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ABSTRACT

Bird populations have declined across North America over the past several decades. Bird monitoring programs are essential for monitoring popu-
lations, but often must strike a balance between efficiency of data collection and spatial biases. Species- or habitat-specialist-specific monitoring
programs may be helpful for increasing efficiency of sampling and understanding effects of management actions, but may be subject to pref-
erential sampling bias if they are used to assess large-scale occupancy or abundance and monitoring is largely focused in high-quality habitat.
More general monitoring programs, such as the North American Breeding Bird Survey (BBS) and eBird, may not preferentially sample specialists’
habitats but are subject to other forms of bias and often do not efficiently sample specialists’ habitats. \We used an integrated occupancy model
combining data from eBird, BBS, and lllinois state surveys of upland game bird habitat areas to estimate drivers of Northern Bobwhite (Colinus
virginianus) and Ring-Necked Pheasant (Phasianus colchicus) occupancy and compare inference from single-visit, multi-visit, and integrated
monitoring programs. We fit sets of candidate models using every combination of the 3 datasets except for eBird by itself, to better understand
how differences in spatial biases between programs affect ecological inference. We found that, for both bobwhite and pheasant, state surveys
of upland habitat increased the predictive ability of models, and BBS data usually improved inference on occupancy parameters when it was
integrated with other data sources. Integrating multiple data sources partially resolved the spatial gaps in each monitoring program, while also
increasing precision of parameter estimates. Integrated models may be capable of combining the higher sampling efficiency of targeted moni-
toring programs with the more even spatial coverage of broad-scale monitoring programs.
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LAY SUMMARY

e Many types of surveys are used to track bird populations. Surveys can be designed to detect a broad range of species but may be inefficient
at detecting species in rare habitats. Targeted surveys for these species, however, can be biased toward high-quality habitats, making it hard
to extrapolate the results.

¢ Ve combined data from the North American Breeding Bird Survey (BBS) and eBird with a targeted survey to estimate habitat use of Northern
Bobwhite and Ring-Necked Pheasant in Illinois. We documented the efficiency and overlap of these surveys.

¢ \We found that adding BBS to targeted surveys reduced uncertainty in estimates of habitat use. Targeted surveys alone failed to sample all
available habitats in lllinois, while BBS data alone did not predict habitat use as well.

e Combining data from multiple surveys can fill in gaps in the individual surveys and reduce uncertainty in estimates of habitat use.

La integracion de multiples fuentes de datos mejora la prediccion y la inferencia para los
modelos de ocupacion de aves de caza de tierras altas

RESUMEN

Las poblaciones de aves han disminuido en América del Norte durante las Ultimas décadas. Los programas de monitoreo de aves son esenciales
para monitorear las poblaciones, pero a menudo deben lograr un equilibrio entre la eficiencia de la recopilacién de datos y los sesgos espaciales.
Los programas de monitoreo especificos de especies o de especialistas de habitat pueden ser Utiles para aumentar la eficiencia del muestreo
y comprender los efectos de las acciones de manejo, pero pueden estar sujetos a un sesgo de muestreo preferencial si se usan para evaluar la
ocupacion o abundancia a gran escala y si el monitoreo se enfoca principalmente en los héabitats de alta calidad. Los programas de monitoreo
més generales, como el Censo de Aves Reproductoras (BBS por sus siglas en inglés) de América del Norte y eBird, pueden no muestrear de
modo preferencial los habitats de los especialistas, pero estan sujetos a otras formas de sesgo y a menudo no muestrean de manera eficiente
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Data integration for upland game occupancy models

los hébitats de los especialistas. Usamos un modelo de ocupacién integrado que combina datos de eBird, BBS y censos estatales de lllinois
para las areas del habitat de las aves de caza de tierras altas para estimar los impulsores de la ocupacion de Colinus virginianus'y Phasianus
colchicus y para comparar las inferencias a partir de programas de monitoreo de una sola visita, de multiples visitas e integrados. Ajustamos
varios sets de modelos candidatos utilizando cada combinacién de los tres tipos de datos, excepto para eBird por si mismo, para comprender
mejor cémo las diferencias en los sesgos espaciales entre los programas afectan la inferencia ecoldgica. Encontramos que, tanto para C.
virginianus como para P colchicus, los censos estatales del hdbitat de tierras altas aumentaron la capacidad predictiva de los modelos, y los
datos de BBS generalmente mejoraron la inferencia sobre los parametros de ocupaciéon cuando se integraron con otras fuentes de datos. La
integracion de multiples fuentes de datos resolvié parcialmente los vacios espaciales en cada programa de monitoreo, al mismo tiempo que
aumento la precision de las estimaciones de los pardmetros. Los modelos integrados pueden ser capaces de combinar la mayor eficiencia de
muestreo de los programas de monitoreo especificos con la cobertura espacial més uniforme de los programas de monitoreo a gran escala.

Palabras clave: Censo de Aves Reproductoras, Colinus virginianus, eBird, integracion de datos, ocupacion, Phasianus colchicus

INTRODUCTION

Bird populations and distributions have declined steeply across
North America over the past several decades (Rosenberg et
al. 2019, Saunders et al. 2022). Certain habitat specialist spe-
cies, such as grassland birds, have declined especially steeply
(Rosenberg et al. 2019), requiring habitat-specific monitoring
and management to understand and halt declines. Multiple
monitoring programs have been used to document and under-
stand causes of population declines, but each monitoring pro-
gram varies in design and purpose. A key decision affecting
which monitoring programs to use depends on the habitat spe-
cificity of the target species. On the one hand, conducting sur-
veys primarily in specific habitats may increase efficiency of data
collection. On the other hand, surveying only in specific habitats
may result in preferential sampling bias, which can arise when
quantities of interest are correlated with the probability of a sur-
vey site’s inclusion in a sample (i.e., monitoring is more likely to
occur in high-quality habitat). Specifically, ignoring preferential
sampling bias or survey designs that are not random can result
in incorrect inference about parameters of ecological importance
(i.e., predictors of occupancy) and lead to overestimates of oc-
currence and population trends (Irvine et al. 2018, Fournier et al.
2019, Tang et al. 2021). Thus, it is critical to assess the effects of
preferential sampling bias on inference if potentially biased data
sources are being used to guide habitat management.

