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ABSTRACT 
 
 
 

USING BIOACOUSTICS AND OCCUPANCY MODELS  

TO UNDERSTAND SHIFTS IN BIRD VOCAL TIMING 

 
 
 

Northern ecosystems are being altered by rapid climate change as a result of changes in 

temperature, vegetation structure, and seasonal environmental conditions, which greatly 

influence avian communities. Understanding how these environmental changes cause birds to 

respond is vital for predicting future ecological dynamics in subarctic ecosystems. Current 

technological advances in passive acoustic monitoring (PAM)in conjunction with automated 

species identification provide a robust tool for examining long-term patterns of species 

occurrence and seasonal responses across a wide range of spatiotemporal scales. In this study, 

approximately 4.5 TB of continuous autonomous recording unit (ARU) data from Denali National 

Park and Preserve’s soundscape monitoring project in Alaska was used to investigate (1) 

environmental drivers of avian site use using dynamic occupancy models and (2) long-term 

shifts in vocal onset timing using linear regression species specific models.  

Continuous audio recordings collected between 2009-2023 were segmented into 15-

mintue recordings and analyzed using BirdNET, a deep learning-based convolutional neural 

network (CNN) automated bird identification program that detects and identifies birds from audio 

recordings using vocal characteristics and assigning confidence scores to each detection. 

Dynamic occupancy models were developed for White-crowned Sparrow (Zonotrichia 

leucophrys), Dark-eyed Junco (Junco hyemalis), and Swainson's Thrush (Catharus ustulatus) to 

estimate occupancy parameters (occupancy, colonization, extinction, and detection probability) 

while taking imperfect detection into consideration. Vocal onset timing was estimated for 17 

focal species using a rolling-window approach using sustained seasonal daily detections of 
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avian vocalizations, and linear models using Akaike’s information Criterion to examine 

relationships with climatic, elevational, and habitat category covariates.  

Occupancy relationships were modest in strength and mostly species-specific, whereas 

detection probability had a better supported and more consisted environmental structure. Across 

the study’s focal species, Air temperature consistently increased detection probability and 

suggests that environmental conditions strongly influence acoustic detectability. Dark-eyed 

Junco showed positive associations with herbaceous habitat and negative associations with 

precipitation, exhibiting the strongest occupancy structure. Alternatively, White-crowned sparrow 

demonstrated relatively diffuse habitat relationships. There was a positive association with shrub 

and herbaceous habitats for Swainson’s Thrush, but occupancy environment relationships were 

less definitive. Similarly, Vocal phenology revealed species-specific responses rather than a 

broader community wide trend. Two species demonstrated strong vocal onset responses 

through time; Wilson’s warbler showed earlier singing, whereas Gray-cheeked Thrush sang later 

across time. However, the remaining species mostly demonstrated weak or uncertain temporal 

trends after accounting for environmental and habitat variables.  

Our findings underscore that climate and habitat influence both the probability of 

acoustically detecting birds, and the phenology of seasonal vocal activity, however, species’ 

responses varied tremendously. This research integrates a reproducible workflow for passive 

acoustic monitoring, automated species detection and identification, dynamic occupancy 

modeling, and vocal phenology analysis to investigate long term, large scale environmental and 

habitat changes across northern landscapes and their ecological responses. These findings 

provide a baseline for robust avian monitoring in Denali National Park and Preserve and 

highlight the value of combining passive acoustic monitoring with analytical modeling to better 

understand how subarctic bird communities are responding to ongoing climate shifts.  
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INTRODUCTION 
 
 
 

High-latitude ecosystems are experiencing some of the most rapid climatic changes on 

Earth, with Arctic and subarctic regions warming at rates that exceed the global average. In 

interior Alaska, rising temperatures have altered ecosystem structure and function through 

changes in permafrost dynamics, vegetation composition, and seasonal climate patterns 

(Wolken et al. 2011; Hicks Pries et al. 2015). Warming-driven changes in nutrient cycling, soil 

processes, and primary productivity have been documented across Arctic and subarctic 

ecosystems, with consequences for community composition and ecosystem functioning (Hobbie 

et al. 2017). Concurrently, increasing temperatures have been associated with widespread 

shrub expansion and vegetation “greening” across northern landscapes, resulting in shifts in 

habitat structure, resource availability, and ecological interactions (Andreu-Hayles et al. 2020; 

Martin et al. 2024a). These changes have contributed to widespread ecological reorganization 

across northern ecosystems, including shifts in vegetation productivity, growing-season 

dynamics, and ecosystem processes that may influence wildlife habitat availability and species 

interactions (Hobbie et al. 2017; Potter & Alexander 2020). These climate-driven changes are 

reshaping the composition and distribution of habitats throughout Alaska, including mountainous 

landscapes such as Denali National Park and Preserve, where strong elevational gradients and 

diverse vegetation communities create a complex mosaic of environmental conditions. As 

environmental conditions continue to change, understanding how wildlife responds to these 

rapidly shifting ecosystems has become an important challenge for predicting future ecological 

dynamics in subarctic environments. 

Birds are among the most widely used indicators of environmental change because they 

respond rapidly to shifts in climate, habitat structure, and resource availability (Fiedler 2009; 

Bowler & Böhning-Gaese 2017). Subarctic avian communities are particularly sensitive to 
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environmental change because their breeding seasons are compressed into a short period 

between long northern winters, requiring individuals to successfully locate suitable breeding 

habitat and synchronize reproduction with seasonal peaks in food availability (Both et al. 2010; 

Oliver et al. 2018; Mizel et al. 2021). Changes in temperature, precipitation, vegetation 

structure, and resource phenology can therefore influence avian distribution, abundance, 

breeding success, and population dynamics (Chen & Khanna 2024). Many migratory species 

have already demonstrated shifts in migration timing, breeding phenology, and geographic 

distributions in response to changing climatic conditions, highlighting the sensitivity of birds to 

environmental change (Samplonius et al. 2018; Mizel et al. 2021). Because birds respond to 

both spatial changes in habitat availability and temporal changes in seasonal environmental 

conditions, they provide valuable indicators of ecological responses to climate change across 

northern ecosystems. Long-term monitoring of avian communities can therefore provide insight 

into how climate-driven environmental change is influencing ecological processes and 

biodiversity within subarctic landscapes. Recent advances in passive acoustic monitoring have 

improved the ability to quantify avian responses to environmental change by enabling long-term 

assessment of seasonal vocal activity, species occurrence, and phenological patterns across 

broad spatial and temporal scales. Because bird vocalizations provide information on species 

occurrence, community composition, and seasonal activity patterns, avian communities are 

particularly well suited for evaluating ecological responses to environmental change using 

passive acoustic monitoring approaches (Buxton et al. 2016; Ross et al. 2021; Christin et al. 

2023; Frommolt 2017; Gasc et al. 2017). 

Within subarctic ecosystems, avian communities occupy a heterogeneous landscape 

characterized by strong elevational gradients and complex mosaics of boreal forest, shrub-

dominated ecotones, and alpine tundra habitats. These habitat types differ substantially in 

vegetation structure, microclimate, resource availability, and exposure to environmental change, 
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creating distinct ecological conditions that influence species distributions and community 

composition (Brown et al. 2020; Elliott et al. 2023). As climate change continues to alter 

northern ecosystems through shrub expansion, changing vegetation structure, and shifts in 

habitat availability, bird species may respond differently depending on their ecological 

requirements and degree of habitat specialization. While habitat generalists may exhibit 

flexibility across environmental gradients, habitat specialists and species associated with alpine 

or boreal habitats may be more vulnerable to environmental change because they rely on 

increasingly dynamic or restricted habitat conditions (Studholme et al. 2022; Elliott et al. 2023). 

Habitat relationships are also frequently scale-dependent, with species responding to 

environmental conditions at multiple spatial scales depending on their life-history characteristics, 

movement behavior, and ecological requirements (Fearer et al. 2007; Tozer et al. 2020).  

