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ARTICLE INFO ABSTRACT

Keywords: Forest management is critical for ensuring a sustainable source of wood fiber and maintaining the integrity of
Dynamic occupancy ecosystem services. Understanding relationships between management and wildlife can help identify ways to
ARU

best meet both wildlife and forestry objectives. Wood Thrush is an imperiled forest songbird, but the majority of
studies regarding its relationships with management are based on static occupancy or abundance, which provide
an incomplete assessment of habitat quality if movement occurs throughout the breeding season. We used
within-season dynamic occupancy models and passive acoustic recorders to monitor Wood Thrush occupancy
dynamics in response to LiDAR-derived forest structure in Pennsylvania. Over the entire breeding season Wood
Thrush used 54 % of sites but on any given day only 14 %-18 % of sites were occupied, indicating substantial
movement. Settlement had a significant quadratic relationship with canopy variation and understory density,
and vacancy had a significant quadratic relationship with midstory density and a positive relationship with dry
oak forests. Predictive maps revealed that areas within 500 m of overstory removals 4-25 years post-harvest had
mean predicted daily settlement rates 50 % - 130 % higher than mature forest and areas within 500 m of
overstory removals 11-25 years post-harvest had mean predicted daily vacancy rates 25 % lower than mature
forest. Our study suggests that implementing even-aged management practices can create vegetation conditions
that improve habitat quality for Wood Thrush. Finally, our study demonstrates that passive acoustic sampling
with human-validated machine-learning outputs provides an efficient means of obtaining robust datasets
necessary for dynamic occupancy modeling.

Wood Thrush

Forest management

Lidar

Passive acoustic monitoring

Yamasaki, 2003, King and Schlossberg, 2014), for other species, fine and
coarse-scale effects of even-aged management on habitat quality are less

1. Introduction

Forest management is an important tool for maintaining forest
health, meeting resource needs, and providing habitat for wildlife
(Loehle et al., 2024). Management can constitute a variety of practices
ranging from largely hands-off approaches to silvicultural treatments
that alter forest structure across understory, midstory, and canopy layers
(Nyland, 2016). In the eastern US, even-aged management is one
approach used to harvest timber and regenerate forest (Keyser et al.,
2016). Even-aged management is primarily accomplished using
methods such as clearcuts, overstory removals, seed tree, or shelterwood
harvests, depending on site conditions (e.g., presence of advanced
regeneration) prior to management (Palik et al., 2020). For species
dependent on early-successional vegetation communities, the
stand-level benefits of even-aged management are evident (DeGraaf and
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clear. Understanding how wildlife habitat quality is affected by
even-aged management practices is valuable for developing forest
management strategies that consider both forestry and wildlife goals.
One species that exhibits varying responses to forest management is
the Wood Thrush (Hylocichla mustelina). Wood Thrush is a Nearctic-
Neotropical migratory species that breeds in the United States and
winters in southern Mexico through Central America. On the breeding
grounds, Wood Thrush are strongly linked to eastern deciduous forests
with their range bounded by eastern Texas and Minnesota in the west
and extending to north Florida and southern Ontario and New Bruns-
wick in the east (Evans et al., 2011). The core of the Wood Thrush
breeding population occurs in central Appalachian forests from Ten-
nessee to New York. The species is categorized as one of high
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conservation concern by Partners in Flight, a multinational avian con-
servation organization, with populations estimated to have declined by
roughly 50 % since 1966 and an annual rate of decline of 1.12 % during
this time (Sauer et al., 2022). The species is typically associated with
mature, mesophytic forest conditions in which it establishes breeding
territories (Rosenberg et al., 2003, Lambert et al., 2017). Within such
sites, Wood Thrushes build nests in the understory or lower midstory
layers (Hoover and Brittingham 1999, Evans et al., 2011). Within this
context, Wood Thrush are known to demonstrate various responses to
forest management, with some studies indicating beneficial effects of
even-aged management (King and DeGraaf, 2000, Dellinger et al., 2007,
Goodale et al., 2009) and others suggesting negative effects of similar
silviculture practices (Wang et al., 2006, Newell and Rodewald, 2012,
Morris et al., 2013).

However, the majority of previous studies of Wood Thrush in
managed forests were based on static occupancy or abundance esti-
mates, which may provide an inadequate proxy for habitat quality
compared to, for instance, reproductive success or survival (Johnson,
2007). Relatively few studies have assessed Wood Thrush reproduction
in silviculturally managed landscapes in the central Appalachians (e.g.,
Duguay et al., 2001, Dellinger et al., 2007) where the majority of the
species breeds (Evans et al., 2011), perhaps given the added challenges
and effort associated with nest searching and monitoring. More recently,
it has been suggested that within-season occupancy dynamics of song-
birds may provide a better proxy for habitat quality than static occu-
pancy or abundance estimates without the added effort required to
conduct nest searching and monitoring (Betts et al., 2008, McClure and
Hill, 2012). For instance, Betts et al. (2008) showed that Black-throated
Blue Warblers (Setophaga caerulescens) were more likely to settle and less
likely to vacate sites with high hobblebush (Viburnum alnifolium) den-
sity, a shrub known to influence this warbler’s habitat quality. As such,
understanding Wood Thrush breeding season occupancy dynamics and
their relationship to forest structure and management would allow us to
better inform forest management actions for Wood Thrush that maxi-
mize season-long habitat quality.

