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ABSTRACT Data from citizen science (CS) 
projects (and some social media) can offer 
selected samples with extensive information 
about human interactions with the natural 
world. Independently, we elicit levels of en-
gagement with the eBird project from mem-
bers of the eBird CS project and from a gener-
al-population sample. The general-population 
sample allows an ordered-probit model to 
explain propensities to engage with eBird at 
different levels, which we transfer to predict 
selection-correction terms for our indepen-
dent sample of eBird members. We illustrate 
our method with a question posed only to our 
eBird-member survey sample about the radii 
of their individual spatial consideration sets 
for typical one-day birding excursions. (JEL 
Q26, Q57)

1. Introduction

Observations on human interactions with na-
ture are becoming increasingly plentiful with 
the growth in volunteered geographic infor-
mation (VGI) that people contribute to citi-
zen science (CS) projects (and via some types 
of social media).1 VGI data provide a vast 

1 “Citizen science” or “community science” projects re-
cruit volunteers from the general population to help scien-
tists gather data about the natural world. CS projects have 
proliferated because of the growing ability of participants 
to contribute real-time field observations using convenient 
smartphone apps. As of February 2022, there are more than 
2,000 active CS projects, according to the Citizen Science 
Association (see https://citizenscience.org), 493 are regis-
tered in the federal crowd-sourcing and CS registry (see the 
catalogue offered at www.citizenscience.gov).

amount of granular individual-level informa-
tion about people’s interactions with environ-
mental goods and services—a potential gold 
mine of data for environmental and resource 
economists. However, the amount of VGI 
data a single person provides depends on their 
level of engagement with the data source, be it 
a CS project or a social media platform. In ad-
dition, these data pertain only to the contrib-
uting set of users—citizen scientists, social 
media users, and so on. These are samples of 
convenience rather than random samples from 
the overall population. Sample-selection bias 
is an obvious concern. Users’ intensity of en-
gagement or participation with the project or 
platform affects the likelihood that they ap-
pear in any data set used for statistical analy-
sis. With careful attention to selection correc-
tions, to control for intensity of engagement 
or participation, CS and other sources of VGI 
data may be a valuable research resource for 
environmental economists seeking to provide 
scalable and policy-relevant inferences.

Nonrepresentative voluntary surveys are 
often used by environmental economists to 
collect data. As a consequence, a variety of 
methods have been developed to correct for 
respondents’ differing propensities to respond 
to the survey and be part of the estimating 
sample. These methods certainly include the 
traditional method of Heckman (1979).2 Al-
ternative ad hoc approaches have been pro-
posed, as in Cameron and DeShazo (2013), 
Johnston and Abdulrahman (2017), and Kol-
stoe and Cameron (2017). Proper attention to 
systematic selection, and corrections (if indi-
cated) can be important. Failure to account for 
sample selection can misrepresent the influ-
ence of low- and high-intensity participants 

2 Heckman (1979) is the foundational paper for the least-
squares context, now cited more than 11,500 times in Web 
of Science.

http://le.uwpress.org
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and may bias estimates of the population-level 
behavioral parameters of interest to econ-
omists. For data collected from CS partici-
pants, self-selection bias may arise from the 
potential correlation between the unobserved 
components of (a) their propensities to engage 
with the CS project to different degrees, and 
(b)  their outcome variable of interest in sta-
tistical models concerning the environmental 
good being studied.

In this article, we develop a new approach to 
sample-selection correction for CS/VGI data. 
Our goal is to make any potential inferences 
based on such data more useful for policy 
makers. We illustrate our selection-correction 
strategies for a sample of birdwatchers who 
participate in the eBird CS project. The eBird 
project has proven to be a valuable CS/VGI 
data source for natural scientists and social 
scientists alike (e.g., Kolstoe and Cameron 
2017; Kolstoe, Cameron, and Wilsey 2018; 
Roberts et al. 2017; Rosenberg et al. 2019). 
Furthermore, birdwatching is a very popular 
pastime. About 45.1 million people observed 
birds in the United States, both around home 
and away from home, according to the U.S. 
Fish and Wildlife Service’s 2016 survey on 
Fishing, Hunting, and Wildlife-Associated 
Recreation (FHWAR) report (U.S. Fish and 
Wildlife Service 2018).

We use a survey of eBird CS members in 
the Pacific Northwest and a completely in-
dependent nationally representative sample 
from a survey of the general population of 
the United States. Both samples include spe-
cific information from respondents about the 
degree to which they participate in the eBird 
project, so that we can distinguish the exten-
sive margin (whether an individual does or 
does not participate in eBird), and the inten-
sive margin (the degree to which they engage 
with this CS project).

We propose three strategies for sample- 
selection correction. At the most basic level 
(with its details included the Appendix), we 
use our two samples to construct estimated 
heterogeneous sampling weights (for different 
levels of engagement intensity, controlling for 
the mix of individual characteristics in each 
sample). These weights serve to adjust the 
relative frequencies at different engagement 

levels in our survey of eBird members so 
they more closely match the analogous rela-
tive frequencies at each level in the general- 
population sample.

Our second strategy, which is a more struc-
tural approach, adapts the standard two-stage 
Heckman correction method. We replace the 
Heckman first-stage binary-probit selection 
equation with an ordered-probit selection 
equation to explain six levels of engagement 
intensity. This selection equation still permits 
the calculation of an inverse Mills ratio term 
like the one that is key to the Heckman two-
stage method. However, we estimate the se-
lection equation using our general- population 
sample and then transfer it to our eBird mem-
ber survey sample. As with standard selec-
tion-correction methods, this approach relies 
on strong assumptions about the joint error 
distribution and allows only the expected 
value of the outcome variable (i.e., the inter-
cept of the outcome model) to be distorted by 
sample-selection bias.

Our third approach is more ad hoc. We 
transfer an engagement propensity func-
tion, estimated using our general-population 
sample, to the eBird member survey sample. 
Demeaned individual predicted engagement 
propensities in the eBird member survey sam-
ple, normalized on the mean engagement pro-
pensity in the general-population sample, are 
allowed to shift the intercept and slope param-
eters in the outcome equation of interest. We 
can then simulate the desired outcome equa-
tion if everyone in the eBird sample shared 
the same engagement propensities, identical 
to the mean selection propensity in the gener-
al-population sample.

To demonstrate our selection-correction 
strategies for CS data employing an auxiliary 
general-population sample, we model one 
particular outcome variable from our eBird 
survey: the radius of the respondent’s so-
called consideration set for one-day birding 
excursions. This variable is complementary to 
the idea of the relevant spatial market extent 
(or economic jurisdiction) for a specific rec-
reational destination, as discussed by Loomis 
(1996), Walsh, Milon, and Scrogin (2011), 
and Glenk et al. (2020). Our study presents 
a unique opportunity to address consideration 

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
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sets because we included in the eBird mem-
ber survey a specific question about how far 
each respondent would be willing to travel on 
a typical one-day birding excursion.3

Most previous research concerning recre-
ational destination choices (e.g., Dundas and 
von Haefen 2020) has tended to use a common 
consideration-set radius for all individuals, of-
ten choosing a distance that has been used in 
other studies concerning similar environmen-
tal goods. Sometimes an assumption about 
a single common consideration-set radius 
is loosely informed by the upper percentiles 
of the observed marginal distribution of dis-
tances traveled across all trips in the data, as 
in Kolstoe and Cameron (2017). Other recent 
analyses have grid-searched across possible 
consideration-set radii and employed for all 
individuals the single radius that maximizes 
the model’s likelihood (Holland and Johnston 
2017). Here, we seek to identify individual 
systematic variations across our sample of 
eBird members in their directly elicited con-
sideration-set radii. Our fitted radius function 
may then be transferable to other samples of 
birders from the general population, but only 
if the estimates are corrected for self-selection 
bias in our sample of eBird citizen scientists.

The consideration-set radius for an individ-
ual is related to other concepts in the revealed 
and stated preference literature. For example, 
Sen et al. (2014) adapt the terminology of 
“trip generation functions” (TGF) from the 
transportation economics literature on desti-
nation choices. A TGF, however, models the 
number of trips by an individual as a function 
of the observed travel time for a visit (con-
trolling for origin and destination attributes). 
This approach does not focus on the maxi-
mum distance willingly traveled by a single 
person. Nor does it emphasize heterogeneity 
in this maximum distance across people with 
different characteristics.4

3 The question explicitly excludes trips to destinations 
with reported rare bird sightings. Distances willingly trav-
eled in those special situations can be much larger. This is 
consistent with the distinction between iconic and noniconic 
destinations in the related literature. See n. 5 in Glenk et al. 
(2020).