Recent studies have demonstrated that occupancy patterns and habitat associations 

often vary among species and regions, emphasizing the importance of evaluating environmental 

relationships across multiple spatial scales rather than assuming a single scale of habitat 

selection (Tozer et al. 2020; Verhelst et al. 2023). In Denali National Park and Preserve, diverse 

vegetation communities spanning forest, shrub, and tundra habitats create an ideal system for 

evaluating how habitat characteristics and environmental conditions influence avian occurrence 

across a rapidly changing subarctic landscape (Betchkal et al. 2022). Additionally, habitat 

structure can influence avian occurrence through its effects on resource availability, nesting 

opportunities, predator avoidance, and microclimatic conditions, resulting in distinct habitat 

associations among species and ecological guilds (Monniez et al. 2022; Mühlbauer et al. 2021). 

Consequently, understanding how habitat characteristics and environmental conditions 

influence species occurrence across spatial scales is critical for predicting how avian 

communities may respond to ongoing climate-driven changes throughout northern ecosystems. 
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In addition to spatial responses through habitat use and distribution, birds may also 

respond to environmental change by altering the timing of seasonal behaviors (Oliver et al. 

2018; Both et al. 2010; Buxton et al. 2016). The timing of life-history events, including migration, 

territory establishment, breeding, and reproduction, is a fundamental component of avian 

ecology because reproductive success often depends on synchronizing these behaviors with 

favorable environmental conditions and resource availability (Benkman 1990; Both et al. 2010; 

Gómez et al. 2017; Oliver et al. 2018; Nemes et al. 2014). Seasonal vocal activity provides an 

important behavioral indicator of these processes because singing is closely associated with 

territory defense, mate attraction, and the onset of breeding activity (Catchpole & Slater 2008; 

Buxton et al. 2016). Previous research has demonstrated that environmental conditions, 

including temperature, precipitation, and other climatic factors, can influence avian vocal 

behavior, migration timing, and phenological processes, often resulting in measurable shifts in 

seasonal vocal activity and breeding behavior (Thomas 1999; Oliver et al. 2018; Digby et al. 

2014; Scarpelli et al. 2023). Long-term acoustic monitoring has proven particularly useful for 

quantifying seasonal changes in avian vocal activity and detecting shifts in vocal phenology 

through time, providing a valuable tool for assessing ecological responses to changing 

environmental conditions (Buxton et al. 2016; Ross et al. 2023).  

Denali National Park and Preserve spans a broad elevational gradient and 

encompasses diverse habitat types ranging from boreal forest to alpine tundra, creating a 

natural laboratory for examining how avian species respond to environmental change across a 

heterogeneous subarctic landscape (Betchkal et al. 2022). These relationships may be 

particularly important in subarctic ecosystems such as Denali, where rapid climate change, 

short breeding seasons, and strong elevational gradients create highly variable environmental 

conditions across the landscape (Wolken et al. 2011; Hobbie et al. 2017; Betchkal et al. 2022). 

Denali's diverse avian communities, including tundra-dwelling, shrub-associated, and forest-
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dependent species, provide an opportunity to evaluate how different ecological guilds respond 

to the same changing environmental conditions (Mizel et al. 2021; Betchkal et al. 2022). 

Although phenological responses to climate change have been documented in many avian 

systems, less is known about whether subarctic bird species are exhibiting persistent long-term 

shifts in seasonal vocal activity in response to changing environmental conditions (Buxton et al. 

2016; Oliver et al. 2018; Christin et al. 2023). Understanding whether species are demonstrating 

behavioral plasticity through changes in vocal onset timing may provide important insight into 

how avian populations are responding to ongoing climate-driven environmental change. 

To investigate species-specific habitat relationships, dynamic occupancy analysis 

focused on three common breeding songbirds that highlight contrasting ecological strategies 

within Denali National Park and Preserve. White-crowned sparrows (Zonotrichia leucophrys) are 

widespread species that occupy a broad range of tundra and shrub habitats, and their generalist 

lifestyle gives a helpful baseline for evaluating occupancy across different environmental 

conditions (Oliver et al. 2018; Mizel et al. 2021). Dark-eyed Juncos (Junco hyemalis) are 

associated with forest understory and herbaceous vegetation, and their ground-nesting behavior 

makes them great models to examine occupancy and local habitat structure relationships 

(brown et al. 2020; Mizel et al. 2021). Swainson’s Thrushes (Catharus ustulatus) are long-

distance Neotropical migrants who are closely linked to structurally complex forest and shrub 

habitats, where vegetation structure and habitat quality change reflect their occurrence (Gómez 

et al. 2017; Nemes et al. 2024). Combined, these three species underscore a gradient of habitat 

preferences and ecological requirements, providing an opportunity to investigate how rapidly 

changing subarctic landscapes and environmental variation influence different avian life 

histories.  

To address these knowledge gaps, this study examined how subarctic bird communities 

respond to environmental change across both spatial and temporal dimensions using long-term 
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passive acoustic monitoring data collected throughout Denali National Park and Preserve. 

Specifically, this study investigated two primary research questions: (1) What multiscale habitat 

and environmental factors are associated with site occupancy for focal avian species across a 

subarctic landscape experiencing rapid climate change? and (2) Are subarctic bird species 

demonstrating directional, long-term temporal shifts in seasonal vocal phenology? By evaluating 

both occupancy patterns and vocal onset timing across diverse avian communities, this study 

provides insight into how climate and habitat change may influence species distributions and 

seasonal behaviors within a rapidly changing northern ecosystem. 

 

 

METHODS 

 
 
 

Study Area 

Passive acoustic monitoring (PAM) was used to quantify avian vocal activity across 

Denali National Park and Preserve, Alaska. PAM provides a non-invasive, repeatable, and 

scalable approach for monitoring wildlife across broad spatial and temporal extents and is 

particularly well-suited for studying vocal taxa such as birds. By continuously recording 

soundscapes, PAM enables the detection of species presence and behavioral activity in remote 

or logistically challenging environments where traditional survey methods are limited. Similar to 

previous large-scale acoustic studies in Denali (Withers & Betchkal 2013, Betchkal 2013, 

Betchkal 2015, Betchkal et al. 2022), this approach allows for systematic sampling of ecological 

communities across heterogeneous landscapes. 

Autonomous recording units (ARUs) were deployed across more than 50 monitoring sites 

distributed throughout Denali National Park and Preserve (Figure 1). Sites were selected to 

capture variation in environmental conditions and habitat structure across the landscape, 
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including gradients in elevation, vegetation composition, and climate. This spatial sampling 

design encompassed a broad range of ecological conditions representative of interior Alaska, 

including lowland boreal forest, shrub tundra, and alpine environments. As in prior acoustic 

inventories conducted in Denali (Withers & Betchkal 2013, Betchkal 2013, Betchkal et al. 2022, 

Ferguson et al. 2023) site locations spanned wide elevational gradients and multiple landcover 

types, enabling landscape-scale inference. 

Recorders continuously collected audio during targeted sample periods across multiple 

years spanning from 2012-2023. For this study, sampling was further restricted to the avian 

breeding season (April 20th – July 1st) (Betchkal et al. 2022), when vocal activity is highest and 

most closely associated with reproductive behavior, while also reducing computational 

processing requirements.  As part of the National Park Services soundscape monitoring 

program, autonomous recording units were deployed following a standardized recording 

protocol for long term monitoring. Microphone mounting height was approximately 1.5m above 

the ground, consistent with ANSI/ASA S1.13 recommendations to capture a wide range of 

measurements and sounds differing in temporal and spectral characteristics (ANSI 2020, 

Betchkal et. al 2022). Additionally, microphone height was measured at each site to document 

any deviations from the standard. Site locations were georeferenced, and associated 

metadata—including geographic coordinates, elevation, and habitat characteristics—were 

recorded for each deployment. This spatially explicit sampling framework enabled the 

integration of acoustic detections with environmental and habitat covariates in subsequent 

analyses. 

Recordings were stored in compressed audio formats and archived for processing. 

Across all sites and years, the dataset consisted of approximately 4.5 terabytes of audio data. 

The scale and continuity of these recordings provide a unique opportunity to examine how 

environmental variability influences the timing of avian vocal behavior. 
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Figure 1: Denali National Park and Preserve Study Area and location of autonomous recording 

units used to monitor avian species activity from 2009-2023. The black polygon denotes the 

park boundary, and the red polygon delineates the 10-km buffer used to clip environmental and 

habitat raster layer for geospatial analysis. 