Upland game birds are declining across most of North America
due to habitat loss and fragmentation (Brennan and Kuvlesky Jr.
2005, Hernandez et al. 2013). Two of these species, Northern
Bobwhite (Colinus virginianus; hereafter bobwhite) and Ring-
Necked Pheasant (Phasianus colchicus; hereafter pheasant),
have declined steeply in Illinois (Pardieck et al. 2020). Both are
ground-nesting birds which primarily nest in tall grasses (Clark et
al. 1999, Taylor et al. 1999). Bobwhite are native and pheasants
are non-native to the USA, but both are economically import-
ant game species. Bobwhites are associated with heterogeneous
landscapes and edges, and tend to use woody cover more than
pheasants do (Twedt et, Wilson, and Keister 2007, Duren et al.
2011, Rosenblatt et al. 2022). Pheasants are primarily associated
with open grassland habitats (Clark, Schmitz, and Bogenschutz
1999, Jorgensen et al. 2014, Kauth 2020), although pheasants
may use wetlands and wooded areas for shelter from severe win-
ter weather (Gabbert et al. 1999). Degradation of these preferred
habitats is a major cause of population declines in both species
(Brennan and Kuvlesky Jr. 2005, Herndndez et al. 2013). Thus,
recovery of bobwhite and pheasant populations requires under-
standing of both rates of population declines and the habitat
needed to halt or reverse these declines.

Upland game bird monitoring is often focused on highly
suitable areas (i.e., areas actively managed for upland game)
to increase efficiency of data collection and to gauge effect-
iveness of management (Crosby et al. 2013, Schindler et al.

2020). For example, Illinois Department of Natural Resources
(IDNR) biologists have conducted annual roadside surveys in
upland game and grassland bird habitat areas for several dec-
ades (Illinois Department of Natural Resources 2021). Such
programs are often more efficient for detection of upland
game birds than less-targeted programs. However, monitor-
ing solely in highly suitable habitat may lead to bias in metrics
of interest (i.e., overestimation of occupancy or relative abun-
dance) and inference on habitat suitability due to preferential
sampling (Tang et al. 2021, Fandos et al. 2021).

While preferential sampling bias is a concern for targeted
surveys, other data sources can exhibit unintentional spa-
tial bias if they are less rigorously structured. For instance,
eBird is a semi-structured community science platform that
has been used to monitor changes in bird distribution and
abundance over broad spatial scales (Sullivan et al. 2009,
Humphreys et al. 2019, Robinson et al. 2020, Johnston et al.
2021). eBird data may be spatially biased in many ways, such
as being biased toward birders’ areas of residence, areas of
higher income, or protected areas (Devers et al. 2017, Perkins
2020, Tang et al. 2021). Failing to account for spatial biases
in semi-structured programs such as eBird may lead to incor-
rect inference and reduced accuracy of predictions (Johnston
et al. 2020, Tang et al. 2021).

The North American Breeding Bird Survey (BBS) has been
conducted annually across the United States and Canada since
1966. BBS data have regularly been used to estimate popula-
tion trends and distributions of breeding birds, including up-
land game birds (Veech 2006, Twedt et al. 2007, Pacifici et
al. 2018, Rosenberg et al. 2019), and routes are selected ran-
domly within 1-degree blocks of latitude and longitude, less-
ening the likelihood of preferential sampling or other spatial
biases (Robbins et al. 1986). However, BBS surveys may not
be suitable for analyses of upland game bird habitat use for
multiple reasons. First, BBS routes are designed to monitor
multiple bird species, specializing in multiple kinds of habitat,
and are thus not deliberately placed only in specific habitats
such as early successional vegetation, intact grasslands, or
wetlands. Such surveys are less likely to be subject to preferen-
tial sampling bias than more targeted surveys. However, these
general monitoring programs may be inefficient in detecting
habitat specialists (Sauer and Link 2011, Veech et al. 2017).
Second, BBS routes are only surveyed once annually. Single
visits make it difficult to separate factors affecting occurrence
or abundance from factors affecting detection, as only simple
presence-absence models or single-visit occupancy or abun-
dance models can be used to model data using single visits
(Lele et al. 2012, Peach et al. 2017).

Data integration approaches may be useful for improving
monitoring of upland game bird population trends and habi-
tat use, as combining data sources may suffice to overcome

€20z 11Mdy €0 uo Jasn Aleiqi aisnpy stoul||| 10 Alisiaalun Aq 21 £550//Soopenp/ddeyniuio/se0 L 01 /10p/a[o1e-80UBAPE/IOPUOD/WO02 dNo olwapede//:sdiy Woll papeojuMO(]



Data integration for upland game occupancy models

the inefficiencies of single-visit or unstructured programs like
the BBS or eBird while balancing any potential preferential
sampling biases in targeted monitoring programs (Miller et
al. 2019, Knight et al. 2021). Integrated occupancy models,
a type of integrated species distribution model, can prove es-
pecially valuable for estimating detection probabilities when
sites are only surveyed once, which might otherwise prevent
the separate estimation of occupancy or abundance and detec-
tion probability using single-visit surveys (Lauret et al. 2021).
In addition to accounting for spatial varying and potentially
biased survey effort from multiple monitoring programs, in-
tegrated occupancy and distribution models can also increase
precision of parameter estimates (Robinson et al. 2020,
Lauret et al. 2021, Zulian et al. 2021, Doser et al. 2022).