To better evaluate the relationship between Wood Thrush, forest
structure, and even-aged forest management, we used automated
recording unit (ARU) arrays to passively sample landscapes for Wood
Thrush throughout the entire breeding season. We combined passive
acoustic data with light detection and ranging (LiDAR) data and within-
season dynamic occupancy models to understand how forest structure
influences Wood Thrush breeding season occupancy dynamics. We
modeled Wood Thrush occupancy dynamics using LiDAR-derived forest
structure covariates because Wood Thrush are likely to respond to forest
structure and not directly to even-aged treatments themselves. Instead,
we used our model to generate spatially explicit predictive maps,
highlighting patterns of occupancy dynamics in relation to even-aged
forest management. This approach allowed for a more mechanistic un-
derstanding of the link between Wood Thrush, forest structure, and
even-aged management. Our study had three main objectives, including
1) determine whether Wood Thrush breeding season occupancy is dy-
namic (i.e., within-season movement occurs) in managed forest land-
scapes 2) determine which aspects of forest structure and which forest
plant community types are associated with Wood Thrush occupancy
dynamics and 3) evaluate if even-aged forest management improves
habitat quality by evaluating settlement and vacancy rates in relation to
various treatment types. We predicted that Wood Thrush settlement
would align with well understood aspects of the species’ breeding
ecology, including tall complex canopies, moist mesophytic forests, and
well developed under- and midstories (Evans et al., 2011, Lambert et al.,
2017) as individuals find higher quality habitat over the breeding season
(e.g., Betts et al., 2008). We predicted that settlement would occur near
managed stands for two reasons 1) under, midstory, and canopy
complexity could be high adjacent to managed areas, and 2) Wood
Thrush are associated with dense early-successional vegetation during
the post-breeding period and prior to migration (Stoleson, 2013) and

Forest Ecology and Management 595 (2025) 122974

may choose to make second (or later) breeding attempts closer to areas
that better prepare them for migration.

2. Methods
2.1. Study area

We collected passive acoustic data in central Pennsylvania (PA) USA
from 20 May to 8 July 2020 and 2021. All data were collected on large
tracts of public forest in central PA’s Allegheny Plateau physiographic
province, which is characterized by relatively high elevation, steep
rolling hills, and deep valleys. Specifically, we collected data in two
study areas that represent actively managed forest landscapes, including
State Game Lands (SGL) 25 (N = 125) in 2020, and SGL 60 (N = 79) in
2021 (Fig. 1). Management conducted within the past 40 years largely
consisted of even-aged treatments that maintain some legacy structure,
including shelterwood harvests (10-15 m? / ha residual basal area after
second-entry) and overstory removal harvests with retained live trees
and snags (2-10 m? / ha residual basal area).

Forests in both study areas are broadly characterized by four main
community types, mixed oak, dry oak heath (hereafter dry oak), mixed
hardwood, and northern hardwood. The mixed oak community had
canopies dominated by a variety of oak (Quercus spp.) and hickory
(Carya spp.) species, and often red maple (Acer rubrum) with un-
derstories that typically contained a mix of witch hazel (Hamamilis vir-
giniana) and flowering dogwood (Cornus florida). Dry oak communities
(primarily SGL 60) were characterized by chestnut oak (Q. montana),
black gum (Nyssa sylvatica) and sassafras (Sassafras albidum) and un-
derstories of mountain laurel (Kalmia latifolia), scrub oak (Q. ilicifolia),
and huckleberries (Gaylussacia spp.). Northern hardwood communities
(primarily SGL 25) were represented by canopy species including
American beech (Fagus grandifolia), sugar maple (A. saccharum), and pin
cherry (Prunus pensylvanica), and understory plants included striped
maple (A. pensylvanicum) and hornbeam (Carpinus carolinea), for
example. Mixed hardwood communities had canopies dominated by
black cherry (P. serotina) and red maple but were otherwise similar to
northern hardwood communities. We used forest inventory data pro-
vided by the Pennsylvania Game Commission to place sampling loca-
tions using a stratified random procedure where broad forest age-class
categories (0-6, 7-20, 21-39, >40 years post-harvest) acted as strata.
Sampling locations were placed at least 250 m apart to avoid double-
counting of Wood Thrush.

2.2. Machine-learning classifier

We used AudioMoth 1.1 recorders (Open Acoustic Devices; Hill et al.,
2018) to gather passive acoustic data targeting the songbird dawn
chorus. We deployed ARUs prior to the start of the sampling period (1
May to 10 May each year). ARUs were programmed to record from 0600
to 0800 EDT each day. Each ARU was placed in a sealed plastic bag with
a small desiccant packet for waterproofing and then within a brown
mesh bag for concealment (Figure S1). We note that protecting ARUs
within plastic bags does not affect species identification (Osborne et al.,
2023). Technicians placed ARUs on small woody stems (<20 cm DBH)
using plastic cable ties strung through the top of the mesh bag. ARUs
were attached to trees at approximately 1.5-2 m above the ground.

We used a machine-learning classifier to detect possible instances of
Wood Thrush vocalizations in recordings at each sample location. Spe-
cifically, we used the OpenSoundscape software (version 0.7.1; Lapp
et al., 2023Db), to train a Resnet18 Convolutional Neural Network (CNN)
with a class for Wood Thrush song and classes for several other songbird
species. The training data were gathered from publicly available re-
cordings downloaded from xeno-canto.org and annotations were made
by technicians experienced in avian vocalizations using Raven Pro
software (Bioacoustics Research Program 2019). We report performance
metrics recommended by Knight et al. (2017) and further details on the
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Fig. 1. Wood Thrush occupancy dynamics were estimated in two study areas (SGL 25 and SGL 60) in central PA from 20 May to 08 July in 2020 and 2021 rep-
resenting a period from early- to late breeding season for the species. The top map shows the location of both study areas in PA. Bottom maps show the sampling
strategy in both study areas with yellow dots representing sampling locations. All survey areas were sampled using autonomous recording units.

classifier and its training in the supplemental material (Fig. S2).