Audio Processing and Data Preparation 

Raw audio recordings were processed using a standardized workflow to prepare files for 

automated species detection. Because continuous recordings are computationally intensive to 
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analyze, each recording was segmented into smaller, manageable units using FFmpeg, an 

open-source multimedia processing software (FFmpeg developers, 2026). Audio processing 

workflows were automated in R using system calls to FFmpeg and FFprobe to ensure 

reproducibility and consistent file formatting across the dataset. Prior to segmentation, recording 

duration was verified using FFprobe, and files shorter than 24 hours were excluded from 

analysis to maintain standardized sampling effort. Recording timestamps were extracted directly 

from file names and converted to time zone-aware date-time objects using the 

America/Anchorage time zone to preserve temporal consistency across monitoring sites. 

Recordings were segmented into 15-minute clips corresponding to the first 15 minutes of 

each hour to reduce computational demands while retaining consistent temporal sampling 

throughout the recording period (Wood et al. 2021). Clip extraction was aligned to the nearest 

top-of-hour timestamp following the start of each recording. To focus analyses on biologically 

relevant periods of avian vocal activity, only recordings between 18:00 and 10:00 were retained. 

This sampling window was selected to capture peak evening and early morning vocal activity 

during the breeding season while accounting for the extended daylight conditions characteristic 

of high-latitude ecosystems such as Denali National Park and Preserve. Restricting analyses to 

these periods also reduced processing of comparatively less informative daytime recordings. 

Audio clips were extracted without re-encoding using FFmpeg stream-copy settings to 

preserve original audio quality and improve processing efficiency. Output files retained 

metadata including site identity, recording date, and timestamp information within file names 

and directory structure, preserving temporal and spatial context for downstream analyses. 

Automated Species Detection Using BirdNET 
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Processed audio clips were analyzed using BirdNET-Analyzer, a machine learning-

based acoustic classifier that uses a convolutional neural network (CNN) to identify bird species 

from audio recordings (Kahl et al. 2021). BirdNET has been widely applied in ecoacoustic and 

avian monitoring studies and provides confidence scores ranging from 0 to 1 species presence 

based on learned acoustic features extracted from spectrogram representations of audio signals 

(Kahl et al. 2021; Wood et al. 2021; Pérez-Granados 2023).BirdNET analyses were automated 

in R using system calls to the BirdNET-Analyzer executable, allowing batch processing of large 

acoustic datasets across multiple directories and years. Audio clips were processed recursively 

by folder structure, and outputs were written to result directories to maintain organization across 

sites and sampling years. Multithreaded processing (12 CPU threads) was used to improve 

computational efficiency during large-scale analyses. For each 15-minute audio clip, BirdNET 

generated detections that included species identity, detection timestamp within the recording, 

and confidence score representing the probability of correct classification.  

BirdNET was run using a minimum confidence threshold of 0.1 and a sensitivity setting 

of 1.0 to maximize initial detection retention prior to subsequent species-specific filtering and 

manual validation procedures. Geographic and seasonal prior constraints within BirdNET were 

disabled during analysis to allow detections to be based primarily on acoustic characteristics 

rather than expected species occurrence patterns.Detection outputs were aggregated across all 

clips to generate a comprehensive dataset of species occurrences spanning multiple sites, 

dates, and years. Metadata embedded within audio filenames, including site identity and 

recording timestamps, were retained throughout processing to preserve temporal and spatial 

linkage between detections and original recordings. 

BirdNET Output Aggregation and Metadata Extraction 
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To facilitate downstream analyses, individual BirdNET output files aggregated into a 

single consolidated detection dataset using automated workflows implemented in R. Prior to 

aggregation, output files containing no detections were excluded to reduce storage and 

processing overhead. For each valid BirdNET output file, detection records were imported and 

appended into a unified data frame while retaining source file information to preserve traceability 

between detections and original recordings. Because BirdNET occasionally failed to process 

individual audio clips during large batch analyses, incomplete processing runs were identified 

and rerun using BirdNET’s --skip_existing_results functionality, allowing only missing files to be 

processed without overwriting previously completed outputs.  

Additional temporal and spatial metadata were extracted directly from recording 

filenames using regular expression (regex) parsing procedures implemented in R. Extracted 

metadata included site identity, recording date, local date-time, year, and hour of day. Filename-

derived timestamps were converted into standardized date-time objects to support temporal 

analyses of avian vocal activity patterns. Confidence scores generated by BirdNET were 

converted to numeric format for subsequent filtering and species-specific threshold analyses. 

The final merged dataset provided a comprehensive record of BirdNET detections across all 

sites, dates, and years included in the study.  

Detection Filtering and Quality Control 

To improve the reliability of automated detections, species-specific confidence 

thresholds were applied. These thresholds were developed through a manual validation process 

using the BirdNET-Analyzer GUI. For each focal species, approximately 100 randomly selected 

detections for each species spanning a range of BirdNET confidence scores were selected, and 

the corresponding audio clips were manually reviewed by ear. Detections were classified as true 

positives or false positives and resulting precision–recall relationships were evaluated to identify 
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confidence thresholds corresponding to approximately 95% precision, ensuring that the majority 

of retained detections represented true vocalizations. The confidence thresholds for each 

respective species applied during the filtering stage is summarized in Appendix Table A1. 

Some species in the manual detection step already obtained approximately 95% precision 

without requiring further positive detection. These few species are denoted as NA in Appendix 

Table A1, indicating that no confidence-based filtering was applied prior to analysis. This 

filtering step reduced false positives and improved the robustness of downstream ecological 

inference.  

Dynamic Occupancy Modeling 

Dynamic occupancy analyses used the filtered BirdNET detection dataset generated 

from the acoustic processing and quality-control workflow to evaluate patterns of avian site use 

and detection dynamics across years; I implemented dynamic occupancy models using the 

colext function in the R package unmarked (Fiske & Chandler 2011). Dynamic occupancy 

models estimate initial occupancy probability (ψ), colonization probability (γ), extinction 

probability (ε), and detection probability (p) while accounting for imperfect detection (MacKenzie 

et al. 2003) In this study, occupancy estimates represent site use inferred from acoustic 

detections rather than direct measures of physical occupancy. 

Breeding Season Filtering 

Detection data were further filtered to focal species selected based on sufficient 

temporal replication and detection frequency. Species with sparse detections or limited 

occupied site-weeks were interpreted cautiously due to reduced model stability and limited 

support for complex occupancy inference. 

Detection History Construction 
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Detection histories were constructed at the site × week scale. Each year was treated as 

a primary sampling period, while weekly intervals within each breeding season represented 

secondary sampling periods. Weekly detection histories were generated by aggregating 

BirdNET detections into presence–absence data for each site and week combination, where a 

value of 1 indicated at least one detection during the week and 0 indicated no detections. 

Weekly periods were created by converting dates to day-of-year (DOY) and assigning 

observations to sequential breeding-season weeks using: 

week = ⌊(DOY−111)7 ⌋ + 1 

 

Weekly aggregation reduced the influence of short-term variation in daily vocal activity 

while maintaining sufficient temporal replication for occupancy modeling.Within each breeding 

season, sites were assumed to remain available for detection during secondary sampling 

periods, satisfying the closure assumption required for dynamic occupancy modeling at the 

weekly timescale.To satisfy assumptions of the colext framework, all years were standardized to 

contain the same number of secondary sampling periods. Years with excess weeks were 

truncated to the minimum number of complete weekly periods shared across years. Detection 

histories were then reshaped into site × survey matrices for occupancy modeling. 

Environmental Covariates 

Environmental predictors included topographic, climatic, and habitat variables derived 

from GIS layers and summarized at multiple spatial scales (100 m, 500 m, and 1 km buffers 

surrounding recording sites). Topographic and climatic covariates included elevation (DEM), 
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mean air temperature, and average May–August precipitation. Habitat covariates included 

proportional cover of forest, shrub, and herbaceous vegetation.  

