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ABSTRACT

Aim: Surveying for a species of concern ahead of proposed activities that alter its habitat is routine practice in conservation and
management. Such surveys may accumulate large datasets that could further elucidate trends in abundance and distribution.
However, the as-needed surveying of proposed activities may impart a sample site selection bias on the data if used for another
purpose. Management of a threatened, forest-nesting seabird offered an example of this. Here we assessed how resource manage-
ment planning and survey requirements can bias clearance monitoring survey data collected prior to proposed timber harvests,
if those data are used for other purposes.

Location: Oregon and Washington, USA.

Taxon: Marbled Murrelet (Brachyramphus marmoratus).

Methods: To assess how timber planning and other factors influenced marbled murrelet survey location selection, we used
logistic regression models to examine habitat associations of marbled murrelet survey sites (n=9178) encompassing proposed
timber harvests, and the survey stations (n=38,923) therein, across the murrelet's inland range in Washington and Oregon, USA
between 1989 and 2021. We then simulated the effect this selective sampling might have on assessments of occupancy trends.
Results: Most habitat characteristics considered did influence where surveys were located, with distance to roads often being the
strongest predictor of survey location. The strength of selection for each covariate changed over time, such that a habitat charac-
teristic strongly influenced location selection in a year but was less influential in another year. The simulation analysis suggested
that the non-random selection of survey sites could profoundly bias assessments of occupancy trends.

Conclusions: When using these clearance monitoring survey data- or any data-beyond their original purpose, careful consid-
eration should be given to the scope of inference provided and analytical methods used, to ensure that observed trends are the
product of biological processes and not biased by sampling artefacts.
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1 | Introduction

Big data in ecology increasingly allows us to answer ever-
broadening questions in biogeography (Hampton et al. 2013;
Soltis and Soltis 2016; Wiiest et al. 2019). These can range from
understanding fundamental ecological patterns and processes
(Allen et al. 2021; Nathan et al. 2022) to addressing critical con-
servation and management needs (Franklin et al. 2017; Van
Doren and Horton 2018). In ecology and other fields, big data
often consist of pre-existing data repurposed to study phenom-
ena other than what they were originally collected, defined as
found data (Overton, Young, and Overton 1993). Given that tar-
geted broadscale and long-term monitoring efforts are lacking
for most fish and wildlife species, pre-existing found data po-
tentially allow for rapid assessment of status and trends in dis-
tribution and abundance at spatial and temporal scales that may
otherwise be unfeasible to investigate on timeframes needed
by managers, policymakers, and imperilled species (Moritz
et al. 2008; Rosenberg et al. 2019). However, across disparate
fields such as medicine (Kaplan, Chambers, and Glasgow 2014)
and transportation (Griffin et al. 2020), caution is urged when
analysing big data, as original sampling designs may impart sys-
tematic bias in the data when used for a new purpose. For exam-
ple in avian ecology, the citizen science platform eBird (Sullivan
et al. 2014) and the North American Breeding Bird Survey
(Sauer et al. 2017) offer enormous volumes of species encounter
data collected with haphazard to highly structured sampling de-
signs; yet both contain strong roadside biases that, when used to
quantify status and trends in distribution and abundance, could
produce misleading results if consideration is not given to how
or why data were sampled (Betts et al. 2007; Tang, Clark, and
Gelfand 2021; Robinson et al. 2022).

A common practice in fish and wildlife conservation and man-
agement is to survey for species of concern ahead of planned
activities that may harm the species or its habitat (i.e., resource
extraction, construction, etc.). These pre-activity surveys (here-
after, clearance monitoring surveys) are often done to satisfy
regulatory requirements such as the U.S. Endangered Species
Act, European Union Directive 2011/92/EU, or Chilean Law No.
19.300 on General Environmental Bases. At-risk species detec-
tions may prompt decisions to mitigate, relocate, or cancel the
project, made internally or in conjunction with regulators, but
can also lead to costly litigation and possible cancellation, such
as the Rio Cuervo dam in Patagonia, Chile (Republica de Chile,
Tercer Tribunal Ambiental, Case R-42-2017). Project planners
can attempt to avoid delays and minimise risk to the species by
using knowledge of a focal species’ habitat associations to lo-
cate activities in areas with poor or no habitat and a low prob-
ability of species presence, for example, placing wind turbines
away from predicted vulture flight paths (de Lucas, Ferrer, and
Janss 2012). Clearance monitoring surveys can accumulate data
sets that can be repurposed and analysed to improve manage-
ment decisions (e.g., Ferrer et al. 2012) or broaden ecological
knowledge (e.g., Bizama et al. 2024). However, these survey and
sampling protocols are often strictly designed for determining
species presence and are implemented as needed in and around
proposed activity areas. Given the above considerations of proj-
ect planning, the associated clearance monitoring surveys are
systematically sampling areas suitable for the proposed activity,
which may not reflect the broader landscape or available habitat

of the focal species. This systematic selection of survey locations
could profoundly affect the inferential space of these data if
used to address questions regarding the species’ distribution and
abundance (Hurlbert 1984).