We then used our trained Wood Thrush classifier to rank each 4-s clip
of audio from the ARU data across a 50-day window (20 May to 8 July)
from all sample locations based on the model’s confidence of Wood
Thrush song presence. This window represents early- to late breeding
season in the central Appalachian region for the species and likely
captures multiple nesting attempts and double-brooding behavior; still
this window is late enough that it is unlikely to capture vocalizations
from migrating individuals (Roth and Johnson, 1993). We then used a
classifier-guided listening approach, whereby technicians skilled in
Wood Thrush vocal identification listened to the highest scoring clips to
verify presence or absence of Wood Thrush. Specifically, technicians
listened to only the single highest-scoring 4-s clip at each sample loca-
tion for each of three 30-min sampling periods (0600-0630, 0645-0715,
0730-0800) for each day and repeated this process across all 50 days to
build the dynamic occupancy model detection history. All other 4-s clips
ranked by the classifier that were not the highest scoring of any 30-min
survey window were discarded. This process resulted in a detection

history whereby three secondary periods (30 min each) occurred within
a single day, and each day of the 50-day survey window represented a
different primary period, between which transitions in occupancy could
occur.

2.3. Covariates

Raw LiDAR data with 10-18 pulses/m? were gathered from the USGS
National Map. Specifically, we used LiDAR data sets that were collected
during spring 2019, which targeted leaf-off conditions in PA. LiDAR
metrics intended to describe both horizontal and vertical characteristics
of forests (see below) were summarized from point cloud data using the
“lidR” package (Roussel et al., 2020) in program R (R Core Team 2023),
with all LiDAR return heights normalized based on a triangulated
irregular network (TIN) algorithm to construct the digital terrain model
from ground returns (Fisher et al., 2024). Our final set of LiDAR-derived
forest structure metrics summarized point cloud data ata 10 m by 10 m
pixel resolution. Additional details relating to the LiDAR data used
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herein can be found in Fisher et al. (2024).

We develop a set of covariates based on a priori expectations of their
effect on Wood Thrush occupancy (Table 1). Our initial set of covariates
included the proportion of returns (i.e., the intersection of LiDAR with
an object) within the 1-4 m stratum (hereafter understory density) and
within the 4-10 m stratum (hereafter midstory density). To evaluate
distribution of vegetation layers, we derived a multi-story profile mea-
sure, calculated as the difference between the second and third vege-
tation height quartiles divided by canopy height; here low values
indicate single or two-layered stands and high values indicate multi-
layered stands (Zellweger et al, 2013). We also generated
LiDAR-derived metrics representative of canopy height and canopy
structure, including the height at which 95 % of LiDAR returns occurred
(hereafter canopy height), and canopy variation — a measure of canopy
complexity calculated as the standard deviation of canopy height across
a 30 m radius (Roussel et al., 2020). All LiDAR-derived covariates were
extracted as means from a set of spatial scales including 50 m, 100 m,
250 m, and 500 m radii surrounding sampling locations using the
“raster” package in R (Hijmans 2015). In addition to LiDAR-derived
metrics, we gathered forest community type from each stand in our
study areas using inventory data provided by the Pennsylvania Game
Commission. We simplified these types into four main categories: dry
oak, mixed oak, mixed hardwood, and northern hardwood. Finally, we
calculated the Euclidean distance from each sampling location to the
nearest stream of any order using the “sf” package in R (Pebesma, 2018).
Stream data were gathered from the National Hydrography Dataset
(https://www.usgs.gov/national-hydrography/national-hydrography-
dataset).

Table 1

Description of variables used to model detection probability, probability of
initial occupancy, probability of settlement and probability of vacancy of Wood
Thrush using dynamic occupancy models.

Variable Data Source A priori Submodels
reference
Study Area Factor All
Canopy Continuous LiDAR Bertin, (1977), Occupancy,
Height Hoover and Settlement,
Brittingham, Vacancy
(1998)
Canopy Continuous  LiDAR Lambert et al. Occupancy,
Variation (2017) Settlement,
Vacancy
Understory Continuous  LiDAR Hoover and Occupancy,
Density Brittingham, Settlement,
(1998) Vacancy
Midstory Continuous  LiDAR Bakermans et al. Occupancy,
Density 2012 Settlement,
Vacancy
Multi-story Continuous  LiDAR Bakermans et al. Occupancy,
Profile 2012 Settlement,
Vacancy
Distance to Continuous ~ National Evans et al. Occupancy,
Stream Hydrologic (2011), Jirinec Settlement,
Database et al. (2016) Vacancy
Northern Factor PGC Occupancy,
Hardwood Inventory Settlement,
Vacancy
Mixed Factor PGC Occupancy,
Hardwood Inventory Settlement,
Vacancy
Mixed Oak Factor PGC Occupancy,
Inventory Settlement,
Vacancy
Dry Oak Factor PGC Occupancy,
Inventory Settlement,
Vacancy
Day of Continuous Detection
Season
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2.4. Statistical analyses

Dynamic occupancy models (MacKenzie et al., 2003) are an exten-
sion of the traditional static occupancy model (MacKenzie et al., 2002).
Compared to the traditional occupancy model, dynamic occupancy
models estimate two additional parameters including colonization, the
probability an unoccupied site becomes occupied, and extinction, the
probability that an occupied site becomes unoccupied. In addition to
initial occupancy and detection probability, colonization and extinction
can be estimated as a function of covariates. Estimating these additional
parameters requires both primary and secondary sampling periods,
where secondary sampling periods occur within a primary period.
Populations are assumed to be closed across secondary periods (allowing
for estimation of detection probability) and allowed to be open across
primary periods (allowing for estimation of colonization or extinction).