We fit integrated occupancy models (Lauret et al. 2021)
to estimate bobwhite and pheasant occupancy using data
from multiple monitoring programs in Illinois. Specifically,
we built competing models using all combinations of the 3
datasets (except for eBird by itself) to understand the effects
of landscape composition and configuration on occupancy of
bobwhite and pheasant, so that we could assess how spatial
distributions of monitoring programs (e.g., preferential sam-
pling or other spatial biases) might affect ecological inference.
Specifically, we fit models using 6 combinations of datasets
(all 3 [integrated], upland, BBS, BBS and upland, BBS and
eBird, upland and eBird) and compared these combinations
of datasets in terms of predictive ability, parameter inference,
multimodel inference, and predicted occupancy. We expected
that bobwhites would be most associated with heteroge-
neous landscapes, which in Illinois would likely be reflected
by a mixed landscape of forest and agriculture (Veech 2006,
Duren et al. 2011, Rosenblatt et al. 2022). We expected that
pheasants would be most associated with grasslands, row-
crop agriculture, and first-order streams, which are often sur-
rounded by grasslands (Jorgensen et al. 2014, Kauth 2020).
Finally, we expected that upland survey routes would be pri-
marily located in highly suitable bobwhite and pheasant habi-
tats relative to BBS routes and Illinois as a whole, resulting in
substantial differences between upland and integrated models
in terms of predicted occupancy and parameter inference.

METHODS
Study Area

The study area included the entire state of Illinois. Row-
crop agriculture is the dominant land cover type in Illinois,
at over 75% of the land cover in the state (U.S. Department
of Agriculture 2017). Forest cover increases in western and
southern Illinois (Walk et al. 2010). Urban landcover asso-
ciated with the Chicago metropolitan area is the dominant
landcover in the northeastern part of the state (Walk et al.
2010).

Landscape Covariates

We divided the study area into a grid with a 5-km reso-
lution, resulting in 6,073 grid cells in Illinois. To calculate
landscape composition and configuration covariates, we first
resampled land cover data from the 2016 National Land
Cover Database (NLCD; Homer et al. 2020) from a 30-m to a
90-m resolution to facilitate calculation of landscape metrics.
Within each 5-km grid cell, we calculated the proportions of
forest (NLCD categories 41, 42, and 43), row crops (NLCD
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category 82), barren ground (NLCD category 31), grassland
(NLCD categories 71 and 81), and early successional habi-
tat (shrub/scrub in the NLCD; NLCD category 52). We used
the R package landscapemetrics (Hesselbarth et al. 2019) to
calculate 4 metrics of landscape configuration: forest and
early successional patch cohesion (hereafter cohesion), forest-
agriculture edge density (where agriculture means specifically
row crops), and forest-early-successional edge density. All 4
of these landscape configuration metrics and the land cover
composition covariates were chosen because they were mean-
ingful predictors of bobwhite occupancy in previous models
of occupancy and abundance (Duren et al. 2011, Rosenblatt
et al. 2022). We used locations of first-order streams from
the Illinois Statewide Streams Application layer (Illinois
Department of Natural Resources 2014) to calculate the
density of first-order streams in each grid cell, as the habitat
around these streams is often the only grassland available in
parts of Illinois and may not be classified as grassland in the
NLCD. We scaled all occupancy covariates to have mean 0
and standard deviation 1 prior to analysis. We also checked
the correlation between all covariates for occupancy; none
had correlation greater than 0.7. However, because forest-
agriculture edge and forest cohesion, and proportions of for-
est and agriculture, respectively, were moderately correlated
(0.64 and -0.635, respectively), we built models with only one
of each set of covariates (e.g., forest-agriculture edge and pro-
portion of agriculture without forest cohesion or proportion
of forest; Supplementary Material Table S1).

Survey Data

We used data collected in 2017 from 3 separate sources:
eBird, BBS, and upland point counts coordinated by the
Illinois Department of Natural Resources. The Cornell Lab
of Ornithology’s eBird program provides birders with the
option of recording bird species checklists at any time and
location; including data on survey effort (e.g., minutes spent
birding, kilometers traveled) and protocols (e.g., stationary
point counts, traveling birding) results in semi-structured data
that allows researchers to model detectability, relative abun-
dance, and occupancy (Robinson et al. 2018, 2020, Johnston
et al. 2021). We downloaded checklists containing presence
and absence records for bobwhite and pheasant in Illinois
in 2017. We used the R package auk (Strimas-Mackey et al.
2018) to filter the eBird data down to complete checklists,
in which observers recorded every species they saw or heard
so that non-detection could be inferred. We also filtered the
data down to data collected between May 10th and July 10th,
2017, and only stationary checklists (i.e., point counts) with
10 or fewer observers and fewer than 5 hr of search effort
(Strimas-Mackey et al. 2020). BBS surveys consist of routes
of 50 stops each; these routes are randomly selected within
each 1-degree block of latitude and longitude (Robbins et al.
1986). Stops are generally 0.8 km apart along roads and each
stop consists of a 3-min point count in which an observer re-
cords all bird species seen or heard. We downloaded stop-level
data on detections of bobwhite and pheasant in Illinois from
the BBS website (Pardieck et al. 2020), and we obtained loca-
tions of stops in Illinois. Upland point counts occurred during
May 10th to July 10th, 2017; routes generally consisted of 20
3-min point counts spaced 1.6 km apart along roads and were
generally surveyed twice, once during May 10th to June 10th
and once during June 10th to July 10th to coincide with peak

€20z 11Mdy €0 uo Jasn Aleiqi aisnpy stoul||| 10 Alisiaalun Aq 21 £550//Soopenp/ddeyniuio/se0 L 01 /10p/a[o1e-80UBAPE/IOPUOD/WO02 dNo olwapede//:sdiy Woll papeojuMO(]


http://academic.oup.com/condor/article-lookup/doi/10.1093/ornithapp/duad005#supplementary-data

4 R. L. Emmet et al.

pheasant and bobwhite breeding, respectively (Illinois
Department of Natural Resources 2021). Observers did not re-
cord all bird species observed but recorded presence or absence
of a subset of grassland- and shrubland-dependent bird species
including bobwhite and pheasant. Upland routes were gener-
ally selected to run through known areas of high-quality grass-
land and shrubland habitat, including several state-managed
pheasant habitat areas.