4 An estimated TGF model could be solved for the av-
erage travel time (and therefore approximately the average 

The spatial stated preference literature 
offers another related concept, referred to 
as “distance decay,” reviewed by Glenk et 
al. (2020). Demand for visits to recreational 
sites is understood to decline with distance, 
holding everything else constant. However, 
distance decay can also reflect the fact that 
destinations at a greater distance face an in-
creasingly large set of potential substitute des-
tinations because the area of a circle around 
a given origin location increases much more 
quickly than the radius of that circle. Never-
theless, there appear to be very few examples 
in the literature where researchers have sought 
to identify individual-level heterogeneity in 
distance decay. A partial exception is Logar 
and Brouwer (2018), who find heterogeneity 
between urban and rural areas. In contrast, the 
individual consideration-set radius model we 
consider in this study acknowledges that there 
can be systematic differences across individ-
uals in these radii, rather than just systematic 
differences over space that are shared by all 
individuals at a given location.

2. Ordered-Probit Strategies for 
Systemic Sample Selection

Our eBird member survey sample is self- 
selected, consisting only of eBird members 
who chose to respond to our survey. These 
birders are likely to participate in the eBird 
project with a different mix of engagement 
levels than might be expected for members 
of the general population. For this study, 
across several waves of the Qualtrics Om-
nibus (qBus) survey, we independently sur-
veyed more than 4,000 respondents from that 
 general-population panel. Appendix A offers 
some further discussion of our qBus sample, 
and Appendix Table A2 contrasts a simple 
binary indicator for eBird CS participation, 
CS, with the greater level of detail in our six 
ordered categories of engagement intensity, 

distance) at which expected trips fall to zero, conditional on 
origin and destination attributes. But these origin attributes 
would typically be population medians or proportions in the 
origin area, not individual characteristics.

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf


Land Economics4 February 2022

CS6, elicited from the qBus data and our sam-
ple of eBird members.5

As noted in the introduction, standard 
 selection-correction models use a binary se-
lection model. We increase the level of detail 
by switching to an ordered-probit selection 
model, using six categories for our “selection 
into citizen science project participation in-
tensity” model, where eBird is the specific CS 
project in question.6 Our general-population 
survey elicits six levels of eBird engagement 
intensity, and our eBird member survey ques-
tions elicit four corresponding levels of eBird 
engagement intensity, conditional (obviously) 
on at least some level of participation in 
eBird. Earlier binary selection models focus 
only on the extensive margin—the choice be-
tween participation versus nonparticipation. 
Our additional level of detail about engage-
ment intensity provides unusual but valuable 
information about the intensive margin of par-
ticipation in eBird for both samples.7

Selection in the General-Population (qBus) 
Sample

For the i = 1,..., N individuals in our 
 general- population (qBus) sample, let CS 
participation intensity, CS6i, take one of six 
levels, from “unfamiliar with the project” 
to “report virtually all of my observations.” 
For everyone, we have the same sociodemo-
graphic and income variables, Zi, that we 
use to explain eBird participation intensity, 
where respondents i = 1,..., r participate in 
eBird at one of four different levels and re-
spondents i = s,..., N do not (but may either 
have heard about eBird, or not). If we sort 
these observations in decreasing order of par-
ticipation intensity, the data for the selection 
model can be written as

5 The Qualtrics Omnibus surveys have been discontinued, 
but there remain numerous other Omnibus options. See Ap-
pendix Table A3.

6 We assume, in this proof-of-concept example, that re-
spondents to the qBus questions are essentially a representa-
tive sample of the general population and respondents to the 
analogous questions posed to our eBird member survey are 
essentially a representative sample of eBird members.

7 Practitioners may be aware that an adjustment could be 
necessary, to the intercept of the fitted propensity variable, 
depending on how the ordered probit algorithm has been pa-
rameterized.
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For the qBus sample, we can model an un-
derlying continuous latent propensity to be a 
member of eBird (denoted with an asterisk) 
as *6i i iCS Z γ η= + . We have observations 
at all six levels of participation intensity for 
the qBus sample. If the qBus sample also in-
cluded information on our outcome variable 
of interest and a vector of regressors, called 
just yi and Xi for now, there would be enough 
information in the qBus sample alone to esti-
mate a selectivity-corrected outcome model, 

i i iy X β ε= + . We could implement either a 
standard binary-probit selection model or the 
six-level ordered-probit selection model we 
develop in this study. But in this case, there 
are no data in the qBus sample for y or the X 
variables. That information is available only 
for our eBird sample.8

Outcome Variable for eBird-Member 
Survey Sample

For the 1,...,j J=  observations from our eBird 
member survey sample, we have Zj socio-
demographic and income variables that con-
form to the Zi variables in the qBus sample, 
but we have no information about anyone 
for whom 6 1jCS =  or 6 2jCS =  (i.e., every-
one in this sample is a member of eBird). In 
this case, the process of selection into eBird 

8 One could attempt to collect all the variables provided 
by our eBird member survey and its linked eBird CS ob-
servations from a large sample of respondents drawn from 
the general population. This would be impractical and dupli-
cative, however, given the number of survey questions that 
would be required (and hence the cost of using a representa-
tive panel). The diary data in eBird also avoid the recall bias 
that would affect retrospective histories of birding activity.
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membership cannot be modeled using the 
eBird data alone because there is no variation 
in the selection outcome for this group. How-
ever, we have data on an outcome variable of 
interest for this sample, yj (in our illustration, 
the individual’s typical consideration-set ra-
dius—their maximum one-way distance for 
a regular one-day birding trip), along with a 
set of regressors, Xj, to explain this outcome, 
where none of this information is available for 
the qBus sample. Our eBird data for CS6j, Zj, 
yj, and Xj can be summarized as

11 1

1

1

1 11 1

1

1

6

5

[ 6] , [ ] ,
4

3

[ ] , [ ]

k

J J k

J kJ

m

J J m

J J mJ

Z Z

CS Z

Z Z

y X X

y X

y X X

× ×

× ×

 
 
 
 

  
  = =   
     

 
 
  

   
   = =   
      







 







  [2]

For the 1,...,j J=  observations in our eBird 
member survey sample, we assume the un-
derlying population relationship between CS6 
and the Z variables is identical to the analo-
gous relationship in the qBus sample. If the 
complete six-level ordered probit-selection 
equation could be estimated for the 1,...,j J=  
observations in the eBird member survey 
sample alone, the relevant pair of equations 
for our selection-correction model would be

*

( , ) (0,0, , , )

j j j

j j j

j j

CS Z

y X

BVN η ε

γ η

β ε

η ε σ σ ρ

= +

= +

  [3]

Of course, this complete joint model cannot 
be estimated using our eBird member survey 
sample alone, because there are only eBird 
members in the 1,...,j J=  observations from 
that survey (i.e., there are no observations 
with CS6j = 1 or CS6j = 2).9

9 For readers who want review the conventional Heckman 
two-step sample-selection correction procedure in more de-
tail, we provide a summary in Appendix B.

Transferring a Fitted Selection Equation

Again, the challenge for selection- correction 
for our eBird member survey sample is that 
we do not have data for the yi outcome vari-
able and the Xi explanatory variables for peo-
ple in the qBus sample who happen to be eBird 
members. We have these variables only for 
our completely independent sample of eBird 
members, where this sample allows linkages 
to extensive profile and birding-related data 
collected by eBird. If we can assume that 
participation in eBird among the general- 
population qBus sample follows the same 
data-generating process as the one that de-
termines participation in eBird among people 
in our eBird member survey sample, perhaps 
we can assume that the underlying statistical 
relationship *( 6 , ) ( , ,1, , )CS y BVN Z X εγ β σ ρ  
applies for both the 1,...,i N=  members of our 
qBus sample and for the 1,...,j J=  members of 
our eBird sample.10

The crux of this approach is that we use the 
ˆqγ  estimates (from an ordered-probit model 
fitted to the qBus data on CS6i and Zi) to con-
struct a predicted index for each member of the 
eBird member survey sample, ˆq

jZ γ , that can 
reflect a different mix of Zj characteristics in 
our eBird member survey sample. We can use 
this predicted index in the  selection-correction 
process for the eBird sample, even though we 
have no data from non–eBird members in the 
eBird member survey sample. With the bi-
variate normality assumption, the conditional 
expected value and variance for yj will be cal-
culated as follows, noting the j subscripts for 
the eBird data:11

10 Mechanically, it would be possible to pool our two sam-
ples and use the combined data set to estimate one common 
selection equation. The advantage of using the qBus sample 
alone for the selection equation is that the qBus data repre-
sent a random sample from the general population. Pooling 
it with the eBird sample, however, produces a data set that no 
longer represents the general population.