In the USA Pacific Northwest region, timber harvest is a major
natural resource industry. Increased harvest activity through
the late-20th century prompted concerns over habitat loss and
degradation for species that relied upon the dwindling stands
of late-successional, old-growth forests, which motivated natu-
ral resource management plans such as the federal Northwest
Forest Plan (NWFP; U.S. Department of Agriculture Forest
Service, and USDI Bureau of Land Management 1994) and
the Interior Columbia Basin Ecosystem Management Project
(Thomas and Dombeck 1996). These efforts focused on devel-
oping management strategies for threatened, endangered, and
other at-risk species, and initiated clearance monitoring surveys
to better understand the ecology of these species and to reduce
further habitat loss. The marbled murrelet (Brachyramphus
marmoratus, hereafter murrelet), a forest nesting seabird, was
one of the primary species listed in the NWFP due to its reli-
ance on late-successional, old-growth forest for nesting habitat
(US Fish and Wildlife Service 1992). Standardised survey pro-
tocols were drafted (Paton et al. 1990) and updated (Ralph and
Nelson 1992; Ralph et al. 1994; Evans Mack et al. 2003; Pacific
Seabird Group 2024) with the expressed purpose of determin-
ing whether murrelets were nesting in and adjacent to proposed
timber harvest areas. Surveys conducted under these protocols
amassed large data sets from a variety of entities (e.g., state and
federal land management agencies, private timber companies,
etc.) of this threatened seabird's inland distribution, which is
otherwise extremely difficult to study. These data have in turn
provided valuable insights to the broader ecology and conser-
vation of murrelets (e.g., Betts et al. 2020; Valente et al. 2023).
However, given these data were collected for timber manage-
ment purposes, their sampling across the landscape may repre-
sent locations with harvestable timber and pre-defined nesting
habitat rather than a range of possible murrelet nesting habitat
conditions.

Here we used murrelet clearance monitoring survey data col-
lected across Oregon and Washington over three decades to
assess how resource manager behaviour in selecting survey
locations determined the underlying distribution of where and
when a species is sampled for conservation and management.
Specifically, we quantified habitat associations and how these
associations changed over time at two spatial scales: survey sites
encompassing proposed activity areas (mostly timber harvests)
across the broader landscape and survey stations at which the
surveys were conducted within survey sites. We predicted that
features associated with murrelet nesting habitat (e.g., late-
successional, old-growth forest) would be preferentially selected
in survey locations, but that selection of these features (espe-
cially at the site-level) may decline over time with availability
for sampling or avoidance in timber management planning.
We also predicted that features associated with timberlands
and the survey protocols (e.g., proximity to roads and rela-
tively open canopies) would be preferentially selected, but these
would change with policies or protocols. The present research
focuses solely on where the murrelet surveys were conducted,
and not on where murrelets were detected during those surveys.
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Furthermore, we simulated old-growth and canopy cover asso-
ciates and compared occupancy estimates derived from random
sampling and sampling following the survey data to assess po-
tential impact of how these survey locations are selected on dis-
tribution trends. The clearance monitoring surveys intended to
protect murrelet nesting habitat from timber harvests offered an
example of how systematic selection of survey locations for one
purpose can impart bias in data when used for another purpose
and demonstrated the challenge of analysing big data in ecology
obtained from heterogeneous and autonomous sources (Wiiest
et al. 2019).

2 | Methods

We used murrelet protocol survey data compiled by three nat-
ural resource agencies in the Pacific Northwest, USA: the US
Bureau of Land Management (BLM) and Oregon Department
of Forestry (ODF) in Oregon, and the Washington Department
of Fish and Wildlife (WDFW) in Washington. These data are
spatiotemporally expansive, extending throughout much of
the murrelet range in their respective states (Figure la), and

Old-Growth

-@®- Survey Sites
Survey Stations

——— Marbled Murrelet Inland Range
=== Road

FIGURE1

S

[ .

<80 120-159
80-119

W

i adnEP

collected over multiple decades, primarily in conjunction with
timber harvest planning and other management actions. The
WDFW data set was a comprehensive collection of murrelet pro-
tocol surveys conducted for management actions in Washington
by or for a variety of government agencies and private compa-
nies. Oregon did not maintain a similar comprehensive data-
base, and while ODF and BLM constituted a large number of
surveys in Oregon on the lands they respectively managed, data
sources from other entities were unavailable or unknown. Data
were prepared and analysed using QGIS (QGIS Association
2023) and Program R (R Core Team 2021). We examined the
data for possible erroneous records with exploratory data anal-
ysis plots and summaries, then consulted with the respective
agencies to correct or omit records.