Environmental covariates were compiled from multiple geospatial raster datasets 

describing climate, topography, and vegetation structure across Denali National Park and 

Preserve. Elevation data was derived from the Alaska Statewide Digital Mapping Initiative 

(SDMI) Interferometric Synthetic Aperture Radar (IFSAR) Digital Terrain Model at 5-m spatial 

resolution (Mamini et al. 2008). Climate covariates included long-term (1981–2010) mean 

annual air temperature and precipitation normals derived from PRISM climate datasets at 800-m 

spatial resolution (Daly et al. 2018). Seasonal precipitation layers were generated in ArcGIS Pro 

using Raster Calculator by averaging monthly precipitation rasters across biologically relevant 

seasonal windows. 

Vegetation structure surrounding acoustic monitoring sites was characterized using 

continuous foliar cover datasets representing 15 plant species and aggregate groups across 

Alaska (Nawrocki 2021). These datasets comprise 10-m resolution estimates of proportional 

foliar cover generated from a hierarchical statistical learning approach- which modeled species 

distribution and abundance to account for zero inflated data- that associated field vegetation 

observations (collected between 2009-2019 by the National Park service, ABR, Inc., and the 

Alaska center for conservation science) with 14 environmental covariates (including climatic, 

topographic, and hydrographic patterns), and multi-season Sentinel-1 and -2 satellite imagery 

(Nawrocki 2021. Relevant raster tiles encompassing the Denali region were clipped to a 10-km 

buffered park boundary and mosaicked into continuous raster layers using ArcGIS Pro. Foliar 

cover variables were subsequently grouped into three generalized vegetation categories 

representing forest, shrub, and herbaceous cover types. Raster values represented proportional 

foliar cover, and 100m, 500m, and 1km buffers with extracted mean values surrounding each 

ARU to characterize the proportion of each habitat landcover (forest, shrub, and herbaceous) 
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surrounding sampling locations. Site-level vegetation summaries were extracted using zonal 

statistics across spatial buffers surrounding recording locations. Continuous predictor variables 

were standardized using z-score scaling prior to analysis to facilitate comparison among model 

coefficients. 

Three buffers of different scales (100m, 500m, and 1km) surrounding each ARU were 

used to summarize habitat covariates and evaluate habitat relationships across various spatial 

scales of ecological relevance. Avian species respond to habitat at various spatial scales, and 

the spatial extent of habitat selection differs among birds as a result to differences in territory 

size, movement behavior, and their life-history (Fearer et al. 2007; Tozer et al. 2020; Studholme 

et al. 2022). The buffer sizes were chosen to encompass the territory size ranges and home-

range extents reported for many boreal and subarctic songbirds while encapsulating the 

immediate surrounding’s habitat characteristics of each acoustic recorder to the broader 

landscape context. Assessing multiple spatial scales enabled the emergence of habitat 

relationships from the audio data rather than assuming a single ecological relevant scale. 

Model Development 

Separate candidate model sets were developed for occupancy probability (ψ) and 

detection probability (p). Colonization (γ) and extinction (ε) parameters were generally modeled 

as constant across years because exploratory models allowing year-varying dynamics 

frequently produced convergence failures, inflated standard errors, and biologically unrealistic 

parameter estimates. In many cases, year-varying γ and ε structures produced substantially 

higher AIC values relative to simpler constant-parameter models. Consequently, constant 

colonization and extinction structures were retained to reduce overparameterization and 

improve model stability. 
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Detection probability was evaluated using a biologically relevant candidate set 

comprising of different combinations of elevation (DEM), mean air temperature, and habitat 

variables (forest, shrub, and herbaceous cover). These models ranged in complexity, from 

simpler models containing only climatic and topographic variables, to more complex models that 

included climatic, topographic, and habitat variables. Models were compared using Akaike’s 

Information Criterion (AIC), and the highest-supported detection structure was retained for 

further occupancy model analysis. Occupancy models evaluated relationships between species 

site use and habitat or climatic predictors across multiple spatial scales. Habitat-scale selection 

was conducted sequentially by first comparing candidate occupancy models across 100 m, 500 

m, and 1 km buffer scales while holding detection structure constant. The most supported 

habitat scale for each species was then retained for subsequent occupancy inference and 

model averaging. Candidate models were ranked using Akaike’s Information Criterion (AIC) 

following information-theoretic approaches described by Burnham and Anderson (2002). Models 

with ΔAIC < 2 were considered competitively supported. 

Model Averaging and Relative Variable Importance 

For focal species with multiple supported occupancy models, model-averaged parameter 

estimates were calculated using the AICcmodavg package in R (Mazerolle 2023). Because 

multiple candidate models frequently received similar AIC support, multimodel inference was 

used to account for model-selection uncertainty rather than relying solely on a single top-ranked 

model. 

Model averaging was used to estimate averaged beta coefficients, unconditional 

standard errors, 95% confidence intervals, and relative variable importance (RVI). Relative 

variable importance was calculated as the summed Akaike weights across all supported 

occupancy models containing a given predictor variable. Given that detection structures were 
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held constant while comparing occupancy models, RVI was interpreted only for occupancy 

covariates. Detection covariates had already been selected during detection-model selection 

stage and were not a focus of the RVI analysis.  

Vocal Phenology Analytical Approach 

To estimate annual vocal onset timing, daily detection counts were summarized 

separately for each species, site, and year combination. A complete daily calendar was 

generated for each species × site × year combination to account for days without detections. 

Missing dates were assigned detection counts of zero to preserve continuous daily time series 

for phenological analyses. 

Vocal onset was estimated using a rolling-window phenology approach designed to identify 

sustained seasonal increases in vocal activity while minimizing sensitivity to isolated detections 

and transient individuals (Buxton et al. 2016; Wood et al. 2021). For each species × site × year 

combination, a 7-day rolling window was calculated across daily detection counts. Species-

specific detection thresholds were defined as the 50th percentile (median) of nonzero daily 

detection counts observed during the breeding season. Vocal onset was then defined as the 

first date where at least four of seven consecutive days exceeded the species-specific 

threshold. This approach reduced sensitivity to anomalous detections potentially resulting from 

false positives, sporadic vocalizations, or transient migrants and instead emphasized sustained 

increases in vocal activity associated with breeding phenology. The analytical framework 

estimated onset timing separately for each species × site × year combination rather than 

averaging onset estimates across all monitoring locations within a year. Only species 

represented by at least five unique years of onset estimates were retained for subsequent 

modeling analyses. 
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Linear regression models were used to evaluate relationships between vocal onset timing 

(day of year; DOY) and environmental predictors. Candidate model sets included year-only 

models, models containing year plus climatic and elevational predictors, models containing year 

plus individual habitat covariates, and expanded models combining year, climate, elevation, and 

habitat variables. Climatic predictors included standardized mean air temperature (AirTemp_sc) 

and standardized seasonal precipitation (Precip_sc). Elevation was represented by 

standardized digital elevation model values (DEM_sc). Habitat predictors included standardized 

forest cover (Forest_sc), shrub cover (Shrub_sc), and herbaceous vegetation cover 

(Herbaceous_sc). All predictor variables denoted with "_sc" indicate z-score standardized 

variables. Example model structures included: 

• onset_doy ~ year  

• onset_doy ~ year + AirTemp_sc + Precip_sc + DEM_sc  

• onset_doy ~ year + Forest_sc  

• onset_doy ~ year + Shrub_sc  

• onset_doy ~ year + Herbaceous_sc  

• onset_doy ~ year + AirTemp_sc + Precip_sc + DEM_sc + Forest_sc  

• onset_doy ~ year + AirTemp_sc + Precip_sc + DEM_sc + Shrub_sc  

• onset_doy ~ year + AirTemp_sc + Precip_sc + DEM_sc + Herbaceous_sc  

Models were fitted separately for each species using ordinary least squares regression in R (R 

Core Team 2024). Competing candidate models were ranked using Akaike’s Information 

Criterion (AIC), and strongly supported models were identified as those with ΔAIC ≤ 2 following 

Burnham and Anderson (2002). 