Dynamic occupancy models are often applied to measure meta-
population dynamics or species’ responses to conservation or restoration
actions over multiple years (e.g., Gordon et al., 2024). However, primary
periods (periods between which colonization and extinction are esti-
mated) can also occur within a single season, for example from early to
late breeding season for songbirds (e.g., McClure and Hill, 2012).
Within-season, colonization and extinction are more appropriately
referred to as settlement and vacancy. Because they can record contin-
uously, ARUs deployed within-season provide the opportunity to eval-
uate settlement and vacancy at an even finer temporal scale, which may
be appropriate for highly vagile species. Here we used ARUs to estimate
the probability of settlement and vacancy on a daily time-scale (i.e., each
day is a primary period). One advantage to this approach is that if the
direction of covariate effects on settlement and vacancy remains
consistent across the season, more instances of settlement and vacancy
may improve precision of parameter estimates. However, when evalu-
ating dynamics on such a fine time scale, it is important to address
whether apparent movements are reflective of actual shifts in a species
range, or simply a reflection of temporary emigration (TE) (Valente
et al., 2017; see below).

We compared a suite of dynamic occupancy models for Wood Thrush
using the “unmarked” package (Fiske and Chandler, 2011) in the sta-
tistical software program R (R Core Team, 2023). Prior to comparing
complete models, we determined the most informative spatial scale and
polynomial structure for each LiDAR variable and distance to stream. To
do this, we constructed univariate models for each covariate at each
scale (LiDAR covariates only) for initial occupancy, settlement, and
vacancy submodels separately. We repeated this process including a
quadratic term for each variable. We chose the best spatial scale and
polynomial structure for each covariate and each submodel based on
Akaike Information Criterion (AIC) score similar to McNeil et al. (2023).
Rankings for all intermediate level models used to select best polynomial
structure and scale for each covariate are presented in the supplemental
material (Table S1). Next, we sequentially determined the best model
structure, based on AIC, for detection probability, followed by the initial
occupancy submodel, then the settlement submodel, and finally the
vacancy sub model (similar to McClure and Hill, 2012). Our final, fully
parameterized, model included the effects of habitat covariates on the
probability of initial occupancy at a site, daily settlement probability at a
site, and daily vacancy probability at a site. For detection probability,
we compared a null model to univariate models that included day of
season, study area, and ambient noise level calculated in dBFS across the
full 30-min survey interval (Lapp et al. 2023a). We note that the coef-
ficient for day of season includes both the effects of ordinal date as well
as the effects of time since sunrise, as each subsequent day would have
an earlier sunrise. These two effects are thus confounded and estimated
together in our model. Because we did not have strong a priori expec-
tations for the best combination of covariates, to determine the best
model structure for initial occupancy, we fit all possible subsets of up to
four covariates while holding the detection probability submodel
structure constant using the best structure from the previous step. We
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then compared all possible subsets of up to four covariates for settlement
and then vacancy submodels, maintaining the best covariate structure
from the previous steps both times. We limited detection probability to
univariate models to avoid overfitting the fully parameterized model.
Our initial best ranked model based on AIC showed evidence of over-
dispersion (c-hat = 1.82) and thus we reranked all models using Quasi
Akaike’s Information Criterion (QAICc; Burnham et al., 1998) with the
“aicmodavg” package (Mazerolle and Mazerolle, 2017). We considered
covariate effects significant if their associated 95 % confidence intervals
did not overlap 0. To evaluate whether our dynamic model was con-
founding Wood Thrush occupancy dynamics with TE, we compared the
results from our best model to models that used alternative sampling
structures (i.e., constructed with fewer primary periods and where sec-
ondary periods were separated by at least 24 h, as per the recommen-
dation of Valente et al. (2017). A comparison of results from reported
and alternative model structures is included in supplemental materials
(Figs. S3-S5).

Next, we tested whether Wood Thrush occupancy patterns were
better explained by dynamic occupancy models with vacancy and set-
tlement parameters compared to static models that assume no settle-
ment or vacancy of sites. To do this, we compared our best dynamic
occupancy model to a static occupancy model using QAICc (e.g., Betts
etal., 2008, McClure and Hill, 2012). The static occupancy model was fit
using the same data and the same model structure for the initial occu-
pancy and detection sub models as the best dynamic model, but unlike
the dynamic model contained no parameters for either settlement or
vacancy (i.e., movement parameters).

To demonstrate how relationships between Wood Thrush occupancy
dynamics and forest structure are linked to even-aged forest manage-
ment, we generated spatially explicit predictive maps of initial occu-
pancy, settlement, and vacancy across SGL 25. Predictive maps were
based on the combination of all covariates selected in the top model. We
summarized predicted parameter values (initial occupancy, settlement,
and vacancy) in, and surrounding (based on the scale of covariates in the
top model), two treatment types, including shelterwood and overstory
removal harvests using the “raster” package in R (Hijmans 2015). We
further separated overstory removal harvests into three age categories,
including 0-3 years post-harvest, 4-10 years post-harvest, and 11-25
years post-harvest, the latter two age-classes roughly representing the
stand-initiation and stem-exclusion stages of stand development,
respectively (Graboski et al., 2020).