Analysis
We analyzed the combined eBird, BBS, and upland data using
a modified version of the integrated occupancy model intro-
duced by Lauret et al. (2021), fit in a frequentist framework.
Building on the model described by Lauret et al. (2021), our
model includes 3 monitoring programs instead of 2: eBird,
BBS, and upland programs (Figure 1). We divided the period
between May 10th and July 10th into three survey occasions;
the first two survey occasions consisted of 20 days, but the
last survey occasion consisted of 22 days.

We assumed that each grid cell i was either occupied (z, =
1) or unoccupied (z, = 0) for the entire study period, with oc-
cupancy probability y:

z; ~ Bernoulli(;)

Occupancy probability y, was related to predictors of occu-
pancy X and their coefficients B via a logit-link function:

logit(ib:) = X5
Conditional on occupancy, detections y were a multinomial
random variable which could take one of eight states for each
grid cell 7 and occasion j, including every combination of de-
tection and non-detection by each monitoring program. For
example, y, = O represents no detection by any monitoring
program, y, = 1 represents detection by the eBird program but
not by BBS or upland programs, ¥, = 2 represents detection
by the upland program but not by eBird or BBS programs,
and so on. Each monitoring program had a distinct detection
probability for each grid cell i and survey occasion j, namely
p¢; for eBird, p; for upland, and p?; for BBS. Detection was
modeled thus

¥ijlzi ~ Multinomial(z;7;;)

with

mij = [(1 = piy)+(1 = pif)*(1 — pi), pi(1 — pif)*(1 — piy),

(1= pi)pi (1 = py), (1= pip) (1 = pi)ply, (1 — )

Py P (= piy)spl pippie (1 — b)), i)
We modeled detection probability for all three monitoring
programs as a function of covariates using a logit link. In
particular, we used start time (the time routes started for BBS
and upland surveys, and the time checklists started for eBird),
date, date squared, and effort (total minutes of point counts)
as detection covariates for each grid cell i and occasion j in
which sampling occurred (e.g., for BBS—the upland and
eBird equations would look similar)

logit (p”) = ag+ agstart;; + apdate;; + agdate + ayeffort;;

Though upland and BBS surveys consisted of 3-min point
counts, different spatial configurations of routes resulted in
varying numbers of point counts per cell, making it important
to model effort for these monitoring programs. Additionally, we
modeled eBird detection probability as a function of the num-

Data integration for upland game occupancy models

ber of observers in addition to other survey covariates (start
time, date, etc.).

A few cells with upland and BBS data included data from
multiple routes or multiple surveys of the same route (for
upland surveys) during a single survey occasion. Where a
single cell and survey occasion included data for more than
one route or repeat survey, we used average start time, date,
and date squared for those routes or surveys, and total effort
summed across all routes or surveys in that cell and occasion.
This resulted in the assumption that all observers in that cell
and occasion conducted surveys on the average date and at
the average time of surveys in that cell and occasion. We made
similar assumptions and averaged detection covariates in a
similar way in cells and occasions with eBird data, also aver-
aging the number of observers across repeat checklists within
a single cell and occasion. We scaled all detection covariates
using the mean and standard deviation of each dataset separ-
ately. For example, BBS start times for bobwhite were scaled
using the mean and standard deviation of the BBS start times
for bobwhite.

If a given monitoring program did not occur within a cell
i and occasion j, the detection probability for that program
(e.g., pf; for eBird) was set to O for cell i and occasion j and
excluded from the likelihood.

We fit integrated occupancy models including most com-
binations of the 3 datasets using Template Model Builder
(TMB) via R package TMB (Kristensen et al. 2016).
Because there were relatively few eBird detections, we did
not fit a model with eBird data alone for either species. We
fit a total of 21 candidate models each for 6 different com-
binations of datasets (upland, BBS, BBS and upland, BBS
and eBird, upland and eBird, fully integrated), resulting
in 126 models for each species. These models represented
competing hypotheses about the most important predictors
of bobwhite and pheasant occupancy based on previous
analyses (Supplementary Material Table S1). Four of the
covariates we fit, proportion of barren ground, proportion
of grassland, proportion of early successional habitat, and
first-order stream density, were included in models together
as “upland covariates”, being possibly representative of
upland habitat. In addition to models containing 2 or
more data sources, we fit single-season occupancy models
to upland and BBS data separately using TMB, estimating
intercepts and coefficients for predictors of Y and only p*
for the upland model and p? for the BBS model. Because
the BBS includes only a single survey per route, we used
a single-visit occupancy model to analyze the BBS data.
These models can separately estimate detection probability
and occupancy when at least some occupancy and detec-
tion covariates are independent and continuous (Lele et al.
2012, Peach et al. 2017). This model is almost identical
to a standard, multiple-visit occupancy model, except that
detection probability is no longer indexed by occasion j:

logit < pf»’ ) = oo+ «aistart; + apdate; + oz3datei2 + ageffort;

We formulated our single-visit occupancy as a multiple-visit
occupancy model, but with detection probability set to 0
during survey occasions in which sampling did not occur, as
described above. We also fit single-season integrated occu-
pancy models including only BBS and upland data, only BBS
and eBird data, and only upland and eBird data. We calcu-
lated Akaike’s Information Criterion (AIC) for each model,
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Figure 1. Maps of BBS (A-B), upland (C-D), and eBird (E-F) locations and detections for Northern Bobwhite (left) and Ring-Necked Pheasant (right) in
Illinois in 2017. Red dots indicate surveys in which bobwhites or pheasants were detected, whereas blue dots indicate surveys in which bobwhites or
pheasants were not detected. lllinois’ location in the U.S. is depicted in gray in the inset map.

