hotspot.21

21We originally did include a variable to capture the expected presence of an endangered bird species,
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As in Kolstoe and Cameron (2017), the estimated marginal WTP from visits to National
Wildlife Refuges which are specifically managed for bird biodiversity yields the highest to
eBirders. The marginal WTP for a visit to a National Wildlife Refuge is statistically sig-
nificant, implying there is a higher value (utility) for a birder for specifically visiting a site
managed for bird biodiversity, above and beyond managing a site managed for biodiversity
(this parameter is additive to the parameter for National Parks, etc.). This may not be sur-
prising in light of when individuals are traveling to see birds, they are primarily traveling to
see waterfowl which can be found at National Wildlife Refuges (Wilson, 2010). The marginal
WTP of a visit to a site such as National Parks (e.g. a site with GAP 1 or 2 status) or
National Forests (e.g. a site with GAP 3 status) sites are positive, but are not statistically
significant.

We also find a persistently negative coefficient on the indicator for an urban destination
(activated for hotspots which lie within an Urban Area as defined by the 2010 Census), as
was the case in Kolstoe and Cameron (2017). This suggests there are latent attributes of
sites in urban areas that confers disutility to non-urban sites, independent of species richness.

To control destination ecoregions and land cover, to pre-empt any omitted variable bias
from these two sources in the estimated coefficients on the expected number of bird species.
These two sets of controls account for any utility that is accounted for directly from either
the type of ecoregion or land cover at a site. The baseline ecoregion for the trips is the
Puget Lowland. The indicators for the Coast Range, Columbia Plateau, North Rockies,
Willamette Valley, North Cascades, Klamath Mountains, and the Northern Basin Rage are
positive and statistically significant, indicating a higher value (utility) than to a site in the
Puget Lowland. However the indicators for the Blue Mountains is negative and statistically
significant, whereas the indicator for the Cascades is negative and statistically insignificant.
The land cover class indicators for barren land, forest, planted and wetlands are positive and
statistically significant whereas the indicators for water, shrub/scrub and herbaceous land
cover are not statistically significant.

As in Kolstoe and Cameron (2017) the congestion/popularity variable is proxied using all
eBird members’ reported visits to this hotspot in the same month last year, as a proportion
of all eBird members’ visits to any hotspot during that same time frame. The parameters
suggest that the marginal WTP of anticipated congestion/popularity is a good thing, and
only is in the range where it diminishes for one-percent of the site alternatives. Only a few
sites in our sample receive this share of eBird visits in the previous year, thus over most of
the range of the data, this variable is positive.22

however, it was not statistically significant in any of the models, nor was the expected presence of threatened
bird species so we have since omitted them from the model.

22Linearity in this variable is strongly rejected by a likelihood ratio test.
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B Additional Tables from Earlier Versions of the Paper
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Table A3: Selected Summary Statistics from the 2015 eBird Auxiliary Survey Relative to
the 2016 USFWS Survey for Birders Who Took Trip(s) Away from Home

Survey Sample Statistics % New Survey % USFW 2016
Gender

Male 43 55
Female 57 45

Age
16 to 24 1 5
25 to 34 6 13.9
35 to 44 9 16.8
45 to 54 15 17.8
55 to 64 31 17.8
65 to 74 31 20.8
75 + 2.8 7.9

Income
Less than $20,000 3.34 0
$20,000 to $24,999 3.02 4
$25,000 to $29,999 3.18 0
$30,000 to $49,999 12.71 5
$50,000 to $74,999 18.34 6.9
$75,000 to $99,999 13.53 28.7
$100,000 to $149,999 15.15 45.6
$150,000 or more 9.86 11.9
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Table A9: Systematic seasonal variations in the value of a birding trip (calculated at mean
species richness and mean congestion level, for January 2013, unmanaged site, non-urban
developed destination in the Puget Lowlands). Estimates incorporate the 2016 FWS weights.

Simulation Total WTP for a trip MWTP per WT MWTP per PR MWTP per PH MWTP per GM

B. By month (Tt variable)
(At mean E[S], means of cont. variables, January, 2013, not managed, rural, Puget Lowlands)

January $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

February $-165.44 $4.62 $2.82 $-2.54 $.53
(-172.73, -158.15) (4.25, 4.99) (2.78, 2.87) (-2.61, -2.47) (.52, .54)

March $771.67 $4.93 $5.13 $-1.58 $.14
(764.38, 778.96) (4.56, 5.3) (5.08, 5.17) (-1.65, -1.51) (.13, .15)

April $86.01 $1.79 $3.94 $-1.77 $.59
(78.72, 93.3) (1.41, 2.16) (3.9, 3.99) (-1.84, -1.7) (.58, .6)

May $390.36 $2.02 $4.35 $-1.5 $.92
(383.07, 397.65) (1.65, 2.39) (4.31, 4.4) (-1.57, -1.43) (.91, .92)

June $115.62 $1.89 $3.09 $-1.47 $.46
(108.32, 122.91) (1.52, 2.26) (3.05, 3.13) (-1.54, -1.4) (.45, .46)