Some species with relatively sparse site-year representation produced unstable 

parameter estimates in highly parameterized candidate models. In these cases, model 
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convergence issues and inflated standard errors suggested potential overfitting due to limited 

sample sizes relative to the number of predictors. Consequently, simplified candidate model 

sets containing fewer covariates were instead evaluated to improve model stability and 

interpretability.To visualize model results, coefficient forest plots were generated from supported 

models to compare effect sizes and confidence intervals among environmental predictors and 

species. Positive coefficient estimates indicated later vocal onset dates, whereas negative 

coefficients indicated earlier onset timing. Additional temporal trend plots were generated by 

plotting site-year onset estimates against year for each species with fitted regression lines and 

confidence intervals. These visualizations were used to evaluate long-term trends in avian vocal 

phenology across the study period.Overall, this analytical framework allowed evaluation of how 

climate, elevation, habitat composition, and interannual variation influenced avian vocal 

phenology while explicitly incorporating spatial variation among acoustic monitoring sites across 

the Denali landscape. 

 

 
RESULTS 

 
 
 

Dynamic Occupancy Modeling Results 

White-crowned Sparrow (WCSP) 

Occupancy. Habitat-scale selection supported the 100 m buffer scale as the strongest 

spatial scale for White-crowned Sparrow occupancy inference (AIC = 423.38, ΔAIC = 0.00, AIC 

weight = 0.51; Table 1). The 500 m (ΔAIC = 1.37, AIC weight = 0.26) and 1 km scales (ΔAIC = 

1.59, AIC weight = 0.23) also received competitive support, indicating relatively diffuse habitat-

scale selection.  
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Multiple occupancy models were competitively supported (ΔAIC < 2) (Table 2). The null 

occupancy model received the strongest support (AIC = 415.23, AIC weight = 0.091), but 

models that included other predictor variables were also among the best supported models, 

suggesting high model selection uncertainty. Supported occupancy models included 

Herbaceous cover (ΔAIC = 1.20), Forest cover (ΔAIC = 1.30), Air temperature (ΔAIC = 1.43), 

Elevation (ΔAIC = 1.49), Air temperature + precipitation (ΔAIC = 1.85), Shrub cover (ΔAIC = 

1.97), and Precipitation (ΔAIC = 1.98).  

Model-averaged occupancy estimates suggested moderate to weak relationships 

between occupancy probability and environmental predictors (Table 3; Figure 2). Herbaceous 

cover demonstrated a weak positive association with occupancy probability (β = 0.39, 95% CI = 

−0.45 to 1.24, RVI = 0.36), whereas forest cover demonstrated a weak negative relationship (β 

= −0.48, 95% CI = −1.71 to 0.75, RVI = 0.33). Elevation also exhibited a weak negative 

association (β = −0.36, 95% CI = −1.37 to 0.66, RVI = 0.32), while precipitation showed a 

negative relationship with broad uncertainty (β = −0.60, 95% CI = −4.05 to 2.84, RVI = 0.34). 

Shrub cover demonstrated relatively little influence on occupancy probability (β = 0.11, 95% CI 

= −1.04 to 1.25, RVI = 0.28). Confidence intervals for all occupancy predictors overlapped zero, 

indicating substantial uncertainty in occupancy-environment relationships (Figure 2). Air 

temperature received the highest relative variable importance among occupancy predictors (RVI 

= 0.39), although overall RVI values remained diffuse across predictors.  

Detection. Detection probability exhibited stronger relationships with predictor variables 

than occupancy probability (Figure 2). Detection model selection strongly supported models 

containing environmental and habitat covariates, with the top-ranked detection model including 

elevation, air temperature, forest cover, shrub cover, and herbaceous cover (AIC = 415.23, AIC 

weight = 0.45; Table 4). The second-ranked detection model (DEM + AirTemp + Forest) 

received substantially lower support (ΔAIC = 2.00, AIC weight = 0.16).  
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Model-averaged detection estimates indicated that air temperature exerted the strongest 

influence on White-crowned Sparrow detectability (β = 1.24, 95% CI = 0.51 to 1.97), indicating 

increased vocal activity and acoustic detectability under warmer environmental conditions 

(Table 5: Figure 2). Shrub cover positively influenced detection probability (β = 0.55, 95% CI = 

0.00 to 1.09), whereas herbaceous cover negatively influenced detection probability (β = −0.41, 

95% CI = −0.79 to −0.02; Figure 2). Forest cover also exhibited a negative association with 

detectability (β = −0.42, 95% CI = −0.85 to 0.02), although confidence intervals overlapped 

zero. Elevation demonstrated a weak positive relationship with detection probability (β = 0.27, 

95% CI = −0.07 to 0.62). Relative variable importance values for detection covariates were 

uniformly high because detection structure was retained consistently across supported 

occupancy models. These findings indicate environmental conditions influenced White-crowned 

Sparrow acoustic detectability more strongly than site-use relationships. 

Colonization (γ) and extinction (ε) exploratory models exploring temporal variation 

frequently had convergence issues, inflated SE values, and evidence of overparameterization. 

As a result, colonization and extinction were held constant for White-crowned Sparrow to 

improve model stability (Table 6). 

Dark-eyed Junco (DEJU) 

Occupancy. Dark-eyed Junco exhibited the clearest occupancy structure among focal 

species. Habitat-scale selection slightly favored the 100m buffer scale for occupancy probability 

(AIC = 405.44, ΔAIC = 0.00, AIC weight = 0.43), whereas support for the 500 m scale (ΔAIC = 

.74, AIC weight = 0.30), and the 1 km scale also received substantial support (ΔAIC = .90, AIC 

weight = 0.27; Table 1). Due to all three spatial scales containing values within the ΔAIC < 2, 

habitat relationships appear to be relatively consistent across the three spatial scales.   
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Multiple occupancy models were competitively supported (ΔAIC < 2), indicating 

moderate model-selection uncertainty but stronger occupancy structure than observed for 

White-crowned Sparrow (Table 2). The strongest supported occupancy model included 

herbaceous habitat (AIC = 391.79, AIC weight = 0.071), followed closely by the null model 

(ΔAIC = 0.23, AIC weight = 0.063), precipitation (ΔAIC = 0.58), precipitation + forest (ΔAIC = 

1.20), elevation + herbaceous habitat (ΔAIC = 1.43), shrub + herbaceous habitat (ΔAIC = 1.48), 

precipitation + herbaceous habitat (ΔAIC = 1.51), and climate-associated occupancy structures 

(Table 2).  

Model-averaged occupancy estimates suggested herbaceous habitat demonstrated the 

strongest positive occupancy association (β = 0.75, 95% CI = −0.33 to 1.84, RVI = 0.48; Table 

3: Figure 2). Precipitation demonstrated the strongest negative occupancy relationship (β = 

−1.98, 95% CI = −6.18 to 2.21, RVI = 0.46), whereas forest cover (β = −0.22, 95% CI = −1.73 to 

1.30, RVI = 0.34) and shrub cover (β = −0.18, 95% CI = −2.28 to 1.92, RVI = 0.32) exhibited 

weaker negative associations. Elevation demonstrated a weak positive relationship with 

occupancy probability (β = 0.30, 95% CI = −0.73 to 1.33, RVI = 0.31). Confidence intervals 

overlapped zero for all occupancy predictors, indicating substantial uncertainty despite 

herbaceous habitat and precipitation receiving the strongest relative support among occupancy 

covariates (Table 3; Figure 2).  

Detection. Detection probability demonstrated substantially stronger relationships with 

predictor variables than occupancy probability (Figure 2). Detection model selection strongly 

supported environmental and habitat predictors, with the top-ranked detection model including 

elevation, air temperature, forest cover, shrub cover, and herbaceous habitat (AIC = 394.46, 

AIC weight = 0.52; Table 4). The second-ranked model containing elevation, air temperature, 

and herbaceous habitat also received strong support (ΔAIC = 0.69, AIC weight = 0.37). 



23 

Together, the top two detection models accounted for approximately 88% of cumulative Akaike 

weight, indicating strong support for environmental controls on detectability.  