11 It is not uncommon for samples to have error distri-
butions with different scales. Probit (and ordered-probit) 
models normalize their parameters on the error standard 
deviation for the model, so the estimated coefficients in the 
selection models we estimate using the qBus data are known 
only up to a scale factor. Each γ  coefficient is implicitly 

* / ηγ σ , where the ησ  applies to the qBus data. If the value 
of ησ  is larger or smaller for the eBird sample, employing 
the coefficients estimated on the qBus sample would lead to 
predicted engagement intensities in the eBird sample that are 
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The inverse Mills ratio (IMR), denoted as  
λ(–Zjγ̂q), is equal to ˆ ˆ( ) [1 ( )]q q

j jZ Zφ γ γ− −Φ −   
=φ γ γΦˆ ˆ( ) ( )q q

j jZ Z , where ( )φ ⋅  is the stan-
dard normal probability density function (pdf) 
and ( )Φ ⋅  is the corresponding  cumulative 
density function (cdf). The term ˆ( )q

jZδ γ−  =
ˆ( )q

jZλ γ− ˆ ˆ[ ( ) ]q q
j jZ Zλ γ γ− + . The desired un-

conditional (i.e., not systematically selected) 
expectation for jy  can be simulated, coun-
terfactually, by setting 0ρ = , so that E[yj | yj 
 observed] = Xj β and Var[yj | yj  observed] = 2[ | observed] =j jVar y y εσ .

The calculated IMR selectivity-correction 
term, based on the ˆqγ  ordered-probit estimates 
from the qBus sample and the Zj variables 
from the eBird sample, can be appended to 
the list of regressors, Xj, in the outcome equa-
tion of interest for the eBird member survey 
sample. This is completely analogous to the 
standard binary-probit two-step selectivity 
correction.12

Ad Hoc Alternative: Interactions with 
Demeaned Propensities

In lieu of a formally derived Heckman-type 
selection-correction model, an alternative 
ad hoc approach can be used. We use the 

biased proportionately downward or upward, respectively. 
Joint estimation using the two samples is feasible in princi-
ple but prohibitively difficult in the current case because of 
the strategy we must use to deal with missing variable val-
ues, discussed below. Here we assume the qBus and eBird 
selection-equation error distributions are identical.

12 It will be appropriate in future research to graduate to 
full-information maximum likelihood joint estimation of 
the selection equation and the outcome equation. The or-
dered-probit form for the selection model is atypical, so no 
packaged algorithms exist to permit FIML estimation of a 
selection-on-ordered-probit model. We note that there is a 
packaged algorithm for ordered probit models with selec-
tion, but this is not what we need. That model has a conven-
tional binary-probit selection model and an outcome equa-
tion that may be estimated as an ordered probit. In Appendix 
C, we provide a detailed discussion of the types of outcome 
models where it may be appropriate to contemplate adding 
an IMR term to correct for sample selection.

estimated engagement propensity model 
from our first-stage selection model to calcu-
late fitted propensities to engage with eBird 
at six levels (in the qBus sample) or pre-
dicted propensities to engage with eBird at 
four levels (in the eBird member survey sam-
ple). For any individual in the eBird member 
survey sample with a given set of Xj vari-
ables, their “predicted engagement propen-
sity” can be used just like any other variable 
that controls for individual-specific heteroge-
neity, such as indicators for gender, age, em-
ployment status, or educational attainment.

In a true random sample from the general 
population, every individual in the population 
is equally likely to show up on the sample. If 
we treat our qBus sample as representative of 
the general population, the predicted engage-
ment intensities for our eBird member sur-
vey sample can be demeaned relative to the 
average fitted engagement propensity for the 
general-population qBus sample. This fitted 
demeaned engagement propensity variable 
can then be allowed to shift all the β param-
eters in the outcome model. After estima-
tion, this demeaned response propensity can 
be counterfactually set to zero, effectively 
dropping all the interaction terms in which it 
is involved. The resulting outcome equation, 
without these interaction terms, then applies 
(in principle) to the case where everyone in 
the estimating sample shares an engagement 
propensity equal to the average engagement 
propensity in the general-population qBus 
data—namely, for a “representative” sam-
ple.13

3. Selection Model: Engagement 
Intensity

Available Variables for Selection Model

Our selection equation requires conformable 
measures of the Zi and Zj variables (i.e., these 
variables must be measured in the same way 

13 For identification, one or more exogenous explanatory 
variables need to be included in the predicted ˆq

jZ γ  index 
that yields the fitted engagement propensities but excluded 
from the jX β  index that represents the conditional expected 
value of the outcome variable of interest.
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for the qBus and eBird member survey data 
sets). For the qBus data, unless one wishes to 
pay for additional questions, it is necessary to 
make do with the default set of sociodemo-
graphic and geographic characteristics that 
are included for all qBus panelists. Thus, we 
aggregate the Z variables for both the qBus 
and the eBird member survey to the same 
level. This yields conformable sets of indica-
tor variables for the different levels of each 
of seven individual characteristics that can be 
allowed to influence the different intensities 
of engagement in our ordered-probit selection 
equation.

The available variables for our selection 
model, conformably aggregated across our 
two samples, are as follows (see Table 1 for 
additional details):

 Q Annual birding excursions of more than 
one mile from home (12 bins).

 Q Whether the individual has participated in 
the Audubon Christmas Bird Count (0/1).

 Q Whether the individual also hunts birds 
(0/1).

 Q Sociodemographics: Gender = female 
(0/1); Age (6 brackets); Race (4 groups); 
Ethnicity (2 groups); Income (5 brackets); 
Geography (4 regions); Employment status 
(5 categories); Educational attainment (5 
levels).

Across observations with no missing val-
ues, for the qBus data (N = 4,161) and for the 
eBird member survey data (J = 1,081), Table 
1 summarizes the proportions of observa-
tions in each set of indicator variables. Note 
that respondents in the general- population 
qBus sample have two more response op-
tions than respondents in the eBird member 
survey sample. The qBus respondents can 
also choose the engagement categories “Un-
familiar with eBird CS project” or “Heard 
of eBird but not a member.” Consequently, 
it is not possible to compare directly the 
proportions in the other four eBird-member 
 engagement-intensity categories across the 
qBus and eBird samples. However, if we cal-
culate the simple qBus conditional distribu-
tion solely for engagement levels 3–6 (where 
a qBus respondent is at least a member of 
eBird), then the relative frequencies for 

Table 1
Descriptive Statistics (Proportions) for Variables in 

First-Stage Engagement-Intensity Models

qBus Sample eBird Sample
Proportions Proportions

Engagement data 
available

1.000 1.000

 1=Unfamiliar with 
eBird CS project

0.802 0.000

 2=Heard of eBird but 
not a member

0.083 0.000

 3=eBird member, but 
report rarely

0.031 0.391

 4=eBird member, 
report <1/2 of birds

0.029 0.280

 5=eBird member, 
report >1/2 of birds

0.030 0.177

 6=eBird member, 
report almost all 
birds

0.024 0.152

Travel 1+ mile data 
available

0.442 0.769

 Trips 1+ miles = 0 0.348 0.277
 Trips 1+ miles = (1,4) 0.063 0.113
 Trips 1+ miles = (4,7) 0.065 0.065
 Trips 1+ miles = 

(7,10)
0.048 0.025

 Trips 1+ miles = 
(10,21)

0.076 0.093

 Trips 1+ miles = 
(21,41)

0.065 0.065

 Trips 1+ miles = 
(41,72)

0.063 0.078

 Trips 1+ miles = 
(72,124)

0.065 0.067

 Trips 1+ miles = 
(124,174)

0.063 0.052

 Trips 1+ miles = 
(174,238)

0.063 0.032

 Trips 1+ miles = 
(238,364)

0.062 0.054

 Trips 1+ miles = 365 0.017 0.078
Audubon CBC data 

available
1.000 1.000

 Has participated in 
CBC

0.092 0.528

Bird-hunting data 
available

1.000 1.000

 Hunts birds 0.224 0.073
Gender data available 1.000 0.994
 Gender: male 0.489 0.427
 Gender: female 0.511 0.573
Age data available 1.000 0.993
 Age: ≤24 years 0.125 0.018
 Age: 25–34 years 0.224 0.065
 Age: 35–44 years 0.196 0.089
 Age: 45–54 years 0.135 0.146
 Age: 55–64 years 0.175 0.311
 Age: ≥65 years 0.145 0.370

(table condinued on following page)
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engagement levels 3–6 (proportion in qBus, 
proportion in eBird) for these four engage-
ment intensities are (0.273, 0.398), (0.252, 
0.275), (0.265, 0.179), and (0.210, 0.146). 
Although these (marginal) relative propor-
tions differ within each pair, it is also possi-
ble that the types of people who respond to 
the qBus survey may differ from the types 
of people who are enrolled in eBird and re-
sponded to our survey of a random sample 
drawn only from eBird members.