3. Results

We detected Wood Thrush at 101 out of a total of 187 sites for a naive
occupancy of 54 % for the entire sampling period. However, on any
given day only 14 %-18 % of sites were occupied. Our final model set
consisted of 374 models that we fit and compared to evaluate Wood
Thrush occupancy dynamics (Table 2). Our best model had a QAICc of
4333.3 and the null model had a QAICc of 4484.5. The best model
included significant effects of canopy height, canopy variation, distance
to stream, mid- and understory density and forest type. There was no
support for the static occupancy hypothesis as this model had QAICc of
6245.9. Initial modeling stages indicated that most covariates (>75 %)
better explained Wood Thrush occupancy dynamics when considered as
quadratic terms. Canopy variation and understory density (both 500 m
scales) and midstory density (250 m scale) were most informative at
spatial scales larger than canopy height (50 m for initial occupancy and
settlement and 100 m for vacancy). Trends in parameter estimates and
predicted values between our model and models built using alternative
sampling schedules that may better isolate TE were nearly congruent,
suggesting that our model was not modeling effects of TE (Figs. S3-S5).

Our best ranked model for Wood Thrush occupancy dynamics
included significant covariates for all submodels, and the variance
inflation factor for all covariates was < 3.1 indicating absence of mul-
ticollinearity (Table 3.). Detection probability was best explained by a
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Table 2

A subset of the top five QAICc ranked models explaining Wood Thrush occu-
pancy dynamics between 20 May and 08 July in central Pennsylvania study
areas with active forest management. Parameter p = detection probability,
¥=initial occupancy, y=settlement, and e=vacancy. In addition to the top five
models a null model and a static occupancy model (no settlement or vacancy
parameters) are shown for comparison.

Model K QAICc Delta QAICc

QAICc Wt.

p(study area) ¥(stream + canopy 26  4333.28 0.00 0.23
var_500 + canopy var_ 5002 +
midstory_250 + miclstory_2502 +
canopy_50 + canopy_50?) y(stream +
stream? + canopy var_500 + canopy
var_5002 + canopy_100 + canopy_100>
+ understory_500 + understory_500%)
e(canopy_50 -+canopy_507 +
midstory_250 + midstory 250 + dry
oak)

p(study area) ¥(stream + canopy 27
var_500 + canopy var_500% +
midstory_250 + midstory_250% +
canopy_50 + canopy_50?) y(stream +
stream? + canopy var_500 + canopy
var_5002 + canopy_100 + canopy_100?
+ understory_500 + understory_500%)
e(canopy_50 +canopy_50> +
midstory_250 + midstory_250 + dry
oak + study area)

p(study area) ¥(stream + canopy 28
var_500 + canopy var_500% +
midstory_250 + midstory_250% +
canopy_50 + canopy_50?) y(stream +
stream? + canopy var_500 + canopy
var_5002 + canopy_100 + canopy_100>
+ understory_500 + understory_500%)
e(stream + stream2 + canopy_50 +
canopy_50? + midstory 250 +
midstory_250% + dry oak)

p(study area) ¥(stream + canopy 27
var_500 + canopy var_ 5002 +
midstory_250 + miclstory_2502 +
canopy_50 + canopy_502) y(stream +
stream? + canopy var_500 + canopy
var_5002 + canopy_100 + canopy_100>
+ understory_500 + understory_500%)
e(canopy_50 -+canopy_507 +
midstory_250 + miclstory_2502 +
multi-story profile_100 + dry oak)

p(study area) ¥(stream + canopy 27
var_500 + canopy var_500% +
midstory_250 + miclstory_2502 +
canopy_50 + canopy_50?) y(stream +
stream? + canopy var_500 + canopy
var_5002 + canopy_100 + canopy_100>
+ understory_500 + understory_500%)
e(canopy_50 -+canopy_507 +
midstory_250 + midstory_250% +
mixed oak + dry oak)

Null 4

Static Occupancy Model p(study area) 9
¥(stream + canopy_100 +
understory_500 + understory_SOO2 +
dry oak)

4334.01 0.73 0.16

4334.48 1.20 0.13

4334.93 1.65 0.10

4335.60 2.32 0.07

4484.16
6245.91

150.88 0.00
1912.63 0.00

study area effect (§ = 0.70, SE = 0.1) whereby probability of detection
was significantly higher in the SGL 25 study area (58.8 %) compared to
the SGL 60 study area (41.4 %), however, there was no support for the
effect of study area on initial occupancy, settlement, or vacancy. Initial
occupancy of sites was best explained by a negative effect of distance to
the nearest stream, a significant quadratic effect of canopy variation at
the 500-m scale, a significant quadratic effect of a canopy height at the
50-m scale and non-significant quadratic relationship with midstory
density at the 250-m scale (Fig. 2). Daily probability of settlement was
best explained by significant quadratic effects of canopy variation
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Table 3
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Parameter estimates (mean) and 95 % confidence intervals (lower, upper) for all covariates included in the top model of Wood Thrush dynamic occupancy. Most
covariates included in initial occupancy, settlement, and vacancy submodels have both linear and associated quadratic effects.