2.1 | Survey Protocol

The murrelet inland survey protocol and modifications are
thoroughly documented by Ralph et al. (1994) and Evans
Mack et al. (2003) and summarised here. Proposed timber har-
vests in the murrelet range were initially assessed by on-site
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| (a) Marbled murrelet (Brachyramphus marmoratus) survey sites in relation to the murrelet inland range in western Washington and

Oregon, USA. Insets are example survey site locations in (b) the Olympic Peninsula of Washington and (c) central Coast Range of Oregon in relation

to old growth structural index. Further insets show the distribution of survey stations in and around survey sites in relation to canopy cover and roads

in Washington (d) and Oregon ().
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walk-throughs as to whether the proposed location contained
“any area with a residual large tree component, small patches
of potential habitat, or suitable nest platforms” and warranted
murrelet surveys. When warranted, a survey site was estab-
lished containing at minimum the potential habitat within
and near the proposed project area. Surveys were conducted
at stations within survey sites (Figure 1d,e), and distributed
such that a 200m radius circle (maximum expected detection
distance) around each would cover a site. Protocols required a
minimum number of surveys be conducted at a site for two con-
secutive breeding seasons, but surveys could be discontinued if
behaviours indicative of nesting were detected. If breeding be-
haviours were detected, the site was often afforded protections
from forest harvest or other disturbances. We analysed habitat
selection of sites and stations separately.

2.2 | Survey Data

ODF and BLM databases included locations of sites and sta-
tions, while the WDFW database only maintained station
locations. All surveys were conducted under the same proto-
cols, but agencies had some flexibility in their applications;
for example, ODF strove to complete the expected nine sur-
veys at a site each year even if the protocol allowed surveys to
be discontinued. We approximated survey site boundaries in
Washington by fitting minimum convex polygons around sur-
vey stations for each site, buffered these polygons by 200m,
and removed polygons larger than sites in Oregon (213 ha). We
used the first year a site or station was surveyed for habitat
attributes (e.g., forest conditions) and analysis. We analysed
Oregon and Washington data sets separately, given the dif-
ferences in site data, statewide land management practices,
and landscape compositions. In Oregon, 23,270 unique sta-
tions were surveyed across 5656 unique sites between 1990
and 2021, while in Washington there were 15,653 unique sta-
tions that were surveyed at 3522 unique sites between 1989
and 2021.

Additionally, to prepare a habitat conservation plan the
Washington Department of Natural Resources (WDNR) sur-
veyed murrelets across their lands over several years and
often laid out stations in regular grid patterns. To assess if
WDNR's sampling approach reduced bias in the WDFW data,
we conducted a post hoc analysis-detailed in the Supporting
Information-without WDNR and US Fish and Wildlife Service
survey locations.

2.3 | Background Data

To assess the degree of selection for survey stations given the
habitat available in survey sites, we randomly selected back-
ground points from within survey sites. To assess the degree
of selection for survey sites given the habitat available within
the murrelet's range, we created hexagonal tessellations over
the murrelets inland range in each state, where their respec-
tive grids cells were equal in area to the average survey site in
Oregon (24.0ha, SD =20.1) and Washington (40.1ha, SD =24.1).
We removed hexagons with excessive non-forest cover (e.g., ag-
ricultural or urban land cover; see Supporting Information for

details) and randomly selected background sites from the re-
maining grid cells. For both stations and sites, we selected three
times as many background locations as survey locations, result-
ing in the sample size of modelling data being four times larger
than the survey data listed above. Background stations were at-
tributed the year of the survey sites they were drawn from, and
we drew background sites in proportion to the number of sites
surveyed each year.