Estimation Results for Selection Model

Ordered-Probit qBus Propensities to Engage 
with eBird
The qBus sample has virtually complete data 
for its Zi variables (other than the annual num-
ber of days with birding trips more than one 
mile from home). This completeness stems 
from the fact that the standard demographic 
variables in our selection model are part of the 
“profile” data supplied for each qBus panelist, 
rather than being information we elicited via 
our questions. There are considerably more 
missing values for the Zj variables from our 
eBird member survey, since all the socio-
demo graphic information for that sample 
was collected during our survey, rather than 
being part of a standard profile. At least one 
relevant Zj variable value is missing for 509 
of the 1,081 respondents to the eBird member 
survey.

Our approach for dealing with these miss-
ing values is to transfer from the qBus sam-
ple, to each respondent in the eBird member 
survey sample, the richest possible specifi-
cation of the ordered-probit selection model 
given the nonmissing data for that particular 
eBird respondent.14 To accommodate all of 
the patterns of missing values encountered in 
our eBird member survey data, we must es-
timate ordered-probit specifications with 30 
different combinations of explanatory vari-
ables using the qBus data (as documented in 
Appendixes E and F). An analogous set of 
30 ordered- probit models, but this time with 
just four engagement-intensity levels, can be 
estimated using the eBird member survey 
sample. These eBird ordered-probit models 
are required solely for the construction of our 
heterogeneous population weights, the discus-
sion of which is included in the Appendixes.15

14 In an ideal world, all respondents would answer all 
questions in the survey and then only a single ordered-probit 
specification would be necessary. We could just estimate a 
simpler model based on the subset of data available for all 
respondents but this selection (based on item non-response) 
could introduce further non-representativeness.

15 See Appendix G for the models using eBird data. Our 
heterogeneous population weights for the eBird member 
survey sample are described in Appendix H. Note that for 
the qBus models, “cut5” is the threshold between engage-
ment levels 5 and 6, whereas for the eBird member survey 
models, “cut3” is the corresponding threshold between these 

Table 1
Descriptive Statistics (Proportions) for Variables 

in First-Stage Engagement-Intensity Models 
(continued)

qBus Sample eBird Sample
Proportions Proportions

Income data available 1.000 0.804
 Income: <$25K 0.179 0.072
 Income: $25K–$50K 0.219 0.203
 Income: $50K–$75K 0.189 0.231
 Income: $75K–$100K 0.141 0.173
 Income: ≥$100K 0.272 0.321
Region data available 1.000 1.000
 Region: West 0.225 1.000
 Region: Northeast 0.186 0.000
 Region: Midwest 0.217 0.000
 Region: South 0.372 0.000
Employment status data 

available
1.000 0.849

 Employment status: 
full time

0.473 0.359

 Employment status: 
part time

0.132 0.080

 Employment status: 
looking for work

0.057 0.008

 Employment status: 
unemployed

0.145 0.066

 Employment status: 
retired

0.193 0.487

Education data available 1.000 0.976
 Education: high 

school
0.226 0.036

 Education: some 
college

0.356 0.158

 Education: college 
grad

0.263 0.288

 Education: master’s 
degree

0.118 0.396

 Education: doctoral 
degree

0.038 0.121

Observations 4,161 1,081

Note: Availability indicators are proportions of the total sample; 
group shares are proportions of the available data.

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
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To illustrate just one of the 30 correspond-
ing engagement-intensity models for the two 
samples, Table 2 presents the most complete 
specification that can be estimated using both 
the qBus and the eBird member survey sam-
ples. The complete set of Zj variables is avail-
able for only 572 of the 1,081 eBird member 
survey respondents.16

To predict participation intensities for re-
spondents to our eBird member survey, we 
use the ˆqγ  coefficients estimated from the 
qBus specification, such as the first set of 
results in Table 2 (or the relevant version of 
the rest of the 30 models, to match the pat-
tern of item nonresponse for each observation 
in the eBird member survey sample). We use 
these parameter estimates to calculate four 
predicted engagement-level probabilities (for 
construction of our weights) and predicted en-
gagement intensities and predicted IMR terms 
to be used for sample-selection corrections in 
outcome equations that rely on only the eBird 
member survey data. The second set of results 
in Table 2 is estimated using the eBird mem-
ber survey data alone. Again, we need these 
eBird ordered-probit models only to calculate 
fitted engagement-level probabilities in the 
eBird member survey sample, an ingredient 
in our heterogeneous sampling weights de-
scribed in Appendix H.17

One of the key innovations is the specifica-
tion of this sample-selection model where the 
selection equation is an ordered-probit model. 
Of course, a binary-probit selection equation 
could be estimated and used in an analogous 

levels. A simple change-of-origin restores comparability. 
The polr package in R handles ordered-probit models, with 
its “method” argument set to “probit.”

16 At the other end of the spectrum of data completeness 
in the eBird member survey sample, Appendix E contains an 
analogous table for the largest model that can be estimated 
for every respondent in the eBird member survey sample 
without being limited by missing data. This selection model 
can use all 1,081 eBird member survey respondents who an-
swered the question about our outcome variable of interest, 
but must employ far fewer explanatory variables Zj.

17 To construct our weights to be applied to each observa-
tion in the eBird member survey sample, we require engage-
ment-level probabilities for our eBird sample that are (a) 
“expected,” that is, predicted, based on parameter estimates 
transferred from the qBus sample, and (b) “observed” (i.e., 
fitted, based on parameter estimates directly from the eBird 
sample alone).

manner, although it contains less informa-
tion.18

In comparing the coefficient estimates for 
each sample in Table 2, we note numerous dif-
ferences. These differences do not imply that it 
is inappropriate to transfer our qBus estimates 
to the eBird member survey sample for use in 
our selection-correction procedures. The eBird 
member survey sample is also a selected sample 
for these ordered- probit  engagement-intensity 
models. The qBus model covers all six engage-
ment-level propensities, including the roughly 
88% of the qBus general-population sample 
who are not eBird members. In transferring 
the qBus propensity parameters to our eBird 
member survey sample, it is imperative to pre-
serve the influence of the first two, non–eBird 
member engagement levels in our general- 
population qBus data.

Consider the signs and significance of the 
individual coefficient estimates in Table 2. 
For respondents who report having traveled at 
least one mile from home to see birds over the 
past year, the more days a year a respondent 
has made such a trip, the greater their pro-
pensity to engage with eBird. These effects 
are statistically significant only in the eBird 
member survey sample, however. Past partici-
pation in the Audubon Christmas Bird Count 
increases engagement propensity in the qBus 
sample, but this effect is not apparent in the 
eBird member survey sample. Whether the re-
spondent also hunts birds has no discernible 
effect on eBird engagement intensity in either 
sample, although the point estimate is positive 
for the qBus sample and negative in the eBird 
member survey sample.

Female qBus respondents have statisti-
cally lower eBird engagement intensities than 
males, but the same is not true for women in 
the eBird member survey sample. Individuals 
who are less than 44 years old have higher 
propensities to engage with eBird, with the 
largest effect for eBird members 24 years old 

18 Appendix I digresses to explore a variety of the interme-
diate components of our models. E.g., in terms of in-sample 
fitted engagement propensities, our ordered-probit selection 
model tracks the conventional binary-probit selection spec-
ification closely when each is applied to the same sample of 
qBus respondents (although the ordered-probit model pre-
dicts somewhat greater propensities at the low end of the 
range).