ranked models using AIC and the AIC weight (w) of each

model 7 as

W

e—O.S* A AIC,,

- —05% A AIG,,’
ZmeM e "

where AAIC  is the difference between the AIC of model 7
and the minimum AIC value of the model set. We reported all
models with AAIC < 2 as top models (Symonds and Moussalli
2011), and compared models using w. We calculated AIC and
w, and ranked models as described for the fully integrated
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Table 1. AIC ranking of top candidate models (AAIC < 2) of Northern Bobwhite occupancy based on 2017 data from models fit to 6 different
combinations of datasets (integrated [all datasets], upland, BBS, BBS and upland, BBS and eBird, upland and eBird). Land-cover metrics were quantified
within 5-km square grid cells overlaid on the study area. “Upland covariates” refer to proportion of barren ground, proportion of grass, proportion of
early successional habitat, and first-order stream density, which were always included in models together. K'is the number of parameters in each
model, AAngAisA:EQe difference between each AIC value and the minimum value for that model set, and the model weight (w, ) is calculated as

Wm = W Model weights (w, ) were calculated relative only to models with AAIC < 2.

Data Model K AIC AAIC w,
Integrated Forest-agriculture edge + proportion agriculture + upland covariates 23 1562.882 0 1
Upland Forest cohesion + proportion forest + upland covariates 12 679.416 0 1
BBS Fforest-agriculture edge + proportion agriculture + upland covariates 12 604.98 0 0.646
BBS Forest-agriculture edge + proportion forest + upland covariates 12 606.18 1.2 0.354
BBS + Upland Forest-agriculture edge + proportion forest + upland covariates 17 1272.204 0 0.705
BBS + Upland Forest-agriculture edge + proportion agriculture + upland covariates 17 1273.951 1.747 0.295
BBS + eBird Forest-agriculture edge + proportion agriculture + upland covariates 18 872.82 0 0.693
BBS + eBird Forest-agriculture edge + proportion forest + upland covariates 18 874.445 1.625 0.307
Upland + eBird Forest-agriculture edge + proportion forest + upland covariates 18 953.39 0 0.56
Upland + eBird Forest cohesion + proportion forest + upland covariates 18 953.869 0.479 0.44

occupancy models to compare the top models for each of the
6 models we fit.

We compared models using different combinations of
datasets in three ways. First, to assess the predictive ability
of models, we held out 20% of each dataset prior to fitting
models in which those datasets were used (e.g., we held out
20% of the BBS dataset prior to fitting the integrated, BBS,
BBS and eBird, and BBS and upland models). For each model,
similarly to Zulian et al. (2021), we model-averaged predic-
tions of the unconditional probability of detection ¥ (joint
probability of occupancy and detection) for the held-out data
from the top models (those with AAIC < 2) in the model set
and calculated the deviance of each data set used in the model
as

N

D= —ZZ Z log((_y i’],)yi’/ (1 _ yi,j)(lim) )

i=1 j=1

For instance, for the model fit using only BBS and eBird data,
we used model-averaged predictions of BBS and eBird held-
out data, respectively, to calculate deviance for the BBS and
eBird held-out datasets separately. Second, because model-
averaging parameter estimates is not necessarily as straight-
forward as model-averaging predictions (Dormann et al.
2018), we compared parameter estimates and 95% profile-
likelihood confidence intervals for whichever model was the
top model in the integrated model set. For instance, if the top
integrated model for pheasant included only forest cohesion
as an occupancy covariate, we compared parameter estimates
from the 6 models including only forest cohesion (integrated,
upland, BBS, BBS and upland, BBS and eBird, upland and
eBird). Finally, we mapped predicted occupancy and standard
errors from the same model (i.e., whichever model was the
top model in the integrated model set).

RESULTS

Spatial Coverage and Overlap of Monitoring
Programs

Approximately 30% (1,801 of 6,073 grid cells) of the study
area was surveyed by either upland, BBS, or eBird sampling.
eBird sampling occurred in 28% (771 cells), upland sam-

Table 2. Deviance calculated for each Northern Bobwhite dataset
(columns) using predictions from models fit to 6 different combinations
of datasets (rows; integrated [all datasets], upland, BBS, BBS and
upland, BBS and eBird, upland and eBird). Predictions were model-
averaged using the top models (AAIC < 2) for each model set.

Integrated eBird BBS Upland
Integrated 550.553 123.121 177.395 250.038
Upland - - - 262.64
BBS - - 207.523 -
BBS + Upland - - 174.299 268.617
BBS + eBird - 144.708 225.964 -
Upland + eBird - 138.398 - 326.955

pling in 8% (460 cells), and BBS in 13% (779 cells). There
was relatively little spatial overlap in monitoring programs:
31 cells contained both eBird and upland sampling, 113 cells
contained eBird and BBS sampling, 71 cells contained upland
and BBS sampling, and 6 cells contained all three.

Northern Bobwhite Modeling

The top models in each model set for bobwhite primarily
included forest-agriculture edge and proportion of forest or
agriculture (Table 1). However, the upland-only and upland
and eBird model sets included forest cohesion and proportion
of forest (Table 1). The integrated model had the lowest de-
viance of all models for the eBird and upland data, and the
second-lowest deviance for the BBS data after the BBS and
upland model (Table 2). For the eBird and BBS data, including
upland data in models lowered deviance relative to models
without upland data (Table 2). However, the BBS deviance
increased when eBird data were included with upland and
BBS data, and adding eBird data increased upland deviance
substantially (Table 2).