2.4 | Model Covariates

The murrelet survey protocols required that continuous tracts
of late-successional, old-growth forests be surveyed ahead of
timber harvests, but attributes related to such forests are also
of primary interest in murrelet nesting habitat studies (e.g.,
Wilk, Raphael, and Bloxton Jr. 2016; Cosgrove et al. 2024;
Duarte et al. 2024). We included several forest metrics as co-
variates (Bell et al. 2023) to assess the degree to which survey
locations selected for or against these features. Old-growth
structural index (OGSI) 80 and 200 are binary indicators for
whether a forest patch is similar in structure to a forest that is
>80 or >200years old, respectively (Bell et al. 2023). We sum-
marised these as the percent of area comprised of OGSI 80 or
OGSI 200 patches. We included covariates for average percent
canopy cover and average conifer density, and a measure of edge
density calculated as the total length of edge between patches
> and <40% canopy cover divided by the total area, multiplied
by 10,000. We predicted that sites would select for OGSI 80 and
200, canopy cover, and against conifer density and edge den-
sity. Stations should represent the habitat available within sites,
however, protocols recommended placing stations near canopy
openings to facilitate visual detections, thus we predicted selec-
tion against canopy cover and for edge density around stations.
Roads are necessary for transporting timber out of harvest units,
but can also reduce canopy cover and increase habitat edges.
Placing stations near roads can reduce time and effort invested
in surveys, while increasing safety for field crews and providing
the recommended canopy openings for visual detections. Thus,
we included a covariate for the distance to the nearest road from
a station or beyond a site boundary. We predicted sites and sta-
tions would select against distance to road, indicating both were
located near roads. Historical logging practices may have re-
moved old-growth forests from low elevations (Hull et al. 2001).
Murrelets, however, are thought to transit inland to nest sites
through valley bottoms (Lorenz et al. 2017). We included covari-
ates for the elevation at stations, and the average and standard
deviation elevation, the latter representing terrain ruggedness.
We also calculated topographic position index for stations as
station elevation minus the average elevation. Selection for ele-
vation metrics may indicate that high-altitude, rugged terrain is
where late-successional, old-growth forests remained, however,
selection against elevation metrics may indicate that logging
operations still tend to avoid these topographies. Selection for
elevation metrics at stations should be weak, but could indicate
tendencies to avoid windy ridges or running water, or for certain
vantage points on slopes. Unless noted otherwise, covariates
were summarised within site boundaries and within the 200m
radius of station points. Details on data sources are provided
in the Supporting Information along with summary statistics
(Tables S1 and S2).
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While selection for or against landscape attributes would re-
flect a systematic bias in surveys locations, changes in the
strength or direction of selection over time would suggest that
bias is inconsistent, which could obscure, exaggerate, or pro-
duce erroneous trends of distribution or abundance. Changes
in selection over time could result from a multitude of factors
related to the harvest and survey planning processes. For the
period of available data, major survey protocol changes were
implemented in 1994 (Ralph et al. 1994) and 2003 (Evans
Mack et al. 2003). Importantly, the definition of potential hab-
itat was expanded from mature and old-growth stands (often
referred to as late-successional, old-growth forest) in an early
protocol (Ralph and Nelson 1992) to younger coniferous for-
ests that have deformations or structures suitable for nesting
(Ralph et al. 1994), and finally to also include any stand with
a platform structure (Evans Mack et al. 2003), which we ex-
pected to reduce selection for late-successional, old growth
forest features. Additionally, the NWFP was also implemented
in 1994, affording protections to late-successional, old-growth
forests on federally managed lands in the murrelet's range.
We created a three-level categorical indicator variable covari-
ate-representing the periods prior to 1994, between 1994 and
2003, and after 2003 (baseline state)-to assess whether these
policy and protocol changes impacted the habitat features as-
sociated with survey locations. We included average annual
lumber prices, adjusted for inflation, as interactions with hab-
itat covariates in site selection models (Table S1), expecting
higher prices may increase selection for murrelet habitat fea-
tures indicating a willingness to risk project cancellation if
murrelets were detected. Since harvest planning is a long pro-
cess, we considered the lumber prices in the year of the survey
(t—0) and each of the preceding 5years (t—1 to t—5). We did
not include lumber price in station-level models because we
had no a priori hypothesis that this variable would influence
where murrelets were surveyed within sites. Numerous other
factors may change habitat compositions in and around sur-
veys from year to year, thus we considered year as a random
effect with annually varying slopes for each habitat covariate.
Continuous covariates were standardised to a mean of zero
and standard deviation of one, with resulting standardised
model parameter estimates corresponding to a one standard
deviation change in the covariates (Gelman and Hill 2007).

2.5 | Modelling and Model Selection

We fit generalised linear mixed effects logistic regression
models to evaluate evidence that habitat characteristics of
murrelet clearance survey data differed from the broader
landscape using the R package glmmTMB (Brooks et al. 2017).
Here the response variable modelled was the murrelet clear-
ance survey locations (i.e., survey locations equaled one, with
background locations equaled zero) and the resulting mod-
els estimated the probability of selecting a site or station for
murrelet clearance surveys. Habitat covariates were included
as linear additive effects and interactions, with random ef-
fects that corresponded to year. Models were compared with
Akaike's Information Criterion (AIC; Akaike 1973) with the
small-sample bias adjustment (AICc; Hurvich and Tsai 1989).
The model with the lowest AICc score was considered the best
approximating model.