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
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Table 2
Estimated Coefficients, Ordered-Probit Engagement-Level Models  

Examples with Maximum Heterogeneity

Ordered Probit  
qBus Data

Ordered Probit  
eBird Data

Travel 1+ mile data available 0.136 (0.661) —a

 Trips 1+ miles = 0 −0.870 (0.667) −2.828*** (0.228)
 Trips 1+ miles = [1,4) −0.260 (0.678) −3.113*** (0.268)
 Trips 1+ miles = [4,7) −0.554 (0.683) −1.862*** (0.287)
 Trips 1+ miles = [7,10) −0.388 (0.681) −2.243*** (0.372)
 Trips 1+ miles = [10,21) −0.0566 (0.667) −1.820*** (0.250)
 Trips 1+ miles = [21,41) −0.0189 (0.668) −1.496*** (0.262)
 Trips 1+ miles = [41,72) 0.287 (0.665) −1.354*** (0.254)
 Trips 1+ miles = [72,124) 0.518 (0.663) −0.711*** (0.258)
 Trips 1+ miles = [124,174) 0.400 (0.663) −0.644** (0.293)
 Trips 1+ miles = [174,238) 0.487 (0.662) −0.582* (0.321)
 Trips 1+ miles = [238,364) 0.730 (0.661) −0.422 (0.286)
 Trips 1+ miles = 365 0.699 (0.687) —b

Has participated in CBC 1.916*** (0.0706) 0.170 (0.107)
Hunts birds 0.0640 (0.0965) −0.0767 (0.181)
Gender: female −0.169*** (0.0509) −0.111 (0.107)

Relative to Omitted Category: 45–54 years

Age: ≤24 years 0.539*** (0.0991) 0.994** (0.424)
Age: 25–34 years 0.545*** (0.0871) 0.293 (0.216)
Age: 35–44 years 0.360*** (0.0894) 0.325* (0.192)
Age: 55–64 years −0.207* (0.110) −0.117 (0.159)
Age: ≥65 years −0.298** (0.134) 0.146 (0.201)

Relative to Omitted Category: $50K–$75K

Income: <$25K −0.0590 (0.0853) −0.0751 (0.254)
Income: $25K–$50K −0.0192 (0.0774) 0.143 (0.150)
Income: $75K–$100K −0.0423 (0.0867) −0.0150 (0.158)
Income: ≥$100K −0.0118 (0.0784) 0.143 (0.138)

Relative to Omitted Category: West

Region: Northeast 0.164** (0.0737) —b

Region: Midwest −0.0186 (0.0754) —b

Region: South 0.0552 (0.0660) —b

Relative to Omitted Category: Full Time

Empl. status: part time 0.0409 (0.0751) −0.148 (0.188)
Empl. status: looking for work −0.173 (0.108) −0.819 (0.650)
Empl. status: unemployed −0.109 (0.0805) −0.0110 (0.217)
Empl. status: retired −0.148 (0.107) −0.325** (0.163)

Relative to Omitted category: 4-Year College Degree

Education: high school −0.0294 (0.0754) 0.693** (0.309)
Education: some college −0.128* (0.0671) 0.00246 (0.170)
Education: master’s degree 0.269*** (0.0826) 0.259** (0.121)
Education: doctoral degree 0.165 (0.124) 0.00792 (0.165)

Ordered-Probit Thresholds

Cut1 1.279*** (0.113) −2.651*** (0.288)
Cut2 1.895*** (0.116) −1.309*** (0.279)
Cut3 2.258*** (0.119) −0.363 (0.274)
Cut4 2.690*** (0.123) —c

Cut5 3.341*** (0.132) —c

(table continued on following page)
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or younger. Older respondents in the qBus 
survey have significantly lower eBird engage-
ment propensities.

Income, aggregated into five brackets, 
does not appear to influence eBird engage-
ment propensity in either sample. However, 
engagement propensities are statistically sig-
nificantly higher in the Northeast region of 
the United States than elsewhere. In the qBus 
sample, employment status seems to have no 
effect on eBird engagement propensities, but 
in the eBird member survey sample, being re-
tired (as opposed to being employed full time, 
the omitted category) decreases eBird engage-
ment propensities (where these estimates con-
trol for age group and annual frequencies of 
trips of more than one mile to see birds).

In the qBus sample, compared to individu-
als with a four-year college degree (the omit-
ted category), those with only some college 
have lower engagement propensities. For both 
samples, having a master’s degree increases 
eBird engagement propensity.19

Transferring qBus Selection Model to eBird 
Member Survey Sample
We use the assumption that for each individ-
ual in our eBird member survey sample, we 
can transfer the relevant set of ˆqγ  parameters 

19 In our eBird member survey sample, only about 3.5% 
of respondents have just a high school education or less, so 
perhaps not much ought to be read into the statistically sig-
nificantly positive effect of lower educational attainment on 
eBird participation propensities in the eBird member survey 
sample (where respondents were required to be 18 years or 
older). If school-based eBird assignments recruit 18-year-
olds still in high school, this could account for the greater 
eBird engagement propensities in this group.

estimated using the qBus data. The qBus se-
lection model to be transferred needs to be es-
timated using the same set of nonmissing re-
gressors, so that we have exactly the necessary 
information to calculate a predicted propensity 
index, ˆq

jZ γ , that exploits as much information 
as we have about that individual eBird mem-
ber’s sociodemographic characteristics.20

Figure 1 displays smoothed densities for 
the marginal distributions across the relevant 
sample (i.e., the degree of heterogeneity) 
across respondents in the fitted (or predicted) 
probabilities of being at each of the four en-
gagement levels (3, 4, 5, and 6), conditional 
on the individual being a member of eBird. 
Panel A shows the fitted individual probabili-
ties of being at each engagement level for the 
qBus sample. Panel B shows the same for the 
eBird member survey sample. Panel C shows 
the predicted probabilities of being at each en-
gagement level for the eBird member survey 
sample, calculated by transferring the param-
eters of the relevant ordered probit model esti-
mated using the qBus sample.

4. Outcome Model: Consideration-
Set Radii

Available Variables for Outcome Model

This section illustrates the use of our pre-
dicted, rather than estimated, IMR terms in 

20 Appendix I also includes a comparison of the pre-
dicted inverse Mills ratios based on the binary-probit and 
ordered-probit selection models when the parameters esti-
mated for the qBus sample are transferred to the eBird mem-
ber survey sample.

Table 2
Estimated Coefficients, Ordered-Probit Engagement-Level Models  

Examples with Maximum Heterogeneity (continued)

Ordered Probit  
qBus Data

Ordered Probit  
eBird Data

Observations 4,161 572
Max. log likelihood −2,390.32 −582.44

Note: The first model is a six-level model using the full qBus sample. The second is a four-level model for the 
subset of 572 eBird survey respondents with complete data for this least-restricted specification. Specifications 
with fewer explanatory variables can use more observations in the eBird data set. Other models to accommodate 
all of the patterns of missing variables in the eBird data are in the Appendixes.

aToo few missing values to identify this coefficient.
bThese indicators are zero for all observations in the eBird data.
cThere are only four levels of engagement in the eBird data.
* p < 0.05; ** p < 0.01; *** p < 0.001.

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
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a model that explains the maximum distance 
that people state they would typically consider 
traveling for a one-day birding excursion. This 
model is estimated using only our eBird mem-
ber survey sample. As noted in the introduc-
tion, consideration sets for destination-choice 
models are related to the concepts of market 
extent, trip-generating functions, and distance 
decay. The summary statistics for the eBird-
only data available for these models are given 
in Table 3.

The variables available to use as regressors 
in our consideration-set-radius model are dif-
ferent from those used in our ordered-probit 
models to explain levels of eBird engage-
ment intensity. For our engagement-intensity 
models, we were limited to variables that 
were available and could be measured con-
formably for the qBus sample and the eBird 
member survey sample, given our need to per-
form a “model transfer.” We have richer data 
from the eBird member survey that was not 

Figure 1
Predicted Probabilities, Engagement Levels 3–6. A: qBus Sample; B: eBird Sample;   

C: eBird Sample Based on an Ordered-Probit Model Estimated Using the qBus Sample
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available in the qBus sample. For example, 
our eBird member survey elicits income in 
much finer brackets than we could use in the 
 engagement-intensity models, so we convert 
the income bracket data into an approximate 
continuous income variable.21

We also take advantage of our eBird mem-
ber survey data concerning eBirders’ interests 
in different species categories. For various 
categories of bird species, 6%–11% of eBird-
ers report that they have no interest in that cat-
egory. The least popular category in our eBird 
member sample is “game birds other than 
waterfowl” (e.g., pheasants, turkeys, grouse, 
partridges). This information about the goals 
of individual birders ties our analysis to the 
notions explored in Swait, Franceschinis, and 
Thiene (2020), who find that benefit variations 

21 Given the vagaries of just what income measure is the 
relevant measure of income, we simply use the midpoint of 
each income bracket. For the under $20,000 interval, we ar-
bitrarily assign $18,000. For the over $200,000 interval, we 
arbitrarily assign $225,000.

associated with distance depend on people’s 
goals in their recreational pursuits.