Comparing parameter estimates from the model with
the lowest AIC value in the integrated model set (including
forest-agriculture edge, proportion of agriculture, and upland
covariates (proportions of early successional, grassland, and
barren habitat, and first-order stream density)), bobwhite occu-
pancy significantly increased with forest-agriculture edge and
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Figure 2. Parameter estimates and 95% profile-likelihood confidence intervals for the top integrated model for Northern Bobwhite (forest-agriculture
edge, proportion of agriculture, and upland covariates) fit to 6 different datasets (integrated, BBS, upland, BBS and upland, BBS and eBird, upland and
eBird). Confidence intervals that do not overlap 0O (black vertical line) indicate significant parameter estimates.

stream density across all 6 combinations of datasets, though
effect sizes varied (Figure 2). Mean occupancy probability from
the top integrated model was 0.50 (SD = 0.25), but varied from
0.39 in eBird cells (SD = 0.23) to 0.51 in BBS cells (SD = 0.24)
to 0.52 in upland cells (SD = 0.24). Detection parameters for
eBird and upland data were fairly similar across models, with
BBS start time being a significant positive predictor of BBS
detection probability, date squared a significant negative pre-
dictor for upland detection probability, and effort a significant
positive predictor for BBS and upland detection probabilities
(Figure 2). However, for BBS data, the effect size of start time
changed markedly across models, as did the significance of date
squared (particularly when eBird data were removed; Figure
2). Mean detection probabilities as calculated from the top in-
tegrated model ranged from 0.75 (SD = 0.14) for upland data
to 0.52 for BBS data (SD = 0.26) to 0.11 for eBird data (SD
= 0.05). Confidence intervals were often similar across com-
binations of datasets, but the integrated model (all 3 datasets)
tended to have smaller confidence intervals for the BBS detec-
tion parameter, and models with BBS data in them (particularly
the integrated model) had smaller confidence intervals on the
occupancy covariates than models without BBS data.

Spatial patterns of occupancy were fairly similar across
combinations of datasets, but predicted occupancy was higher
for models including upland data than models not including
upland data (Figure 3). Standard errors on predicted occu-
pancy were smallest for the integrated model and the BBS and
upland model (Figure 3).

Ring-Necked Pheasant modeling

The top models in each model set for pheasant mostly included
forest cohesion, with or without other covariates, with the ex-
ception of one BBS model including early successional cohesion
(Table 3). For every model set except for the upland and eBird
model set, the model with the highest AIC weight included only
forest cohesion. The set of competitive BBS models was larger
than the other sets of competitive models and had AIC weight

roughly evenly spread among 4 top models, including the
model with only early successional cohesion (Table 3). The in-
tegrated model only had the lowest deviance for the BBS data,
and the deviance for BBS data varied little between models
(Table 4). Similarly, the deviance for eBird data varied little be-
tween models; the deviance for the upland and eBird model
was lowest (Table 3). The deviance for the upland data was
also lowest for the upland and eBird model (Table 3).

For the top integrated model (including only forest cohe-
sion), pheasant occupancy significantly decreased with for-
est cohesion under all combinations of datasets (Figure 4).
Mean occupancy probability from the top integrated model
was 0.37 (SD = 0.14), and was similar across data types, ran-
ging from 0.37 (SD = 0.13) in eBird cells to 0.37 (SD = 0.14)
in BBS cells to 0.38 (SD = 0.15) in upland cells. Pheasant BBS
detection probability was significantly negatively associated
with start time, while the effect of eBird start time on eBird
detection probability was marginally significantly negative
(Figure 4). BBS and upland detection probabilities increased
significantly with effort, and upland and BBS detection prob-
abilities had significant but opposite responses to date (Figure
4). Mean detection probabilities as calculated from the top
integrated model ranged from 0.63 (SD = 0.21) for upland
data to 0.38 for BBS data (SD = 0.23) to 0.14 for eBird data
(SD = 0.16). Confidence intervals were often similar across
combinations of datasets, but incorporating upland data (e.g.,
integrated, or BBS and upland) narrowed confidence inter-
vals for BBS detection parameters and occupancy parameters
(Figure 4).

Spatial patterns of predicted occupancy were similar across
all combinations of datasets, but predicted occupancy was
higher for models without BBS data than for those with BBS
data (Figure 5). Similarly, standard errors were higher for
models without upland data than for those with upland data
(Figure 5). Including eBird data in models lowered predicted
occupancy, and either reduced or did not change standard
errors (Figure §).
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Figure 3. Predicted occupancy probabilities (first and third columns) and standard errors (second and fourth column) from the model with the lowest
AIC value in the integrated model set for Northern Bobwhite, fit using (A) all datasets (integrated), (B) upland data only, (C) BBS data only, (D) BBS and
upland data, (E) BBS and eBird data, and (F) upland and eBird data. Standard errors are calculated within Template Model Builder (TMB) using the delta

method.

Table 3. AIC ranking of top candidate models (AAIC < 2) of Ring-Necked Pheasant occupancy based on 2017 data from models fit to 6 different
combinations of datasets (integrated (all datasets), upland, BBS, BBS and upland, BBS and eBird, upland, and eBird). Land-cover metrics were

quantified within 5-km square grid cells overlaid on the study area. “Upland covariates”

refer to proportion of barren ground, proportion of grass,

proportion of early successional habitat, and first-order stream density, which were always included in models together. K'is the number of parameters

in each model AAIC is the difference between each AIC value and the minimum value for that model set, and the model weight (w,

Wp = W Model weights (w, ) were calculated relative only to models with AAIC < 2.