We analysed four data sets consisting of station- and site-level
data from Oregon and Washington. Model selection for each
data set took place in four stages (Morin et al. 2020) to mini-
mise the number of models in any set (Anderson 2008), where
the model with the lowest AICc from one stage was used as the
base model in the next stage. First, we selected a global model.
For any pair of covariates correlated with Pearson |rl>0.7
(Moore and McCabe 1993) we fit two models, each using
one of the correlated covariates. For site data, we also fit six
models to select lumber price between year t—0 and t—5. Each
model in a model set contained one covariate from correlated
pairs, one lumber price lagged 0-5years, and all uncorrelated
covariates, e.g., a data set of survey sites with two pairs of cor-
related parameters would have a set of 24 models, four models
for each combination of correlated parameters times six for a
model with one of the lumber prices by year. Second, we eval-
uated the random effects structure, including year as a ran-
domly varying intercept and allowing the slope of each habitat
covariate to vary by year (Bolker 2015). The model set was
comprised of the global model with all combinations of habitat
covariates in the random effects structure. At the third stage
we evaluated whether any covariate not included as a random
effect should be retained as a fixed effect, with the model
set comprised of models that included and excluded fixed ef-
fects of covariates not included as random effects. Lastly at
the fourth stage, we evaluated fixed effect interactions. This
model set was comprised of all combinations of the time-
period interaction with all remaining fixed effect covariates.
For site-level models, an additional model set was evaluated
with all combinations of the lumber price interaction with the
remaining fixed effect covariates. The precision of parameter
estimates in the best approximating models were evaluated by
calculating 95% confidence intervals. We also calculated odds
ratios (Hosmer, Lemeshow, and Sturdivant 2013) to aid in the
interpretation of fixed effect parameter estimates and plotted
the covariate random effects to facilitate their interpretation.
If survey site and station locations represented a random
sampling of the available habitat, few covariates would be in-
cluded in the best approximating models, and those covariates
included would have weak effects.

2.6 | Simulating Effects of Sampling on Old
Growth Forest Obligates

We used stochastic simulation to assess whether sampling survey
sites similarly done for murrelets would bias annual trends in occu-
pancy estimates for two, hypothetical species. We then compared
these results to a monitoring program that randomly sampled the
landscape. We defined our sampling universe-within which spe-
cies occurrence was simulated and sampled from-as all potential
background hexagons in Oregon from 1991 to 2020 that did not
exceed the non-forest thresholds, as described in the Supporting
Information (n=2842,375 hexagons over the 30years). We used
Oregon as a demonstrative example and would expect qualitatively
similar results in Washington. We simulated two types of species,
an old-growth associate and a canopy cover associate, which were
each respectively more likely to be present (i.e., >0.50 occupancy
probability) in hexagons with >75% OGSI 80 cover or >75% aver-
age canopy cover (Figure 2a). The probability (p) that a species was
present in a hexagon (i) was calculated as:
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FIGURE 2 | Simulation of estimated occupancy for old-growth and canopy cover associated species between 1991 and 2020 under random sam-

pling and sampling following marbled murrelet (Brachyramphus marmoratus) survey site selection in Oregon. (a) The proportion of hexagons avail-
able for sampling with > 75% 80-year, old-growth structural index (OGSI 80) cover and > 75% average canopy cover. (b) The probability that a hexagon
is occupied by the given habitat associated species with a weak (slope =0.01), moderate (slope =0.1), and strong (slope = 1.0) relationship with habitat
(B,), where each has a 0.50 probability of being present at 75% cover. Mean annual occupancy estimates averaged over 1000 simulation iterations
for the canopy cover (f-h) and old-growth (c—e) associates with weak (c, f), moderate (d, g), and strong (e, h) associations with habitat under random
sampling and sampling sites following marbled murrelet site selection in Oregon.

1

P = 1 + e~ (BothnXi) ®
where X is percent cover of the habitat type, §, is the intercept,
and g, is the log odds of species presence associated with habitat
(h). The strength of the relationship between presence and habitat
was simulated using three levels of association: weak, moderate,
and strong with g, at 0.01, 0.10, and 1.0, respectively. The intercept
differed with each level so that occupancy probability was 0.5 at
75% cover (Figure 2b). The weak relationship represented a habi-
tat generalist with only a slight preference for the habitat feature,
while the strong relationship represented a habitat obligate found
nearly anywhere a minimum of 75% cover was available. We sim-
ulated species associated with these two habitat features because
they are closely linked with murrelets and other late-successional,
old-growth forest associated species. Simulating species associated
with only a single habitat feature more simply and clearly illus-
trated the impacts of this sampling scheme with respect to bias in
the estimated trends in the distribution of species.

We began the simulations by estimating the probability that a
hexagon was surveyed using the best approximating model for
Oregon survey site selection and the probability of occupancy
for each species using the logit-linear function described above

(Equation 1). Each simulation began with randomly assigning oc-
cupancy of each species to each hexagon for each year assuming a
Bernoulli distribution with probability of success as the estimated
occupancy probability. For the random sampling design, we ran-
domly selected 175 hexagons each year (equivalent to the number
of new sites surveyed annually in Oregon) with the slice_sample
function from package dplyr (Wickham et al. 2023). For the sys-
tematic sampling design (the design that matched the murrelet
clearance monitoring data), we randomly selected 175 hexagons
each year with slice_sample, weighted by the probability that
they were surveyed. In both cases we sampled without replace-
ment within years, but hexagons could be resampled in different
years. This process was repeated for 1000 replicates. We calculated
the annual mean occupancy rates (proportion of hexagons with
species present) for each habitat associate under each strength of
association, and compared these to the true occupancy in the sim-
ulation to assess if selective sampling biased occupancy estimates
of these simplified species-habitat relationships.