In the specific context of birding, the ques-
tion of the relevant consideration sets for 
birders has bearing on the potential “active 
use” versus “passive use” (option, bequest, or 
existence) values of environmental projects 
to protect or enhance local wild bird popula-
tions. It is likewise relevant to calculation of 
the welfare effects of wholesale shifts in the 
geographic ranges of different bird species in 
response to climate change. (Birds are highly 
mobile and are likely to relocate more quickly 
than are most birdwatchers.)

Estimation Results for the Outcome Model

Our dependent variable for these models, the 
maximum distance considered for a typical 
one-day birding trip, is elicited in distance 
brackets in our eBird survey. The exact word-
ing of the question is: “If you are NOT mak-
ing a special trip to try to see a reported rare 
bird, what is the greatest distance you would 
consider traveling, one way, for a regular 
 single-day birding trip?” The lowest category 
is “10 miles or less,” so no answers of exactly 
zero are observed. A reasonable estimation 
method assumes that the latent continuous de-
pendent variable is conditionally log- normally 
distributed. An interval data regression model 
can then be estimated by maximum likelihood 
methods.22

Model 1 in Table 4 is a naive specification 
to explain consideration-set radius (maxi-
mum willingness to travel to see birds) with 
no corrections. Model 2 is an otherwise naive 
specification that uses only our constructed 
weights, as detailed in Appendix H. Mod-
els  3–5 continue to employ these weights. 
Model 3 includes an IMR variable based on a 
conventional binary-probit selection equation, 
and model 4 uses our novel ordered-probit 

22 Stata’s intreg estimator is available for such models. 
The survival package in R, with its survreg function, would 
appear to handle similar interval-data regressions, with its 
“dist” argument set to “gaussian.” Our survey also includes 
the question: “If you travel more than one or two miles from 
home to go birding, what is your most frequent mode of 
travel for these birding trips?” Less than 6% of respondents 
selected the answer: “I never travel more than one or two 
miles for birding.” Still, this admits for shorter excursions.

Table 3
Descriptive Statistics

Mean Std. Dev.

Dependent Variable (Consideration-Set-Radius, Lower 
Bound of Chosen Interval)

Self-reported maximum radius (i.e., 
extent) of travel in miles

83.28 58.10

Explanatory Variable

Employment status: employed 0.373 0.484
Income data available 0.804 0.397
Income in 10k, if reported 7.011 5.891
Gender: female 0.570 0.495
Age: <45 years 0.171 0.377
Age: >64 years 0.367 0.482
Education: graduate school 0.505 0.500
No interest: perching birds 0.057 0.233
No interest: other game birds 0.111 0.314

Selection-Correction Options

Binary-probit IMR 2.035 1.212
Adjusted ordered probit IMR 1.668 0.978
Engagement propensity (demeaned 

using qBus mean)
0.657 1.261

Observations 1,081

Note: Variables are for the outcome model, elicited from the eBird 
member survey sample for n = 1,081 respondents who answered the 
question about maximum one-way distance for a birding day trip.

https://uwpress.wisc.edu/journals/pdfs/LE-98-1-01-Cameron-app.pdf
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Table 4
Consideration-Set-Radius Models without and with Engagement-Intensity  
Weights and Either Sample-Selection Corrections or Interactions between  

All Regressors and Demeaned Ordered-Probit Selection Propensities

(1) (2) (3) (4) (5)

Model Naive
Weights 

Only
Binary Probit 

IMR
Ordered Probit 

IMR
Demeaned 
Propensity

Main Variable

Empl. Status: employed −0.0351 −0.0613 −0.0872 −0.0934 −0.299*
 (0.0696) (0.0973) (0.0943) (0.0936) (0.154)
Income data available −0.429*** −0.362** −0.342* −0.354** −0.223
 (0.127) (0.180) (0.176) (0.175) (0.186)
ln(Income in 10K, if reported) 0.218*** 0.171** 0.156** 0.158** 0.0628
 (0.0533) (0.0730) (0.0718) (0.0710) (0.0887)
Gender: female −0.127** −0.123 −0.0374 −0.0410 0.000944

(0.0590) (0.0796) (0.0787) (0.0783) (0.106)
Age: <45 years 0.185** 0.225** 0.167 0.137 −0.317
 (0.0835) (0.112) (0.106) (0.108) (0.197)
Age: >64 years −0.0489 −0.114 −0.0287 −0.103 −0.0110

(0.0713) (0.0982) (0.100) (0.0961) (0.115)
Education: graduate school 0.113* 0.0132 −0.0649 −0.0642 −0.259***

(0.0598) (0.0751) (0.0741) (0.0748) (0.0958)
No interest: perching birds −0.811*** −0.862*** −0.847*** −0.829*** −0.749***

(0.148) (0.198) (0.205) (0.202) (0.190)
No interest: other game birds −0.634*** −0.660*** −0.577*** −0.578*** −0.549***

(0.107) (0.130) (0.131) (0.130) (0.127)
Constant 4.066*** 4.170*** 4.494*** 4.403*** 4.102***

(0.0972) (0.127) (0.135) (0.131) (0.140)

Selection-Correction Strategy

Binary-probit IMR −0.169***
(0.0305)

Ordered probit IMR −0.386***
(0.0689)

Interaction between Main Variables and Demeaned Engagement Propensity (Demeaned Using qBus Sample Mean)

Empl. Status: employed × engagement prop. (demeaned) 0.185
(0.158)

Income data avail. × engagement prop. (demeaned) −0.120
(0.0756)

ln(Income in 10K, if reported) × engagement prop. (demeaned) 0.134*
(0.0692)

Gender: female × engagement prop. (demeaned) 0.224*
(0.117)

Age: <45 years × engagement prop. (demeaned) −0.00451
(0.0733)

Age: >64 years × engagement prop. (demeaned) −0.0223
(0.0607)

Education: graduate school × engagement prop. (demeaned) 0.0176
(0.0551)

No interest: perching birds × engagement prop. (demeaned) −0.231
(0.175)

No interest: other game birds × engagement prop. (demeaned) 0.160
(0.107)

Constant × engagement prop. (demeaned) 0.282***
(0.0813)

ln(σε) −0.0803*** −0.0583* −0.0788** −0.0808*** −0.105***
 (0.0237) (0.0306) (0.0313) (0.0310) (0.0310)

(table continued on following page)
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selection equation. Finally, model 5 shows the 
results from our ad hoc selection-correction 
strategy that interacts each main determinant 
of consideration-set radius extent with a de-
meaned predicted engagement propensity 
(based on our adjusted ordered-probit selec-
tion specification estimated on the qBus sam-
ple and transferred to the eBird member sur-
vey sample).23

For the models in Table 4, our explanatory 
variables include whether the eBird member 
is currently employed, whether they were 
willing to report their income in our eBird 
survey, the level of that income, their gender, 
their membership in three broad age brackets 
and two educational attainment categories, 
and whether they specifically express no inter-
est in each of two categories of bird species.24

Model 2 employs our calculated sample 
weights—based on relative fitted engage-
ment-level probabilities in the general pop-
ulation, as opposed to this eBird member 
survey sample. Recall that women represent 
about 57% of the eBird sample, but only 51% 
of the qBus general-population sample. The 
only notable difference in the estimates, with 
the inclusion of weights, is that the coefficient 
on the female indicator, which was negative 
and statistically significant at the 5% level in 

23 Ad hoc correction specifications like model 5 are poten-
tially helpful in contexts where the error term in the outcome 
equation does not have an explicit (or at least an underlying) 
normal distribution—as is the case with destination choice 
models estimated using the standard random utility method.

24 Our survey elicited levels of interest in five categories 
of species, but for only two categories do interest levels have 
statistically significant effects on consideration-set radii.

the unweighted model, becomes statistically 
insignificant in all other specifications. Given 
this difference, we retain these weights in sub-
sequent specifications and consider the ways 
in which the results for models 3, 4, and 5 are 
different from those for models 1 and 2.