) is calculated as

Data Model K AIC AAIC w,
Integrated Forest cohesion 18 1370.543 0 1
Upland Forest cohesion + proportion forest + upland covariates 12 605.88 0 0.674
Upland Forest cohesion + proportion agriculture + upland covariates 12 607.334 1.454 0.326
BBS Forest cohesion 7 443.341 0 0.349
BBS Forest cohesion + proportion agriculture + upland covariates 12 444.123 0.783 0.236
BBS Forest cohesion + proportion forest + upland covariates 12 444.27 0.93 0.22
BBS Early successional cohesion 7 444.51 1.169 0.195
BBS + Upland Forest cohesion 12 1028.931 0 0.69
BBS + Upland Forest cohesion + proportion agriculture + upland covariates 17 1030.534 1.603 0.31
BBS + eBird Forest cohesion 13 773.247 0 1
Upland + eBird Forest cohesion + proportion forest + upland covariates 18 937.927 0 1

DISCUSSION

Our study demonstrates the potential of integrated modeling
for improving predictions and understanding and balancing
data quantity and quality and spatial biases across multiple

monitoring programs. While the model with all 3 data sources

was not always the best at predicting held-out data, models
with at least 2 data sources consistently had the highest
predictive ability. Similarly, the integrated model and other
models with 2 or more data sources frequently had more
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Table 4. Deviance calculated for each Ring-Necked Pheasant dataset
(columns) using predictions from models fit to 6 different combinations
of datasets (rows; integrated [all datasets], upland, BBS, BBS and
upland, BBS and eBird, upland and eBird). Predictions were model-
averaged using the top models (AAIC < 2) for each model set.

Integrated eBird BBS Upland
Integrated 380.29 72.435 117.309 190.546
Upland - - - 192.339
BBS - - 118.649 -
BBS + Upland - - 118.746 199.791
BBS + eBird - 71.557 117.508 -
Upland + eBird - 70.801 - 182.616

precise parameter estimates and occupancy predictions than
models with only 1 data source. In particular, integrating mul-
tiple data sources often led to improved precision on detec-
tion parameters for the BBS data. Thus, integrated modeling
can increase understanding of the sampling efficiency (i.e.,
estimation of the relationship between detection probabil-
ity and effort) of different monitoring programs by combin-
ing them. Analyzing multiple data sources in an integrated
modeling framework allowed us to combine the relatively
general sampling scheme of the BBS data, the higher sampling
efficiency of the upland data, and the semi-structured eBird
data to improve inference and prediction relative to models
based on BBS or upland data alone. This is particularly useful
for conservation and management because many states have
similar monitoring programs in place.

Each data source included in the models with multiple data
sources contributed differently to the results. The upland
data generally seemed to play an important role in improving
predictive power; when BBS data were included in a model,
including upland data as well almost always lowered the de-
viance of datasets (Tables 2 and 4). The exceptions to this rule
were in scenarios where deviance did not vary much (e.g.,
eBird or BBS deviance for pheasants). On the other hand, the
BBS data played a greater role in reducing occupancy predic-
tions and increasing precision of occupancy parameter esti-
mates. In most cases, adding BBS data to upland data (the
BBS and upland model) or to upland and eBird data (the inte-
grated model) narrowed the confidence intervals around oc-
cupancy parameter estimates. The different roles these data
sources play in improving inference and prediction make sense
given their respective qualities. The upland data contain the
most detections for both species (365 cells and occasions with
detections for bobwhite, and 223 for pheasant), and given
their quantity, repeat surveys, and placement in high-quality
habitat, the upland data provide the highest-quality informa-
tion with the greatest ability to improve predictions. The BBS
data provide more information, when modeled with upland
data, than if upland data were modeled alone. While BBS data
collection is not optimized to fill gaps in upland sampling
and thus improve predictions, BBS data may still improve in-
ference by providing more observations. eBird data are less
consistent in their ability to improve inference or prediction;
for instance, while eBird data improved the predictive per-
formance of the upland and eBird model relative to upland
alone for pheasants, eBird data also increased deviance sub-
stantially when added to upland or BBS data alone for bob-
white. This may be partially a result of the strong spatial bias
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of eBird toward the Chicago metropolitan area, where eBird
data add several detections of pheasants but few detections
of bobwhite.

Differences between the spatial distributions of the monitor-
ing programs likely affected inference and prediction, and the
integrated model averaged across these spatial differences and
thus improved precision of parameter estimates. For example,
each monitoring program misses some aspect of the spatial dis-
tribution of forest cohesion in Illinois (Supplementary Material
Figure S1). BBS routes appear to occur at higher densities than
upland routes in north-central Illinois, where forest cohesion
is relatively low, while upland routes occur at higher densities
than BBS routes in southern Illinois, where forest cohesion is
very high. Both monitoring programs are absent from much of
the Chicago metropolitan area, but eBird checklists are clus-
tered primarily around the Chicago metropolitan area. The
consequences of these spatial gaps can be seen by inspecting
violin density plots of forest cohesion under different moni-
toring programs (Supplementary Material Figure S2). Relative
to the statewide distribution of forest cohesion (all cells), the
BBS contains a lower density of areas of higher forest cohe-
sion, as demonstrated by the lower width of the BBS violin
density plot for high values of forest cohesion (Supplementary
Material Figure S2). Similarly, the upland surveys are missing
areas of lower forest cohesion (Supplementary Material Figure
S2). While the parameter estimates for forest cohesion did
not differ between models as extremely as some other par-
ameter estimates (Figures 2 and 4), the spatial differences
between monitoring programs resulted in biased samples of
multiple habitat covariates (Supplementary Material Figure
S3), which collectively led to the differences in estimated oc-
cupancy between models derived from different monitoring
programs. Combining datasets using data integration lessened
these spatial biases, but it did not resolve them. Comparing
forest cohesion from combined monitoring programs to the
statewide distribution, for instance, the combined data better
represents areas with high forest cohesion than BBS routes,
and better represents areas of low forest cohesion than upland
routes, as the combined violin density plot has higher width
(i.e., higher relative density) at the lowest and highest values
than the upland and BBS plots, respectively (Supplementary
Material Figure S2). Even when spatial biases exist in moni-
toring programs, data integration can yield robust estimates of
occupancy, provided monitoring programs complement each
other in terms of where spatial biases occur.