3 | Results

OGSI 80 and 200 were strongly positively correlated in all data
sets, and OGSI 80 was included in the best approximating
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model for all analyses except the Oregon station-level models
(Tables S3-S6). Five- and 3-year lags in lumber prices were
included in the best approximating models for Oregon and
Washington, respectively (Tables S3 and S4). For the station-
level models, station elevation and average elevation around
stations were correlated, with the former included in best ap-
proximating models (Tables S5 and S6). In Washington, edge
density and canopy cover were correlated, with edge density se-
lected at the site level (Table S4) and canopy cover selected at the
station level (Table S6).

3.1 | Fixed Effects and Random Effects

All random effects were included for site models (Tables S7
and S8), and thus all covariates were included as fixed effects.
At Oregon stations, edge density was not included as a random
or fixed effect (Tables S9 and S11), and at Washington stations
distance to road was not included as a random or fixed effect
(Tables S10 and S12). An interaction with time period was in-
cluded for all covariates at Oregon sites (Table S13), while the
selected model for Washington sites included only time period
interactions with OGSI 80 and edge density (Table S14). Lumber
price interactions were included for elevation standard devia-
tion, canopy cover, and edge density for Oregon sites (Table S17),
and elevation, OGSI 80, edge density, distance to road for
Washington sites (Table S18).

The foremost factor determining survey site location was the
distance to roads (Table S19) and the magnitude of the effect dif-
fered between time periods in Oregon and with lumber prices in
Washington. We estimated that the odds a site was selected was,
on average, eight and 33 times less likely for each 390 and 2973 m
increase in distance from a road in Oregon and Washington, re-
spectively. In Oregon, the strength of selection against distance
to roads decreased over the time periods, and Washington sites
were closer to roads as lumber prices increased. The odds a site
was selected was 2.0 times more likely and 2.6 times less likely
for every 29.4 and 32.8 increase in the percent of OGSI 80 cover
in Oregon and Washington, respectively (Table S19). In Oregon,
the strength of selection for sites with more OGSI 80 cover de-
creased over the time periods. Washington sites with more OGSI
80 cover were most likely to be selected prior to 1994 and least
likely between 1994 and 2003 and sites were more likely to in-
clude higher percentages of OGSI 80 as lumber prices increased.
The odds a site in Oregon was selected was 2.1 times less likely
for every 248.9 increase in the number of conifers per hectare
and were least likely to be selected before 1994, with weakest
selection between 1994 and 2003. In Washington, sites were 3.7
times less likely to be selected for every 423 m increase in mean
elevation, and sites at higher elevation were less likely to be se-
lected when lumber prices increased.

While most covariates were included as fixed effects in the best
approximating station models in Oregon and Washington, their
influences were relatively weak (Table S20). The standardised
odds ratios for most parameters were less than 2.0 with the sin-
gle exception of distance to roads in Oregon prior to 1994.

The best approximating models for all site and station analyses
included random effects for most covariates that varied yearly

(Tables S19 and S20). Fixed effect interactions with time periods
and lumber prices accounted for most of the annual trends in
selection for or against habitat attributes, so that the random ef-
fects primarily accounted for inter-annual variation in selection
around the fixed effect values (Figure 3).

3.2 | Simulating Effects of Sampling on Old
Growth Forest Obligates

Randomly sampling hexagons yielded occupancy estimates that
matched the true occupancy rates, while selective sampling bi-
ased occupancy estimates high for the old-growth associate and
low for the canopy cover associate (Figure 2c-h). The magni-
tude of bias in occupancy estimates from selective sampling in-
creased as the strength in habitat association increased. With a
strong habitat association (8, =1.0), mean occupancy over the
entire simulated time period was 0.16 lower and 0.11 higher than
true occupancy for the canopy cover and old-growth associates,
respectively. At a moderate habitat association (5, =0.1), mean
occupancy of the old-growth associate was still 0.11 higher than
true occupancy, while the canopy cover associate was 0.07 lower
than true occupancy. Weak associations with habitat (8, =0.1)
produced mean occupancy estimates that were only 0.001 lower
and 0.031 higher than true occupancy for the canopy cover and
old-growth associates, respectively.

Changes in true occupancy, from year to year and over the time
period, of the simulated species were minimal with weak hab-
itat associations, and showed relatively consistent trends over
the modelling period for moderate and strong associations with
little interannual variation, which was reflected in the estimates
from random sampling (Figure 2c-h). However, selective sam-
pling introduced a substantial amount of interannual variation,
especially under the moderate and strong associations with old-
growth (Figure 2g,h), and strong association with canopy cover
(Figure 2e). This often appeared as fluctuations in occupancy
between successive years, but sometimes as sustained trends
over several years (e.g., old-growth associate between 1998 and
2001; Figure 2h) that were not present in the true population nor
estimated with random sampling.