IMR Coefficients
Models 3 and 4 in Table 4 are the two IMR-
based selection-corrected models that rely 
on the strong assumption of bivariate normal 
errors for the latent engagement-intensity 
variable and the interval-censored outcome 
variable. The coefficient of interest is that on 
the relevant fitted IMR. In two-stage methods, 
this coefficient is the estimate of ε λρσ β= .  
Given that the error standard deviation, εσ , 
must be positive, the sign of this compound 
parameter implies the sign of ρ, the correla-
tion between the errors in the selection and 
outcome equations.

Our negative IMR coefficients in models 3 
and 4 imply that unobserved factors that make 
a respondent more likely to be intensely en-
gaged with eBird also make them willing to 
travel less far on a typical one-day birding 
trip. We must acknowledge that models 3 and 
4 treat these second-stage predicted IMR vari-
ables as nonstochastic (thereby understating 
the amount of noise in the model). Never-
theless, these negative IMR coefficients are 
strongly statistically significantly different 
from zero.25

25 FIML estimation of the joint model for engagement 
propensity and consideration-set radii could remedy this 

Table 4
Consideration-Set-Radius Models without and with Engagement-Intensity  
Weights and Either Sample-Selection Corrections or Interactions between  

All Regressors and Demeaned Ordered-Probit Selection Propensities (continued)

(1) (2) (3) (4) (5)

Model Naive
Weights 

Only
Binary Probit 

IMR
Ordered Probit 

IMR
Demeaned 
Propensity

Observations 1,081 1,081 1,081 1,081 1,081
Log likelihood −2,411.41 −2,429.96 −2,409.82 −2,408.03 −2,382.37
AIC 4,844.83 4,881.92 4,843.64 4,840.05 4,806.74
BIC 4,899.67 4,936.77 4,903.47 4,899.88 4,911.44
Weighted? No Yes Yes Yes Yes

Note: Standard errors are in parentheses. Dependent variable: log of maximum one-way distance willingly traveled on a typical birdwatching 
day trip.

* p < 0.05; ** p < 0.01; *** p < 0.001.
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We had expected (if anything) that the pro-
pensity to participate in eBird would be pos-
itively associated with a respondent’s consid-
eration-set radius, since latent birding avidity 
could be an important omitted variable. It is 
somewhat counterintuitive to find negative es-
timates for the IMR coefficients. Perhaps the 
relevant unobserved heterogeneity includes 
the opportunity cost of time (or unobserved 
age-related technical sophistication in using 
the online eBird app, or for online surveys in 
general).

Employment status. None of models 1–4 
in Table 4 suggest that employment sta-
tus has a statistically significant effect on 
 consideration-set radii. However, model 5, us-
ing our ad hoc correction of interacting each 
regressor with the demeaned engagement 
propensity, suggests that consideration-set 
radii for the general population are smaller 
by about 30% if the respondent is currently 
employed. Employed people are likely to have 
less free time for all leisure activities, includ-
ing birding excursions.

Income data availability indicator and 
level of income, if known. For all but model 
5, compared with respondents who decline to 
provide such data in the eBird member sur-
vey, those who do provide income data report 
 consideration-set radii that are smaller by 
about 34%–43%. However, this negative effect 
is offset by the positive effect of income (when 
reported) on consideration-set radius—a 1% 
higher income corresponds to a radius that is 
larger by about 0.15%–0.22%. Higher-income 
respondents likely have less-binding budget 
constraints for travel ex penses.26 Model 5, 
though, suggests that income has no statisti-
cally discernible effect on consideration-set 
radii in the general population.

Gender. The point estimate for the effect 
of being female on consideration-set radius 

 estimated-regressors  problem and may be pursued in future 
applications.

26 Compared with respondents who withhold their income 
data, the positive effect of greater income overcomes the 
negative effect associated with the provision of any income 
data when income reaches roughly $21,400–26,200. Mean 
reported household income in the sample is about $87,200, 
and the minimum reported income is $18,000, so the effect 
of additional income on consideration-set radius is positive 
for most of the sample.

is negative in models 1–4 (although the esti-
mate is statistically significantly negative only 
in model 1). The estimated effect of gender 
changes sign in model 5, but remains insig-
nificant, suggesting that gender has no effect 
on consideration-set radii in the general pop-
ulation.

Age. Models 1 and 2, which do not correct 
for systematic selection, suggest that being 
less than 45 years old (compared with the 
omitted category of 45–64 years old) is asso-
ciated with a consideration-set radius that is 
larger by about 18%–23%, but this effect dis-
appears in models 3–5, which explore alterna-
tive remedies for systematic selection.

Education. Relative to the omitted category 
with a college degree or less, model 1 implies 
that having attended at least some graduate 
school increases expected consideration-set 
radius by 11%, significant at the 10% level. 
Models 2–4 suggest that graduate school has 
no statistically significant effect on radius, but 
model 5 implies that in the general population, 
graduate school is associated with a strongly 
statistically significant 26% smaller radius.

Disinterest in particular categories of spe-
cies. Across all five specifications, respon-
dents to our eBird member survey who reveal 
that they are not interested in perching birds 
or not interested in “other game birds” (i.e., 
game birds other than waterfowl), have statis-
tically significantly smaller consideration-set 
radii. The magnitudes of these effects are also 
similar across all specifications. Reporting a 
lack of interest in either of these categories of 
birds shrinks expected radius substantially, by 
58%–86%.

Model 5’s Interaction Terms
Among the selection-correction models, 
models 3 and 4 rely on strong assumptions 
of bivariate normal errors and slope coeffi-
cients that are identical in the eBird sample 
and the general population. Under these spe-
cific conditions, adding to the model a single 
(appropriate) IMR term, with an unrestricted 
coefficient, would yield slope coefficients for 
the other variables assumed not to be biased 
by sample selection. These IMR strategies 
can be described as structural approaches to 
 sample-selection correction.
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In contrast, model 5 is ad hoc, unstructured, 
and highly flexible. This approach makes a 
different but perhaps equally strong assump-
tion—that each parameter of the outcome 
model varies linearly with the respondent’s 
predicted propensity to engage with eBird, the 
latent continuous variable that drives people’s 
intensive margin of participation in eBird at 
various engagement levels. The linear rela-
tionship between each estimated coefficient 
and the demeaned predicted engagement pro-
pensity may be positive or negative or statis-
tically zero. The counterfactual we wish to 
simulate is the set of outcome model param-
eters that would obtain if everyone in the es-
timating sample shared the mean engagement 
propensity in the general population (i.e., the 
qBus sample).

Prior to estimation, we transformed each 
respondent’s predicted engagement propen-
sity (the ˆq

jZ γ  “index”) by taking its deviation 
from the population mean (i.e., from its mean 
in the qBus sample), the average value of ˆq

iZ γ .  
In the population, the demeaned engagement 
propensity variable would be zero, but in Ta-
ble 3, note that the average demeaned engage-
ment propensity in the estimating sample is 
about 0.657. People from our eBird member 
survey do have a higher than average propen-
sity to engage with eBird.

When we include in model 5 the interac-
tion terms between each basic regressor and 
our demeaned engagement propensity vari-
able, the coefficients on the noninteracted ba-
sic regressors can be interpreted as the simu-
lated values of those coefficients at the mean 
engagement propensity in the population. In 
the bottom half of Table 4, for model 5, we 
show the estimated coefficients on the inter-
action terms, which reveal how the effects of 
each basic regressor vary with the individual’s 
predicted engagement propensity.

The interaction terms in model 5 suggest 
that although income has no statistically dis-
cernible effect on consideration-set radius at 
the mean engagement propensity in the gen-
eral population, the effect of income on this 
radius increases systematically with the re-
spondent’s predicted engagement propensity. 
There is a similar effect for being female. 
The most statistically significant interaction 
term in model 5, however, is the (implicit) 

interaction between the demeaned engage-
ment propensity variable and the intercept 
term in the basic specification (which is just 
the demeaned propensity variable itself). The 
strongly statistically significant positive co-
efficient on this term implies that expected 
 consideration-set radius is larger as the de-
meaned engagement intensity increases. 
Given that demeaned engagement intensity in 
the estimating sample is positive, on average, 
the uncorrected eBird member survey sample 
overstates the  consideration-set radii in the 
general population.