Model-averaged detection estimates indicated air temperature exerted the strongest 

positive influence on Dark-eyed Junco detectability (β = 1.91, 95% CI = 0.88 to 2.94; Table 5; 

Figure 2), suggesting increased vocal activity and acoustic detectability under warmer 

environmental conditions. Shrub cover also positively influenced detection probability (β = 0.99, 

95% CI = 0.30 to 1.68), whereas herbaceous habitat negatively influenced detection probability 

(β = −0.85, 95% CI = −1.32 to −0.38). Forest cover exhibited a weak negative association (β = 

−0.24, 95% CI = −0.61 to 0.12), and elevation demonstrated a similarly weak negative 

relationship (β = −0.23, 95% CI = −0.59 to 0.13). RVI values for detection covariates were 

uniformly high (RVI = 1.0) because detection structure was consistently retained across 

supported occupancy models. These findings indicate environmental conditions influenced 

Dark-eyed Junco acoustic detectability more strongly than occupancy relationships, while 

herbaceous habitat exhibited contrasting relationships with occupancy and detection probability, 

positively influencing occupancy but reducing detectability (Table 5; Figure 2).  

Colonization (γ) and extinction (ε) exploratory models exploring temporal variation 

frequently had convergence issues, inflated SE values, and evidence of overparameterization. 

As a result, they were not used for inference, and colonization and extinction were held constant 

for Dark-eyed Junco to improve model stability (Table 6). 

Swainson’s Thrush (SWTH) 

Occupancy. Habitat-scale selection strongly supported the 100 m buffer scale for 

Swainson’s Thrush occupancy inference (AIC = 396.37, ΔAIC = 0.00, AIC weight = 0.78; Table 

1). The 1 km scale received substantially weaker support (ΔAIC = 2.98, AIC weight = 0.17), 
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whereas the 500 m scale received limited support (ΔAIC = 5.57, AIC weight = 0.05), indicating 

occupancy relationships were best represented at finer spatial scales.  

Multiple occupancy models were competitively supported (ΔAIC < 2), including 

herbaceous habitat, precipitation + shrub habitat, precipitation + forest + shrub habitat, shrub 

habitat, and the null occupancy model, indicating moderate occupancy structure and model-

selection uncertainty (Table 2). The null occupancy model remained competitive (ΔAIC = 1.01, 

AIC weight = 0.036), suggesting no single environmental predictor overwhelmingly dominated 

occupancy inference.  

Model-averaged occupancy estimates suggested shrub habitat demonstrated the 

strongest positive occupancy association (β = 1.68, 95% CI = −0.92 to 4.29), followed by 

herbaceous habitat (β = 0.88, 95% CI = −0.46 to 2.22) (Table 3; Figure 2). Precipitation 

demonstrated the strongest negative occupancy relationship (β = −4.35, 95% CI = −14.9 to 6.2), 

whereas forest cover exhibited a weaker negative association (β = −0.39, 95% CI = −2.80 to 

2.02). Elevation demonstrated little influence on occupancy probability (β = −0.01, 95% CI = 

−1.41 to 1.39). Confidence intervals overlapped zero for all occupancy predictors, indicating 

substantial uncertainty in occupancy–environment relationships despite moderate support for 

shrub and herbaceous habitat associations. Relative variable importance values were highest 

for shrub cover (RVI = 0.51), precipitation (RVI = 0.50), and herbaceous cover (RVI = 0.47), 

although support remained diffuse across predictors and confidence intervals overlapped zero 

for all occupancy covariates (Table 3).  

Detection. Detection probability exhibited stronger relationships with predictor variables 

than occupancy probability (Figure 2). Detection model selection strongly supported elevation, 

air temperature, and herbaceous habitat within the detection process, with the top-ranked 

detection model including DEM, air temperature, and herbaceous habitat (AIC = 307.69, AIC 
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weight = 0.79; Table 4). The second-ranked full detection model received substantially weaker 

support (ΔAIC = 3.25, AIC weight = 0.16), indicating clear support for a single dominant 

detection structure rather than diffuse model support.  

Model-averaged detection estimates indicated air temperature exerted the strongest positive 

influence on Swainson’s Thrush detectability (β = 4.20, 95% CI = 2.57 to 5.84; Table 5; Figure 

2), indicating increased vocal activity and acoustic detectability under warmer environmental 

conditions. Elevation negatively influenced detection probability (β = −0.61, 95% CI = −1.07 to 

−0.15), whereas herbaceous habitat demonstrated a weaker negative association with 

detectability (β = −0.29, 95% CI = −0.74 to 0.16). These findings indicate environmental 

conditions influenced Swainson’s Thrush acoustic detectability more strongly than occupancy 

relationships. 

Colonization (γ) and extinction (ε) exploratory models exploring temporal variation 

frequently produced convergence issues, inflated SE values, and unrealistic parameter 

estimates. As a result, they were not retained, and colonization and extinction were held 

constant for Swainson’s Thrush to improve model stability (Table 6). 

Other Species 

Olive-sided Flycatcher (OSFL) and White-tailed Ptarmigan (WTPT) were excluded from 

further occupancy interpretation due to sparse detections and unstable model performance. 

Dynamic occupancy models for both species exhibited convergence issues, inflated standard 

errors, and unreliable parameter estimates, indicating insufficient information within the 

detection histories for robust inference. Consequently, occupancy and detection results for 

these species are not presented or discussed further. 

Vocal Onset Modeling Results 
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Seventeen focal species met our criteria of having onset estimates spanning at least five 

years and were retained for this analysis (Table 7; Figure 3). Species ranged from 

approximately 6–19 site-year onset estimates across 4–13 monitoring sites and 5–7 years of 

observations (Table 7; Figure 3). Site-year onset estimates demonstrated substantial variation 

both within and among species, indicating considerable heterogeneity in seasonal vocal 

phenology across the Denali monitoring network (Figure 3). 

Temporal trend analyses revealed substantial species-specific variation in vocal onset 

timing through time (Figure 3; Figure 4). Wilson's Warbler exhibited the strongest supported 

trend toward earlier onset timing after accounting for environmental covariates in supported 

climate + forest models (β = −4.00 days year⁻¹, 95% CI = −6.85 to −1.15, p = 0.018; Table 8; 

Figure 3 ; Figure 4), indicating progressively earlier seasonal vocal activity through time after 

accounting for environmental covariates. Model selection strongly supported the climate + forest 

model structure for Wilson's Warbler (AIC = 66.0, ΔAIC = 0.00, AIC weight = 0.957; Table 9). 

In contrast, Gray-cheeked Thrush exhibited significantly later onset timing in supported 

climate-associated models (β = 5.28 days year⁻¹, 95% CI = 0.35–10.2, p = 0.041; Table 8; 

Figure 3; Figure 4), suggesting delayed seasonal vocal activity through time. Climate-only 

models received strongest support (AIC = 65.4, ΔAIC = 0.00, AIC weight = 0.351; Table 9), 

although climate + herbaceous (ΔAIC = 0.86), climate + forest (ΔAIC = 1.17), and climate + 

shrub (ΔAIC = 1.56) models also remained competitive, indicating uncertainty among competing 

environmental explanations (Table 9; Figure 5). 

Several additional species exhibited weaker directional temporal trends, although 

confidence intervals frequently overlapped zero (Figures 3–4). Willow Ptarmigan exhibited 

moderately supported earlier onset timing (β = −5.36 days year⁻¹, 95% CI = −10.8 to 0.05, p = 

0.052; Table 8; Figure 4), whereas Hermit Thrush exhibited weak evidence for later onset 
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timing (β = 3.48 days year⁻¹, 95% CI = −0.57 to 7.53, p = 0.085; Table 8; Figure 4). Willow 

Ptarmigan retained strongest support for elevation-associated models, although year-only 

models remained competitive (ΔAIC = 1.04; Table 9), suggesting elevational variation may 

contribute to observed temporal patterns in seasonal vocal onset timing. Hermit Thrush retained 

strongest support for year-only models (AIC weight = 0.478; Table 9), although multiple 

competing environmental models remained supported within ΔAIC ≤ 2. 

Swainson’s Thrush and Fox Sparrow also exhibited positive annual trend coefficients in 

supported climate + habitat models, though confidence intervals overlapped zero and 

relationships remained uncertain (Table 8; Figure 4). Several additional species demonstrated 

positive or negative onset timing trends, but confidence intervals of estimates overlapped zero 

(Figures 3–4). 