The occupancy model results generally match previous
literature on bobwhite and pheasant occupancy, although
many previous studies measured covariates at different scales
(Duren et al. 2011, Jorgensen et al. 2014, Rosenblatt et al.
2022). Notably among detection covariates, pheasant detec-
tion probability decreased with date for upland surveys but
increased with date for BBS surveys. This may be due to many
BBS surveys occurring before the second runs of upland sur-
veys; BBS surveys in Illinois tend to peak in late May or early
June, during peak pheasant breeding season, whereas the sec-
ond surveys of many upland routes occur after mid-June, when
pheasant breeding has already peaked. Bobwhite occupancy
was associated especially with forest-agriculture edge dens-
ity, proportion of agriculture, and first-order stream density.
The first is known to be associated with bobwhite occupancy
(Twedt et al. 2007, Duren et al. 2011, Rosenblatt et al. 2022),
as bobwhite are edge specialists. First-order stream density is
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Figure 4. Parameter estimates and 95% profile-likelihood confidence intervals for the top integrated model for Ring-Necked Pheasant (forest cohesion)
fit to 6 different datasets (integrated, BBS, upland, BBS and upland, BBS and eBird, upland and eBird). Confidence intervals that do not overlap 0 (black
vertical line) indicate significant parameter estimates. The estimates for BBS start time, the occupancy intercept, and forest cohesion fit using the BBS
dataset gave incomplete or unrealistic confidence intervals; these confidence intervals have been replaced by confidence intervals calculated using the
estimate + 1.96 xSE, where SE is the standard error of the parameter estimate.
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Figure 5. Predicted occupancy probabilities (first and third columns) and standard errors (second and fourth column) from the model with the lowest
AIC value in the integrated model set for Ring-Necked Pheasant, fit using (A) all datasets (integrated), (B) upland data only, (C) BBS data only, (D) BBS
and upland data, (E) BBS and eBird data, and (F) upland and eBird data. Standard errors are calculated within Template Model Builder (TMB) using the

delta method.
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not generally considered an indicator of suitable bobwhite
habitat. The large effect size of first-order stream density is
likely due to its moderate correlation with forest-agriculture
edge density (7 = 0.40). Areas of Illinois with high first-order
stream density also often include large amounts of heteroge-
neous edge habitat, such as the areas around the tributaries of
the Illinois, Mississippi, and Ohio Rivers in western and south-
ern Illinois. Pheasant occupancy was most associated with for-
est cohesion, indicating pheasant avoidance of forested areas
(Schmitz and Clark 1999, Kauth 2020) and selection of agri-
cultural areas (which are highly negatively correlated with for-
est cover in Illinois; Nielson et al. 2008). Surprisingly, the vast
majority of the models with the lowest AIC value for pheasant
included only forest cohesion, and not other covariates known
to be associated with pheasant occupancy, such as proportion
of grassland. It is possible that the scale of analysis could have
obscured evidence of fine-scale habitat selection by pheasants
within 5-km grid cells. More generally, the larger scale of ana-
lysis we used is likely to lead to some different results from
previous studies. Finally, it is likely that the predicted occu-
pancy estimates are overpredictions. This could be a result
of preferential sampling bias that has not been accounted for
with a site-selection model. We found that some of the likely
overpredictions using upland data alone (i.e., data primar-
ily located in highly suitable habitat) were partially reduced
by incorporating BBS or eBird data (Figures 3 and 5), which
reduced spatial bias in covariates, but a site-selection model
would likely further reduce predictions (Fandos et al. 2021).
However, our results for effects of coarse scale habitat are rea-
sonably valid, and tend to support broad habitat associations
of bobwhite with heterogeneous habitat and pheasants with
open habitat, respectively.

Despite their value, integrated occupancy models are sen-
sitive to assumptions and types of data included, and thus
results should be interpreted with some caution. Several fac-
tors may have influenced our results. The results of our occu-
pancy models are likely scale-dependent (Duren et al. 2011,
Jorgensen et al. 2014), and scale of analysis can have a large
effect on estimates from integrated species distribution models
(Schank et al. 2019). We chose a 5-km resolution for grid cells
to balance computational efficiency and the ability to capture
relatively fine-scale habitat variation. Because bobwhite and
pheasant home ranges are often far smaller than 25 km?, it
is likely that our analysis fails to capture habitat selection at
the level of individuals’ home ranges, but rather provides in-
creased understanding of statewide variation in occupancy and
spatial patterns in survey programs. Similarly, many protected
upland game bird habitat areas in Illinois are smaller than 25
km?, so the habitat characteristics associated with these areas
may be difficult to observe at the 5-km scale. Both integrated
species distribution models and single-visit occupancy models
can also provide biased parameter estimates when factors af-
fecting detection and distribution or occupancy are correlated
(Simmonds et al. 2020). Thus, it is possible that correlation be-
tween BBS and eBird effort and drivers of pheasant occupancy
affected multimodel inference for occupancy models applied
to BBS and eBird data, where repeat visits were either not con-
ducted (BBS) or not guaranteed (eBird).

We found that integrating multiple data sources accom-
plished multiple objectives simultaneously. Including upland
data mostly improved predictions, while including BBS data
often improved inference on parameter estimates, particularly
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for occupancy parameters, and spatial gaps in monitoring
programs were partially resolved by integrating multiple data
sources. Additionally, fitting integrated models in a frequentist
framework required relatively little computation time. This
study highlights the value of all three data sources used.
Targeted monitoring programs, particularly when they incorp-
orate repeat visits, can provide reasonably reliable ecological
inference and increase efficiency of detections and predictive
power, while less targeted but more widespread programs such
as the BBS and eBird can be used to improve precision of par-
ameter estimates and correct for possible preferential sampling
biases in targeted monitoring programs by reducing spatial
biases.

Supplementary material

Supplementary material is available at Ornithological
Applications online.
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