One relevant observation about the de-
meaned engagement propensity variable in 
model 5 is that the ordered-probit IMR is very 
close to being a linear transformation of this 
propensity variable over the relevant range 
in our data. The correlation between the two 
variables is −0.9955. For corrected predic-
tions about consideration-set radii in model 4, 
we eliminate the IMR term by setting its coef-
ficient to zero (i.e., by assuming that ρ is zero, 
so that 0ερσ = ). In model 5, if we were to in-
clude just the demeaned engagement propen-
sity variable without its interactions with the 
basic regressors, we would set to zero the de-
meaned propensity variable itself to produce 
corrected predictions about consideration-set 
radii. Given the degree of correlation between 
the two variables, either correction would be 
expected to have about the same effect on the 
vector of coefficients on the basic variables. 
Thus, we can view model 5 as being, in effect, 
a generalization of model 4 with additional 
flexibility. Model 5 also permits all the slopes 
to differ, not just the intercept.

Predicted Values for the Outcome Variable 
with and without Corrections

The point of sample-selection correction is to 
adjust the statistical relationships observed in 
the selected sample to better reflect the gen-
eral population. We can compare the predicted 
consideration-set radii for selected specifica-
tions.27 The top graph in Figure 2 shows the 

27 Recall that the dependent variable in the specifications 
in Table 4 is in log form. Exponentiation of a fitted log value 
yields the median of the fitted level. One must multiply by 
the fitted value of 2( / 2)εσ  to recover the mean of the fitted 
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predicted radii from model 4 in Table 4 plot-
ted against the predicted radii for the same 
observations under the naive model 1 with no 
weighting or correction for sample selectivity. 
Model 4, with its ordered-probit IMR term, 
predicts consideration-set radii that are uni-
formly larger than those predicted by model 1. 
This difference arises because of the negative 
error correlation between the selection equa-
tion and the outcome equation, as implied by 
the negative coefficient on the IMR term. An 
individual who is more likely to show up in 
the eBird sample than their observed char-
acteristics would predict also tends to have a 
smaller consideration-set radius than their ob-
served characteristics would predict.

However, the effects of systematic se-
lection on predicted consideration-set radii 

conditional distribution, due to the skewness of the implied 
log-normal distribution.

implied by model 4 are notably opposite from 
the effects implied by the results shown in 
the bottom graph in Figure 2. This second 
graph features the radii predicted by model 5 
in Table 4, where each explanatory variable 
is also interacted with the demeaned engage-
ment propensity variable. This demeaned 
propensity is then set to zero to simulate the 
expected consideration-set radius if everyone 
in the sample had a fitted engagement inten-
sity equal to the average in the qBus sample. 
These fitted values plotted, likewise, against 
those for the naive model 1, show that the ra-
dii in the general population are smaller than 
they are in the selected sample of birding en-
thusiasts in the eBird sample.28 Clearly, effect 
of the negative error correlation between the 
selection and outcome equations is more than 
offset by the heterogeneity in the slope coef-
ficients that is a function of predicted engage-
ment propensities.

Figure 3 compares the two marginal distri-
butions of predicted consideration-set radii for 
birding trips with and without selection correc-
tions. It is unsurprising that basing estimates 
of radii for one-day birding excursions on a 
sample of eBirders would likely overpredict 
the radii for such trips in a general- population 
sample with the same characteristics. How-
ever, the absence of a spike at zero in Figure 
3 is also notable, given that roughly 12% of 
the general population does not report even 
incidental attention to wild birds over the past 
year. The absence of a point mass at zero for 
our eBird data on subjective  consideration-set 
radii probably means that our corrected esti-
mates cannot be scaled to 100% of the overall 
population. These radii will likely be relevant 
for a subset of the population.29

28 These predicted values show a pattern of clustering 
because the demeaned engagement propensity is a function 
mostly of indicator variables, and the interaction terms in the 
outcome model likewise involve indicator variables.

29 Even a consideration-set radius of zero, for actual 
travel away from home to enjoy “active use” of wild birds, 
does not preclude the possibility of “passive use” values 
(option, bequest, or existence values) for wild birds in the 
region. Birds are also mobile. The presence of wild birds in 
any given radius will affect the probability that these birds 
may be viewed in one’s backyard, without the necessity of 
travel.

Figure 2
Predicted Consideration-Set Radii for 1,081 

Observations in the eBird Sample for Models 4  
and 5 (in Table 4), Plotted against Predicted  

Radii from the Naive Model 1
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5. Conclusions and 
Recommendations

We intersect the sample-selection literature 
and the literatures on consideration sets for 
destination-choice models. Our goal is to aug-
ment the research toolkit for using CS data—
with improved confidence that any derived 
insights are more suitable for scaling to the 
general population or for use in benefits trans-
fer exercises. The two main tasks are to (1) il-
lustrate some new sample-selection- correction 
techniques we have developed to allow for 
using data from auxiliary general-population 
surveys to correct for sample selection present 
in CS data and (2) model heterogeneity in the 
radius of consideration sets for regular bird-
watching day trips in Oregon and Washing-
ton states as an illustration. Our contrasting 
results for the consideration-set radius model 
demonstrate that corrections for sample selec-
tion (and weighting for engagement intensity) 
may be important for scaling to the general 
population, or transferring to other contexts, 
any results derived from CS data.

The key takeaway from our illustrative 
 consideration-set radius “outcome” model 

is the potential importance of nonrandom 
selection into CS projects. Preferences in 
the general population are important if gov-
ernment agencies, for example, are to make 
good decisions about the efficient allocation 
of resources to protect wild birds, a public 
good. How to provide the appropriate amount 
of wild bird habitat is an increasingly rele-
vant policy question. Changes in land cover 
and climate present significant threats to the 
declining wild bird populations documented 
in Rosenberg et al. (2019). Changes in bird 
populations affect birdwatcher welfare (as in 
Kolstoe, Cameron, and Wilsey 2018). To limit 
the loss of bird populations and bird biodiver-
sity, multiple agencies at all levels of govern-
ment will likely need to work together.

It is important to recognize—especially in 
the case of migratory species such as birds—
that conservation-related actions in one loca-
tion have the potential to affect outcomes at 
other locations. Existing programs, such as 
the National Wildlife Refuge System and the 
Urban Bird Treaty Program, make a good start 
but appear to have been insufficient, given that 
avian biodiversity remains a concern (espe-
cially given changes in land cover and the cli-
mate). Conservation solutions must account 

Figure 3
1,081 eBird Member Survey Observations: Marginal Distribution of Predicted 

Consideration-Set Radii Using Model 1 Overlaid by Selection-Corrected  
Predictions for (Birders in) the General-Population, Based on Model 5
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for the fact that political jurisdictions may not 
align with the spatial “market extent” for non-
market demands for conservation (as noted by 
Bakhtiari et al. 2018; Vogdrup-Schmidt et al. 
2019). These market extents are related to the 
consideration-set radii of individual birders.

The need for a qBus-type sample to per-
mit sample-selection corrections in this case 
highlights a potential supplementary role for 
broad-based surveys of birdwatching trip be-
havior and CS engagement. Information about 
trip-taking behavior has long been gathered 
by the U.S. Fish and Wildlife Service through 
their quinquennial general-population survey 
on Fishing, Hunting and Wildlife Watching 
for their national and state-level reports. For 
the 2016 survey, the U.S. Fish and Wildlife 
Service did not collect data at the state level; 
their survey information is reported primarily 
at the census division. Rockville Institute con-
ducted a state-level survey.

National recreation surveys (e.g., FHWAR) 
in the future may consider adding a detailed 
question about participation in outdoor-based 
CS projects. A federal registry now docu-
ments more than 400 CS projects (www. 
citizenscience.gov), so general-population 
information on CS participation would benefit 
other agencies, such as the National Oceanic 
Atmospheric Administration (NOAA) or U.S. 
Geological Survey (USGS), which could also 
exploit data from CS projects on recreational 
behavior. Such CS projects include Watch for 
Whales (NOAA), Geocache for a Good Cause 
(NOAA), and Nature’s Notebook (USGS), for 
example.

To be most useful, existing general- 
population surveys may consider including 
questions about CS engagement in projects 
related to valued recreational services of eco-
systems. This general-population engagement 
data would be a vital complement to surveys 
of CS project members to help researchers 
understand active and passive use values for 
a wide range of environmental public goods. 
Without general-population information, it 
will continue to be very difficult to scale to 
the general population any empirical findings 
based solely on surveys fielded to convenience 
samples of CS participants.
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