Environmental Drivers of Vocal Onset Timing 

Akaike's Information Criterion (AIC) model selection indicated that no single candidate 

model consistently explained vocal onset timing across focal species (Table 9). Instead, 

supported models varied substantially among species, suggesting avian vocal phenology was 

influenced by species-specific combinations of climatic, elevational, and habitat-related drivers. 

Several species strongly supported more complex environmental model structures 

incorporating both climatic and habitat covariates. Climate + forest models were strongly 

supported for Swainson’s Thrush (AIC = 94.8, ΔAIC = 0.00, AIC weight = 0.954; Table 9). 

Climate + shrub models were well-supported for White-crowned Sparrows (AIC = 104, ΔAIC = 

0.00, AIC weight = 0.780; Table 9), whereas climate + forest models were well-supported for 

Wilson’s Warblers (AIC = 66.0, ΔAIC = 0.00, AIC weight = 0.957; Table 9) and Fox Sparrows 

(AIC = 87.6, ΔAIC = 0.00, AIC weight = 0.710; Table 9). 
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Simpler temporal or climate-associated model structures were best-supported for a 

range of other species. Year-only models were well-supported for Hermit Thrush (AIC weight = 

0.478; Table 9), although multiple competing models remained supported within ΔAIC ≤ 2. Both 

year-only and temperature-associated models were well-supported for Lincoln’s Sparrow. 

Climate-only models were best-supported for Orange-crowned Warblers, whereas climate-

associated models without additional habitat predictors alongside climate + habitat models were 

all well-supported for Dark-eyed Juncos. 

Coefficient estimates from supported models demonstrated substantial variation in 

environmental relationships among species (Table 8; Figure 4). Temperature coefficients were 

frequently negative, indicating that warmer environmental conditions were often associated with 

earlier seasonal vocal onset timing. Elevation coefficients were generally positive for several 

species, including Dark-eyed Junco, Willow Ptarmigan, and White-winged Crossbill, suggesting 

delayed onset timing at higher-elevation sites. Habitat relationships also varied considerably 

among species. Forest-associated models received the strongest support for Wilson's Warbler, 

Swainson's Thrush, and Fox Sparrow, whereas shrub-associated models were well-supported 

for White-crowned Sparrow (Table 9). Herbaceous vegetation covariates were also supported 

for several species, though effect magnitudes and directions varied among taxa. 

Multiple competitive models (ΔAIC ≤ 2) were often supported for several species, 

indicating uncertainty among competing ecological explanations (Table 9). However, coefficient 

estimates across supported models generally demonstrated similar directional relationships 

despite variation in model structure, suggesting relatively stable environmental associations 

underlying vocal phenology patterns. Overall, environmental influences on avian vocal 

phenology varied substantially among species and were frequently driven by interacting climatic 

and habitat processes rather than a single dominant environmental predictor. 
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DISCUSSION 

 
 
 

 

This study evaluated how environmental conditions shape avian vocal phenology and 

habitat relationships across Denali National Park and Preserve. Overall, occupancy 

relationships were species-specific, modest in strength, and often uncertain, whereas detection 

probability showed more consistent environmental structure, particularly with air temperature. 

Vocal onset analyses similarly revealed species-specific phenological patterns rather than a 

uniform community-wide shift. Wilson’s Warbler showed the clearest trend toward earlier vocal 

onset, Gray-cheeked Thrush showed a later-onset signal, and many species exhibited weak or 

uncertain temporal trends after accounting for climate, elevation, and habitat covariates. 

Together, these results suggest that climate and vegetation structure influence both when birds 

vocalize and how likely they are to be detected acoustically. 

Occupancy Patterns and Species-Specific Habitat Relationships 

Dynamic occupancy models revealed that occupancy-environment relationships varied 

substantially among focal species. Dark-eyed Junco showed the clearest occupancy structure, 

with a negative relationship between precipitation and occupancy probability and a positive 

association with herbaceous habitat. This pattern may reflect indirect effects of precipitation on 

habitat suitability, food availability, or local vegetation structure. Although, these relationships 

should be cautiously interpreted because occupancy covariate confidence intervals were often 

broad. Increased precipitation can influence soil moisture, plant productivity, and invertebrate 

communities, which can potentially alter habitat quality for ground-foraging songbirds. Brown et 

al. (2020) identified precipitation as an important climatic gradient impacting boreal bird 

communities and found that understory vegetation characteristics were significant predictors of 
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abundance and occurrence of species. The positive association between occupancy probability 

and herbaceous cover observed for Dark-eyed Junco is consistent with other ground-nesting 

birds associated with understory habitat features, including low shrub cover. Alternatively, 

precipitation may be acting as a broad environmental proxy for landscape position or vegetation 

communities not captured fully by our model’s habitat categories. Similar interactions among 

avian occurrence, climate, and vegetation structure have been documented in northern 

ecosystems where environmental and habitat gradients both influence species distributions 

(Brown et al 2020; Mizel et al. 2021). Although occupancy relationships remained uncertain, our 

findings generally support previous work suggesting that habitat structure and environmental 

conditions influence Dark-eyed Junco occurrence across heterogeneous subarctic and boreal 

landscapes.  

The contrasting relationship between herbaceous habitat and Dark-eyed Junco 

occupancy and detection is noteworthy. Herbaceous cover was positively associated with 

occupancy probability, suggesting greater site use in more open or herbaceous-dominated 

areas, but herbaceous cover was negatively associated with detection probability. This contrast 

illustrates why explicitly modeling detection is essential. If only naïve detections were used, 

lower detectability in herbaceous habitats could obscure or even reverse apparent habitat 

associations.  

Swainson’s Thrush showed positive associations between occupancy probability and 

shrub or herbaceous cover and a negative association with precipitation. The positive shrub 

cover association is consistent with the species’ use of structurally complex vegetation, 

including dense shrub and riparian habitats during the breeding season (Brown et al. 2020). 

Furthermore, Brown et al. 2020 underscores the importance of vegetation structure for 

Swainson’s Thrush due to relationships between the species’ occurrence and deciduous shrub 

cover within the lower understory (0-0.5m above ground). This pattern may be especially 



31 

relevant in Denali, where warming temperatures and vegetation change are expected to alter 

shrub cover and habitat structure across boreal and tundra ecosystems (Mizel et al. 2021). 

Shrub expansion is occurring broadly across Arctic and subarctic systems and can substantially 

alter wildlife habitat, although responses vary among species. For shrub-associated species 

such as Swainson’s Thrush, increasing shrub cover may provide additional habitat structure 

(Brown et al. 2020, Martin et al. 2024b), but changes in vegetation could also affect food 

resources (Brown et al. 2020, Verhelst et al. 2023), predator communities (Brown et al. 2020, 

Andreu-Hayles et al. 2020), and acoustic transmission (Gasc et al. 2017).  

Multiple habitat associations showed support for White-crowned Sparrow, which may 

indicate that this species is relatively flexible across the habitat gradients in this study, or 

alternatively that habitat features of importance were not captured by the coarse forest, shrub, 

and herbaceous habitat categories or spatial scales evaluated here. Our findings are generally 

consistent with previous studies and suggest that White-crowned Sparrows occupy a broad 

range of habitats across northern and subarctic landscapes and show considerable ecological 

flexibility (Betchkal et al. 2022, Oliver et al. 2018). White-crowned sparrows are documented 

across numerous acoustic monitoring sites spanning multiple biogeographic regions within 

Denali National Park and Preserve and are one of the most frequently detected birds in the park 

(Betchkal et al. 2022). Similarly, Mizel et al. (2021) found that White-crowned sparrow showed 

positive response to warmer nesting-season temperatures and greater resilience to 

environmental variability than other northern passerines. These studies suggest that White-

crowned sparrows may be capable of using a broad range of habitat conditions, potentially 

playing a part to the relatively diffuse occupancy relationships seen in our models. Alternatively, 

habitat associations may operate at finer spatial scales or include environmental conditions (e.g. 

weather conditions, climate variation, or timing of snowmelt) that were not presented in the 

habitat covariates considered here (Mizel et al. 2021).   
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Vocal Phenology and Environmental Drivers 

Vocal onset results revealed species-specific phenological responses rather than a 

consistent shift across the bird community. This heterogeneity is ecologically important because 

species differ in migratory strategy, breeding habitat, vocal behavior, and sensitivity to local 

environmental cues.  