Submodel Covariate Linear Effect Quadratic Effect
Mean Lower Upper Mean Lower Upper
Detection Study Area 0.70 0.51 0.90
Initial Occupancy Stream -0.79 —1.68 0.11
Canopy Variation 500 1.75 0.34 3.16 -1.31 —2.56 —0.05
Canopy Height 50 0.53 —0.22 1.29 0.75 0.13 1.38
Midstory 250 1.18 —0.03 2.40 —0.54 -1.24 0.17
Settlement Stream —0.65 —0.86 —0.44 0.20 0.05 0.35
Canopy Variation 500 0.69 0.48 0.90 —0.34 —0.48 -0.19
Canopy Height 100 0.47 0.23 0.69 0.13 —0.01 0.26
Understory 500 0.88 0.57 1.18 —0.38 —0.62 —0.13
Vacancy Canopy Height 50 -0.09 —0.30 0.11 —-0.43 —0.62 -0.23
Midstory 250 —-0.88 -1.15 —0.61 0.36 0.19 0.52
Dry Oak 1.29 0.71 1.87
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Fig. 2. The effect of (a) canopy height, (b) canopy variation, (c) midstory density, and (d) distance to the nearest stream on probability of initial occupancy of Wood
Thrush at two study areas in central Pennsylvania. All sampling locations were surveyed between 20 May and 08 July 2020 and 2021 using autonomous

recording units.
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(500 m), understory density (500 m), and distance to stream whereby
daily probability of settlement was ~14 % within 10 m of a stream and
~3% 500 m from a stream. The quadratic effect of canopy height
(100 m) was also included in the best model for settlement but over-
lapped O (Fig. 3). Daily probability of vacancy was best explained by
significant quadratic effects of canopy height (50 m) and midstory
density (250 m), and an effect of dry oak whereby dry oak forest com-
munities had significantly higher (49 %) vacancy probability than all
other forest community types (21 %) (Fig. 4).

Canopy height was lowest (x =8.5 m, SD=9.2) in overstory removal
stands 4-10 years post-harvest and highest in mature stands >25 years
since harvest (x =24.3 m, SD=6.2; Table 4.). Canopy variation was
greatest in stands 0-3 years post-harvest (x =8.7 sd, SD=4.0) and
lowest in mature stands (x =2.3, SD=2.0). The highest understory
density occurred in overstory removals 4-10 years post-harvest
(x =10.7 % of LiDAR returns, SD=7.7) and the lowest understory den-
sity occurred in recent shelterwoods 0-3 years post-harvest (x =2.2 %
of LiDAR returns, SD=3.0). Midstory density was highest in overstory
removals 11-25 years post-harvest (x =18.3 % of LiDAR returns,
SD=10.6) and lowest in overstory removals 0-3 years post-harvest
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(x =1.7 % of LiDAR returns, SD=4.2).

Based on maps of LiDAR-derived forest structure, predicted initial
occupancy was lowest in mature forest (x = 0.01, SD=0.03) and within
500 m of stands 0-3 years post overstory removal (x =0.02; SD=0.03;
Fig. 5; Table 5). Initial occupancy was highest within 500 m of overstory
removals 4-10 years (x =0.06, SD=0.09) and 11-25 years (x =0.04,
SD=0.07) post-harvest (Fig. 5). Predicted daily probability of settlement
was lowest in mature stands > 25 years post-harvest (x =0.01,
SD=0.01) and highest in 4-10 year old overstory removal harvests (x
=0.02 SD=0.02). Predicted daily probability of vacancy was highest in
shelterwoods 0-3 years post-harvest (x =0.48, SD=0.18) and lowest in
overstory removals 11-25 years post-harvest (x =0.30, SD=0.14).

4. Discussion

Increasingly species-habitat relationships are understood to be dy-
namic, in that they shift over time (e.g., over the course of a breeding
season). For songbirds, dynamic occupancy patterns have been sug-

gested to reveal movement towards areas of higher habitat quality (Betts
et al., 2008, McClure and Hill, 2012). As such, studies that account for
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Fig. 3. The effect of canopy height (a) canopy variation (b), understory density (c) and distance to the nearest stream (d) on daily probability of settlement by Wood
Thrush at two study areas in central Pennsylvania. All sampling locations were surveyed between 20 May and 08 July 2020 and 2021 using autonomous

recording units.
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Fig. 4. The effect of canopy height (a) and midstory density (b) and forest community type (c) on the daily probability of site vacancy by Wood Thrush at two study
areas in central Pennsylvania. Only dry oak was selected in the best model so there is no predicted difference between the other three forest community types, thus
they are combined into “other”. All sampling locations were surveyed between 20 May and 08 July 2020 and 2021 using autonomous recording units.

Table 4
Mean and standard deviation values for all LiDAR covariates summarized by
forest age-classes and treatment types.

Treatment/ Canopy Canopy Understory Midstory
Age-class Height Variation Density Density

OR 0-3 9.8 (11.1) 8.7 (4.0)* 5.1(6.2) 1.7 (4.2
OR 4-10 8.5(9.2) 6.5 (3.8) 10.7 (7.7)* 5.8 (7.2)
OR 11-25 15.6 (6.2) 3.5(2.2) 6.7 (4.5) 18.3 (10.6)*
SW 0-3 23.7 (7.2) 3.7 (3.6) 2.2 (3.0 3.4(5.1)
Mature >25 24.3 (6.2)* 2.3 (2.0)" 4.2 (3.6) 10.2 (7.4)

“Lowest mean value of each LiDAR-derived forest structure covariate. *Highest
mean value of each LiDAR-derived forest structure covariate

possible within-season movements could provide more complete eval-
uations of habitat quality. Our study revealed that Wood Thrush occu-
pancy in actively managed forest landscapes was dynamic throughout
the breeding season, but overall occupancy in both landscapes remained
consistent, indicating no apparent movement of Wood Thrush into or