4 | Discussion

Systematic sampling of murrelet survey sites in conjunction
with proposed timber management activities resulted in select-
ing sites based on combinations of habitat characteristics that
varied through time. The same was seen with station placement
within sites, but to a lesser degree. Strength of selection for these
features varied over time with yearly random effects estimates,
time-period interactions, and annual lumber prices preceding
surveys. Selection of these habitat features suggested that the
murrelet clearance monitoring data do not represent random
sampling of the available habitat, which could affect conclu-
sions of murrelet distribution and abundance if not properly ac-
counted for in modelling.

Survey stations provided relatively good representation of the
habitat available within sites, with weak effects for most co-
variates. However, almost all covariates were still included in
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FIGURE 3 | Estimates of yearly random effects of standardised covariates from the best approximating models (black) for marbled murrelet
(Brachyramphus marmoratus) survey site and station selection models for surveys conducted in Oregon and Washington, USA from 1989 to 2021.

Random effects estimates for the best approximating models prior to the inclusion of time period and lumber price interactions (grey) illustrate the

general trends in selection for or against covariates over time. Lines represent linear models of the random effect estimates over time.

the best approximating station-level models, suggesting they
hold some explanatory power in where stations were located
within sites. Some selection of stations in sites based on land
cover was expected given the survey protocols encouraged sur-
veyors to place stations in areas that provided better visibility
(i.e., opening in the canopy, edge of dense forest, etc.) to max-
imise the odds of visually detecting murrelets when present.
However, selection may also have arisen due to the protocol
stopping rule, whereby surveys could be suspended, leaving
stations unsurveyed and out of the databases. Prioritisation
of survey stations within a season or correlations between de-
tection probabilities and forest structure (e.g., canopy cover or
conifer density) could bias which habitat attributes were left
unsampled in a site and those that are available for further
analyses. Ultimately, station selection occurred within sites,
which suggests these features should be considered when at-
tempting to use stations as the replicate surveys required to fit
occupancy models at the site level (i.e., space-for-time substi-
tutions; Duarte and Peterson 2021; Kendall and White 2009)
if these data continue to be used to understand the distribu-
tional dynamics of this species.

Proximity to roads was the strongest predictor of where survey
sites were located, likely to facilitate transporting timber to
mills. Roads can bias inferences from wildlife surveys (e.g.,
Betts et al. 2007; Keller and Scallan 1999) and directly affect
wildlife (e.g., Taylor and Goldingay 2010; Shilling et al. 2021).
Edge effects are a primary concern with roads (e.g., Khamcha
et al. 2018; Poor et al. 2019), and edge habitat is thought to im-
pact murrelets with increased nest predators (Raphael, Mack,
Mazluff, et al. 2002; Malt and Lank 2007) and reduced suitable
nesting substrates (Van Rooyen, Malt, and Lank 2011). While
we measured and modelled the distance of a site to the nearest
road, 69% of survey sites contained roads. Despite the preva-
lence of roads in sites, we saw relatively weak selection for edge
habitat, but we did use a simple definition of edge compared
to other more sophisticated measures (such as morphological
spatial pattern analysis; Soille and Vogt 2009). OGSI 80 was
another strong predictor of site location. The survey protocol
required that old-growth forests be surveyed, but also that
mature forests without an old-growth component or younger
forests with platforms suitable for nesting should likewise be
surveyed. Despite selection for most forest attributes appear-
ing modest, this can still have profound impacts on the infer-
ences. The cumulative effect of OGSI in Oregon (main effect
with time period interaction and random effects) only resulted
in a site being two to three times more likely to be selected
for every 29.4% increase in OGSI 80 cover, yet we saw this re-
sulted in the occupancy of the simulated moderate old-growth
associate being substantially over-estimated. Given, the mur-
relet's strong association with large tracts of late-successional,
old growth forests (Meyer, Miller, and Ralph 2002; Raphael,
Mack, and Cooper 2002; Duarte et al. 2024), using these clear-
ance monitoring data to examine trends in occupancy would

yield results predicated upon trends in the quality of habitat
surveyed.