July $270.89 $3.92 $2.9 $-1.48 $-.21
(263.6, 278.18) (3.55, 4.29) (2.86, 2.95) (-1.55, -1.41) (-.22, -.2)

August $230 $5.51 $2.3 $-1.86 $.22
(222.7, 237.29) (5.14, 5.88) (2.26, 2.35) (-1.93, -1.79) (.21, .22)

September $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

October $204.99 $5.64 $3.48 $-2.22 $.04
(197.7, 212.29) (5.27, 6.02) (3.44, 3.53) (-2.29, -2.15) (.04, .05)

November $33.41 $5.56 $3.93 $-2.52 $-.37
(26.12, 40.7) (5.18, 5.93) (3.89, 3.98) (-2.59, -2.45) (-.38, -.37)

December $-128.09 $2.47 $4.23 $-2.12 $-.51
(-135.38, -120.79) (2.1, 2.84) (4.18, 4.27) (-2.19, -2.04) (-.52, -.51)

C. By year (Tt variable)
(At mean E[S], mean continuous variables, mean congestion, January, not managed, rural, developed, Puget Lowlands)

2013 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

2014 $8.27 $2.12 $4.05 $-1.93 $.23
(.98, 15.56) (1.75, 2.49) (4, 4.09) (-2, -1.86) (.23, .24)

2015 $-103.76 $.79 $4.46 $-1.88 $.06
(-111.05, -96.47) (.42, 1.17) (4.42, 4.51) (-1.95, -1.81) (.05, .07)

NOTE: The values in parenthesis represent the values within one standard deviation and include the correlations
between the random variables

A30



Table A10: Systematic variation by sociodemographics in the value of a birding trip (cal-
culated at mean species richness and mean congestion level, for January 2013, unmanaged
site, non-urban developed destination in the Puget Lowlands). Estimates incorporate the
2016 FWS weights.

Simulation Total WTP for a trip MWTP per WT MWTP per PR MWTP per PH MWTP per GM

D. By gender
(At means of cont. variables, January, 2013, not managed, rural, Puget Lowlands)

Male, not a Lister(baseline) $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

Female $120.79 $3.45 $3.63 $-1.98 $.41
(113.5, 128.08) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

E. By lister status
(At means of cont. variables, January, 2013, not managed, rural, Puget Lowlands)

Lister $130.1 $3.45 $3.63 $-1.98 $.41
(122.81, 137.39) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

Female Lister $127.36 $3.45 $3.63 $-1.98 $.41
(120.07, 134.65) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

F. By difference in income (Zi variables)
(At mean E[S], mean of other continuous variables, mean congestion, January, 2013, rural, developed, Puget Lowlands)

Min of difference from sample mean income ($0000)=-6.812 $-249.21 $3.23 $7.07 $-3.75 $1.41
(-256.5, -241.92) (2.86, 3.6) (7.03, 7.12) (-3.82, -3.68) (1.4, 1.42)

10th %ile of difference from sample mean income ($0000)=-4.6121 $-154.82 $3.28 $6.2 $-3.3 $1.16
(-162.11, -147.53) (2.91, 3.66) (6.15, 6.24) (-3.37, -3.23) (1.15, 1.16)

25th %ile of difference from sample mean income ($0000)=-2.3621 $-58.27 $3.34 $5.3 $-2.83 $.89
(-65.57, -50.98) (2.97, 3.71) (5.25, 5.34) (-2.9, -2.76) (.89, .9)

50th %ile of difference from sample mean income ($0000)=-2.3621 $-58.27 $3.34 $5.3 $-2.83 $.89
(-65.57, -50.98) (2.97, 3.71) (5.25, 5.34) (-2.9, -2.76) (.89, .9)

Mean difference from sample mean income ($0000)=.985421 $85.36 $3.43 $3.96 $-2.14 $.51
(78.07, 92.65) (3.06, 3.8) (3.91, 4) (-2.21, -2.07) (.5, .51)

90th %ile of difference from sample mean income ($0000)=5.1379 $263.53 $3.54 $2.3 $-1.29 $.02
(256.24, 270.82) (3.16, 3.91) (2.25, 2.34) (-1.36, -1.22) (.02, .03)

Max difference from sample mean income ($0000)=10.1379 $478.07 $3.66 $.3 $-.26 $-.56
(470.78, 485.36) (3.29, 4.04) (.25, .34) (-.33, -.19) (-.56, -.55)

G. By difference in age (Zi variables)
(At mean E[S], mean of other continuous variables, mean congestion, January, 2013, rural, developed, Puget Lowlands)

-44 year difference from sample mean age=-44.378689 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

-38 year difference from sample mean age=-38.378689 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

-28 year difference from sample mean age=-28.378689 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

-18 year difference from sample mean age=-18.378689 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

-8 year difference from sample mean age=-8.378689 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

1.6 year difference from sample mean age=1.6213112 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

11.6 year difference from sample mean age=11.6213112 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

19.6 year difference from sample mean age=19.6213112 $120.3 $3.45 $3.63 $-1.98 $.41
(113.01, 127.59) (3.08, 3.82) (3.59, 3.68) (-2.05, -1.91) (.4, .42)

NOTE: The values in parenthesis represent the values within one standard deviation and include the correlations between the random variables
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