out of either landscape (Fig. S6). While per point settlement of previ-
ously unoccupied sites was relatively low, it was highest along streams
adjacent to recently managed stands as a result of greater understory
(1-4 m) density and canopy variation in these areas created by both the
shorter complex canopy of managed sites and the tall well-developed
canopy of productive streamside sites (Table 4). Settlement was also
higher in sites with greater understory density aligning with the species’
well-documented nest site selection (Hoover and Brittingham, 1998,
Parkhill, 2021); thus, our results support the pattern, found by others, of
forest birds moving towards areas of higher habitat quality during the
breeding period (Betts et al., 2008, McClure and Hill, 2012). Forest
management had the most notable effects on site vacancy, whereby
Wood Thrush vacated forest managed within the past 11-25 years at
lower rates than other areas (Table 5), indicating that they can provide
stable, high-quality habitat for the species. Our results highlight the
importance of vegetation structure created by even-aged forest man-
agement for creating and maintaining high-quality habitat for Wood
Thrush throughout the breeding season.
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Fig. 5. Spatially explicit predictions of probability of initial occupancy (top left), daily probability of settlement (top right), and daily probability of vacancy (bottom)
by Wood Thrush at SGL 25 in north central Pennsylvania. All surveys were conducted by passive acoustic monitoring from 20 May to 08 July 2020 and 2021. Sites
managed using even-aged management are highlighted to show relative effects of management on Wood Thrush occupancy dynamics. Shelterwood harvests 0-3
years post-management (SW 0-3) are outlined in black, overstory removal harvests 0-3 years post-management (OR 0-3) are outlined in white, overstory removal
harvests 4-10 years post-management (OR 4-10) are outlined in orange, and overstory removal harvests 11-25 years post-management (OR 11-25) are outlined

in red.

Table 5

Means and standard deviations of predicted parameter values summarized by
forest age-classes and treatment types within SGL 25. Values for initial occu-
pancy and settlement were summarized within 500 m of overstory removal (OR)
and shelterwood (SW) harvests because this scale was used for covariates in the
occupancy and settlement submodels of the top model. Values for vacancy were
summarized within 250 m of overstory removal (OR) and shelterwood (SW)
harvests because this scale was used for covariates in the vacancy submodel of
the top model.

Treatment Age Initial Occupancy Settlement Vacancy

OR 0-3 0.02 (0.03) 0.01 (0.01) 0.48 (0.18)
OR 4-10 0.06 (0.09) 0.02 (0.02)* 0.41 (0.18)
OR 11-25 0.04 (0.07) 0.02 (0.01) 0.30 (0.14)
SW 0-3 0.04 (0.07) 0.02 (0.01) 0.48 (0.18)
Mature >25 0.01 (0.03) 0.01 (0.01) 0.40 (0.14)

“Lowest mean predicted value of each parameter. *Highest mean predicted value
of each parameter

Our results indicate that local landscapes (i.e., 500-m radius) with
recent (within 25 years) even-aged forest management provide high
quality habitat for Wood Thrush as evidenced by relatively high initial
occupancy and settlement rates. In line with our prediction, throughout
the breeding season Wood Thrush predominantly settled in riparian sites

in landscapes that had slightly older forest management history, such
that managed stands in the surrounding landscape were often >3 years
post even-aged management and, as a result, contained more advanced
regeneration. This pattern was driven by the importance of understory
density at the 500-m scale in predicting rates of settlement and the
ability of even-aged management 4-25 years old to create this under-
story density. Wood Thrush are well known to occupy streamside sites
Jirinec et al., 2016, Larkin et al., 2024) and occur at higher abundance
along streams in Pennsylvania (Fiss, 2023). However, higher occupancy
in local landscapes with recent management history is less reported (e.g.,
Schlossberg et al., 2018). In fact, traditionally the species is described to
occupy mature forest with well-developed canopies (Evans et al., 2011).
Still, it has long been speculated that Wood Thrush may prefer land-
scapes characterized by management that results in a variety of forest
age-classes (Ahlering and Faaborg, 2006). Our results lend support for
this hypothesis. There are several reasons why Wood Thrush move to-
wards areas with recent active forest management in the landscape.
First, Wood Thrush typically nest within 1-4 m of the ground so density
in this layer likely provides abundant nesting opportunities and nest
concealment from predators. Further, Wood Thrush adults are known to
use stands of early-successional forest during the post-breeding period,
where they undergo molt prior to migration; and the use of these forest
types appears to improve their condition compared to unharvested areas
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(Vega Rivera et al., 1999, Vitz and Rodewald, 2006, Stoleson, 2013).
Finally, immature Wood Thrush select for early-successional vegetation
cover after independence from adult care (Anders et al., 1998, Vega
Rivera et al., 1998). Therefore, adults may prefer areas closer to recent
even-aged management because it improves nesting and survival
outcomes.

Effects of even-aged forest management at the forest stand scale were
most apparent on the likelihood of Wood Thrush vacancy, where two
important trends emerged. First, Wood Thrush readily vacated sites that
were managed just within the past 3 years, including both shelterwood
harvest and overstory removals, although occupancy was relatively low
in these treatment types to begin. Second, stands in the early stem-
exclusion stage of development (11-25 years old) had the lowest rates
of vacancy. Both relationships are apparently mediated by the density,
or lack thereof of vegetation density within 4-10-m strata. Specifically,
stands managed within the past 3 years likely have very little vegetation
structure in the 4-10-m strata whereas stands in 11-25 years post
overstory removal likely have a dense canopy of saplings that occupies
the 4-10-m layer (i.e., early stem-exclusion stage; Duguid et al., 2016;
Table 4). As Wood Thrush are known to vacate sites after failed nesting
attempts (Vega Rivera et al., 1999, CJF personal obs.), we suspect that
high rates of nest failure in areas lacking vegetation density within the
4-10 m strata was the primary driver of vacancy rates. Indeed, previous
research has found that dense midstory or overhead concealment is
associated with Wood Thrush nest success (Hoover and Brittingham,
1998, Fiss, 2023), both of which are lacking in recently harvested sites,
but abundant in sites 11-25 years post-harvest (whether shelterwood or
overstory removal). This result could explain why some studies have
found relative high Wood Thrush nest survival in even-aged harvests
(Dellinger et al., 2007) and higher nest success in landscapes with
even-aged forest management (Fiss, 2023).