Given that the murrelet is a threatened species and a focal
species of the NWFP, trends in its distribution, nesting ac-
tivity, and abundance are of considerable importance (U.S.
Department of Agriculture Forest Service, and USDI Bureau
of Land Management 1994; US Fish and Wildlife Service 1997;
Lorenz et al. 2021; Mclver et al. 2021). All covariates consid-
ered in the Oregon site model varied with the time-period
interaction, and several varied with the price of lumber and
the strength of the effects varied systematically across years
(Table S19, Figure 3). The simulation analysis illustrated how
this can bias assessments of occupancy trends through time.
Simulated annual occupancy rates from selective sampling
were always over- and under-estimated for the simulated old-
growth and canopy cover associates, respectively, and the
magnitude of this bias varied by year. For example, simulated
occupancy of the moderate old growth associate (5, =0.1)
dropped from 0.28 to 0.20 between 1999 and 2002 with selec-
tive sampling (Figure 2g), which would likely raise concern
for a threatened species, yet in this instance the trend was an
artefact of selectively sampling sites and true simulated occu-
pancy actually increased slightly during that time period. This
perceived decrease in estimated occupancy with selective
sampling corresponded to a similar trend seen in the yearly
random effects of OGSI 80 over the same period in Oregon site
selection (Figure 3).

Purposeful selection of survey locations based on habitat
and other features can impart a systematic pattern in the
data, but another source of bias could be the systematic ex-
clusion of potential survey locations. For example, following
the Pechman exemptions to the Survey and Manage Program
under the NWFP, many organisations shifted timber harvest
towards thinning younger forests (< 80years of age, reviewed
in Johnson et al. 2023), which ultimately reduced the need for
murrelet surveys. Additionally, national parks and wilderness
areas likely offered high quality murrelet nesting habitat, but
since their forests were not managed for timber production,
they received relatively few protocol surveys. Furthermore,
there were relatively few protocol surveys conducted after the
mid-2000s in Washington, due in part to WDNR concluding
inventory surveys, but also because proposed timber harvests
in these later years did not include potential habitat to war-
rant surveys (pers. comm. D. Masters). Policies and practices
such as these likely benefited murrelet conservation, yet they
also resulted in vast tracts of the murrelet range—managed
for their conservation and that of other late-successional, old-
growth species—being poorly represented in the murrelet
clearance monitoring data.

Data aggregated over project-specific clearance monitor-
ing surveys are typically not sampled with the intention of
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answering broadscale questions of distribution and abun-
dance, similar to occurrence records from museum collections
or recreational bird watchers. Our results demonstrated that
underlying decisions in where and how a species is surveyed
for clearance monitoring imparted bias when using these data
to estimate status and trends in occupancy. While we urge cau-
tion when analysing clearance monitoring data, for murrelets
or otherwise, we do not discourage their use all together nor
outrightly dismiss research that have used this type of data.
Pre-existing, found data, albeit sometimes flawed, might still
provide the best-available science to help inform conservation
and management decisions until new, more targeted data are
brought to bear. Consideration should, however, be given to
how the data were collected and the impact that could have on
inferences. At a minimum, the scope of inference provided by
found data should be understood and explicitly stated, as with
any study design.

The issues of systematic sampling that we presented herein
might be overcome using a model-based approach. Although
unstructured data are often analysed with a presence-
only framework (e.g., MAXENT; Phillips, Anderson, and
Schapire 2006), we stress that clearance monitoring data do
in fact have a structure and that analysing these data within a
presence only framework does not overcome these limitations
(Yackulic et al. 2013). However, recent advancements in data
integration methods (Pacifici et al. 2017; Miller et al. 2019)
could provide avenues for utilising clearance monitoring sur-
veys and other large sets of found data, such as point process
models (Renner et al. 2015) or integrated population models
(Zipkin and Saunders 2018). These provide flexible analytical
frameworks for estimating parameters of interest across data
sets of varying type, size, and quality. Although further eval-
uations are needed, more accurate assessments of murrelet
distribution and abundance may be achieved by integrating
clearance monitoring survey data with at-sea counts (Mclver
et al. 2024), known nest locations (Lorenz et al. 2021), radar
detections (Burger 2001), or recently developed passive acous-
tic monitoring techniques (Borker et al. 2015; Cragg, Burger,
and Piatt 2015; Duarte et al. 2024).

Big data continues to hold much promise in understanding
broadscale biogeographical patterns and processes. Yet, big
data can still very much be biased data with respect to the ob-
jectives of the analysis. The murrelet clearance monitoring sur-
veys constituted one of the largest data sets for this species, and
a big data set in their own right (130,360 surveys in the data
sets analysed here, collected across heterogeneous sources), yet
their use beyond assessing whether murrelets may be present
in a proposed timber harvest needs to be carefully considered.
Approaches to account for these issues are context dependent,
with the only blanket prescription for using found data being
“eternal vigilance” (Hurlbert 1984). One may think that if they
have a lot of data, that the data may be spatially and temporally
exhaustive enough to provide all of the data needed to over-
come its sampling design shortfalls. However, big data do not
inherently overcome systematic biases in how they were col-
lected, they only improve precision in estimates around these
biases, potentially producing “highly precise wrong answers”
(Anderson, Burnham, and White 1985). Our study serves as
a useful reminder that in the era of big data, sampling design

still matters if we are to truly understand fundamental ecolog-
ical patterns and processes to address critical conservation and
management needs.
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