Another explanation for apparent movement is due to tracking of
prey availability. For instance, Klemp (2003) suggested that Grey
Wagtails (Motacilla cinerea) shifted territories as a result of limited food
supply in initial breeding territories. We suspect that high rates of set-
tlement near streams could be due to increased availability of foraging
sites and prey. In fact, Wood Thrush preferred prey items (Oligochaeta
and Coleoptera larvae) were found to be more abundant in streamside
sites in Virginia (Jirinec et al., 2016), and Wood Thrush were less likely
to abandon floodplain forests in Georgia compared to upland forest
(McClure and Hill, 2012). Alternatively, limited prey availability may
have driven high rates of vacancy in the dry oak community type. Wood
Thrush are known to forage almost exclusively on the ground and in
areas with dense leaf litter layers that maintain high moisture levels
(Evans et al., 2011). The dry oak community tends to occur on ridgetop
sites which may be prone to soil moisture loss as the breeding season
progresses. Further, the dry oak community often has dense shrubby
ground cover layers and limited leaf litter. Thus, site conditions of dry
oak communities may have limited prey and foraging opportunities for
Wood Thrush.

Our findings support the idea that static species-habitat relationships
can be a questionable assumption, even during relatively short portions
of the life-cycle, such as a breeding season (McClure and Hill, 2012, Frey
et al., 2016). Apparent within-season movement was also identified in
Black-throated Blue Warblers in New Hampshire (Betts et al., 2008), and
occurrence of 27 of 30 forest bird species was better explained by dy-
namic occupancy models than static occupancy models in Georgia
(McClure and Hill, 2012). Still, static occupancy models appear to be the
norm when evaluating species-habitat relationships (Rota et al., 2009,
Valente et al., 2024). One reason this may be the case is that dynamic
models require greater sampling intensity, with both primary and sec-
ondary periods required to estimate all detectability and movement
parameters, which can be logistically difficult to obtain (Betts et al.,
2008, Dail and Madsen, 2013). We demonstrate that ARUs with
human-validated machine-learning outputs provide an efficient means
of obtaining robust data sets necessary for dynamic occupancy
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modeling, while requiring a fraction of the field effort. We suggest that
other researchers adopt similar methods to improve habitat quality as-
sessments of songbirds.

While settlement and vacancy patterns derived from dynamic oc-
cupancy models may provide a better proxy for habitat quality
compared to traditional occupancy, it is important to consider the
drawbacks associated with the inability to distinguish individual iden-
tities of birds. For instance, we cannot be certain that low vacancy
probability at a site is due to the same individual(s) remaining at the site
or whether different individuals are moving in and forcing out others.
Likewise, it is not possible to distinguish whether individuals that settle
in new locations were previously forced out of higher quality habitat by
dominant, more fit, individuals. In the latter case, settlement patterns
could be associated with lower quality habitat. Data derived from
individually marked and tracked individuals would help determine the
relative occurrence and extent of these potential patterns. Ultimately,
beyond estimating patterns of settlement and vacancy, understanding
reproductive success and survival of individuals in relation to forest
management would provide a more complete understanding of man-
agement’s effect on Wood Thrush habitat quality.

5. Conclusion

In regions with moderate to high levels of mesic forest communities,
even-aged forest management can promote landscapes with high quality
habitat for Wood Thrush. We recommend that land managers consider
landscape context when implementing even-aged forest management
for the benefit of Wood Thrush. For instance, implementing even-aged
regeneration methods would be most beneficial to Wood Thrush in
landscapes that have riparian forest characterized by tall canopies and
substantial under- and midstory complexity, while maintaining appro-
priate riparian buffers. In landscapes with limited or no riparian forest,
even-aged management would be most beneficial when the mature
forest matrix has well-developed under and midstory layers. In these
scenarios, treatments aimed at improving mature forest resilience and
complexity within the surrounding landscape would likely complement
even-aged management. For instance, managers may need to control
invasives and other undesirable species (e.g., barberry [Berberis spp.],
hay scented fern [Dennstaedtia punctilobula], mountain laurel, etc.) that
suppress desired plant regeneration using chemical or mechanical
treatments. When applying even-aged management to benefit Wood
Thrush, managers should be especially cognizant of maintaining legacy
structures that could benefit the species. Specifically, all overstory
removal harvests in our study contained scattered residual trees result-
ing in a residual basal area of ~10-20 m? / haand Dellinger et al. (2007)
found that Wood Thrush nesting in even-aged harvest often placed nests
near residual trees. Additionally, maintaining patches of understory
(1-4 m) and midstory (4-10m) structure, especially those with
preferred nesting substrates (e.g., witch hazel, American beech, eastern
hemlock [Tsuga canadensis]), will likely improve the chance of Wood
Thrush using stands and surrounding areas after management. Finally,
in areas prone to excessive deer browsing, exclosure fencing will almost
certainly create the site- and landscape-level vegetation conditions
preferred by Wood Thrush more rapidly than stands that are unfenced
(Parker et al., 2020). Overall, our finding that Wood Thrush habitat
quality can be improved by even-aged management, especially in
landscapes containing both recent and older management, supports the
idea that managing forests to promote a mosaic of even-aged stands in
varying age-classes is beneficial for the species (Anders et al., 1998,
Ahlering and Faaborg, 2006, Fiss, 2023).
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