Wilson’s Warbler was the only species with a clearly supported earlier vocal onset trend. Earlier 

vocal onset may reflect sensitivity to local breeding ground conditions, especially temperature, 

snowmelt timing, vegetation phenology, or availability of food. In many migratory birds, spring 

phenology has advanced with warming temperatures, and migratory species often adjust timing 

of arrival and breeding activities in response to local environmental conditions (Buxton et al. 

2016; Oliver et al. 2018). Our findings are generally consistent with studies previously 

conducted in Alaska and Denali National Park and Preserve, which have shown strong 

relationships between Wilson’s Warbler abundance and environmental conditions. Wilson’s 

Warbler’s abundance was greater following earlier snowmelt and drier nesting seasons, 

suggesting that the species’ ecology is strongly influenced by breeding ground conditions (Mizel 

et al. 2021). Similarly, songbird arrival timing in norther Alaska was shown to be delayed during 

years characterized by persistent snow cover and cold spring conditions (Oliver et al. 2018). 

These studies support the interpretation that earlier vocal onset in Wilson’s Warbler may be 

linked to earlier snow-free conditions, vegetation development, and availability of resources. 

The strong support for climate and forest models in our analysis further suggests that local 

habitat structure may mediate the relationship between vocal onset and climate. Forest cover 

can affect microclimate, snow persistence, food availability, and acoustic detection conditions, 

all of which may influence when vocal activity can be consistently detected. The earlier onset 

trend observed is therefore consistent with broader evidence that climate driven environmental 

change is altering the timing of seasonal behaviors in norther bird populations.  
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Gray-cheeked Thrush showed the clearest later-onset signal, which is counterintuitive 

under a simple local-warming framework. One possible explanation is that Gray-cheeked 

Thrush, as a long-distance Neotropical migrant, may be strongly influenced by environmental 

conditions that happen outside their breeding grounds. Long-distance migrants are often limited 

by conditions encountered during migration and on wintering grounds and may not be able to 

adjust migration timing in response to rapidly changing conditions at breeding sites (Both et al. 

2010). Carry over effects can also occur when environmental conditions experienced during one 

stage of the annual cycle impacts subsequent reproductive performance and behavior, including 

breeding ground arrival timing (Norris 2005). Gray-cheeked Thrushes migrate between northern 

boreal breeding grounds and wintering areas in South America, and successful migration 

depends greatly on stopover habitats used for resupplying. Gray-cheeked Thrushes were found 

to rely on critical stopover sites in Colombia to build up energy reserves in preparation for 

migration and that individuals delayed migration if they were in poorer conditions (Gomez et al. 

2017). Nemes et al. (2024) showed that although migrating songbirds can adjust migration pace 

in response to local conditions, their arrival timing remains limited by environmental conditions 

found in their annual cycle. As a result, the later vocal onset observed in Gray-cheeked Thrush 

may reflect processes that occur in the migratory pathway instead of local breeding-ground 

conditions alone.  

Several other species exhibited shifting phenological directions, albeit with greater 

statistical uncertainty, highlighting the nuanced and species-specific nature of vocal onset 

trends. Both Fox Sparrow and White-winged Crossbill trended toward later vocal onset dates, 

while Willow Ptarmigan trended toward an earlier onset. Although these estimates contain 

notable uncertainty, their directional trends warrant ecological consideration. For the White-

winged Crossbill, delayed vocal onset may reflect the species' highly nomadic and irruptive life 

history, whereby movements and breeding activity are strongly influenced by spatially variable 
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cone crops and food availability rather than local climatic conditions alone (Benkman 1990; 

Tonelli 2026; Martin et al. 2024b). White-winged Crossbills are opportunistic breeders that may 

reproduce during any month of the year when food resources are sufficient, with breeding timing 

closely linked to cone availability and seed intake rates rather than seasonal environmental 

cues (Benkman 1990). For Fox Sparrow, an early-arriving migrant in Denali, the trend toward 

later onset may reflect the species' sensitivity to environmental conditions during spring arrival 

and territory establishment. Mizel et al. (2021) found that Fox Sparrow abundance was strongly 

associated with snowmelt timing, warmer nesting-season temperatures, and other short-term 

weather conditions, indicating that the species responds closely to climatic variability. Because 

arrival and settlement on breeding territories are influenced by local environmental conditions, 

interannual variation in snowmelt, temperature, or habitat conditions may contribute to shifts in 

the timing of vocal activity. Conversely, the earlier-onset trend observed in Willow Ptarmigan is 

highly consistent with a resident arctic-boreal species. Unlike migratory species, Willow 

Ptarmigan remains within northern ecosystems throughout the year and therefore experience 

local environmental conditions directly. Wolken et al. (2011) noted that ptarmigans are highly 

adapted to seasonal snow conditions and that changes in snow accumulation, snowmelt timing, 

and winter weather can strongly influence their ecology. Earlier spring conditions and longer 

growing seasons may therefore allow resident species such as Willow Ptarmigan to initiate 

territorial and reproductive behaviors earlier than historically observed.  

Environmental covariates provided useful ecological validation for the vocal onset 

estimates. Negative temperature coefficients indicated that warmer conditions were often 

associated with earlier vocal onset, which is consistent with broader phenological literature 

showing earlier spring activity and breeding behavior under warmer conditions (Buxton et al. 

2016; Oliver et al. 2018; Mizel et al. 2021). Positive elevation coefficients suggested later onset 

at higher-elevation sites, which is also expected because high-elevation habitats generally 
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experience later snowmelt, delayed vegetation development, and shorter growing seasons than 

lower-elevation areas (Wolken et al. 2011; Potter & Alexander 2020). Habitat associations 

further suggest that vegetation structure mediates vocal phenology beyond simple climate 

effects. For example, forest-associated models were supported for Swainson's Thrush, Wilson's 

Warbler, and Fox Sparrow, whereas shrub-associated models were supported for White-

crowned Sparrow and Olive-sided Flycatcher. Denser forest canopies may influence local 

microclimates by altering snowmelt dynamics, understory temperatures, and vegetation 

development (Brown et al. 2020; Wolken et al. 2011), whereas open shrub habitats may 

experience greater exposure to environmental variability and different seasonal development 

patterns. Vegetation structure may also influence acoustic transmission and detectability, 

potentially affecting when vocal activity becomes consistently detectable within a season (Gasc 

et al. 2017). 

Synthesis of Occupancy and Phenology Results 

The alignment between dynamic occupancy and vocal onset results suggests that both 

analytical frameworks are capturing related aspects of avian vocal activity. Occupancy models 

showed that detection probability was strongly influenced by temperature, particularly for Dark-

eyed Junco and Swainson’s Thrush. Vocal onset models also indicated that temperature and 

habitat structure were important predictors of when sustained vocal activity began. Together, 

these patterns suggest that temperature is a pervasive modulator of acoustic activity, influencing 

both how often birds are detected and when their vocal activity becomes seasonally apparent.  

Although broad environmental variables and proportional landcover measures generally 

exhibited weak or uncertain relationships with occupancy, these results should not be 

interpreted as habitat being insignificant for breeding birds in boreal settings. Instead, they show 

that the study’s available broad-scale covariates likely only captured a portion of occupancy 

dynamics influenced by ecological processes. A substantial strength of the dynamic occupancy 
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framework is its ability to explicitly take imperfect detection into consideration while separating it 

from occupancy within the observation process. This approach provides estimates of the 

occupancy parameters (occupancy, colonization, extinction, and detection probability) that 

establish a major baseline for understanding Denali National Park and Preserve’s species 

distribution. This analytical framework can be expanded to evaluate more drivers of seasonal 

occupancy and habitat selection as more habitat information becomes available (e.g. canopy 

height, vegetation structure, wetland characteristics, snow dynamics, insect abundance, or other 

fine-scale environmental variables). Taking this into consideration, the study’s observed 

relatively weak relationships should not be seen as uninformative, but as an important 

foundation that can contribute to future research that incorporates more detailed habitat 

information and further advancing passive acoustic monitoring as an ecological tool for long 

term research of avian response to environmental change in northern ecosystems.   

Limitations 

Several limitations should be considered when interpreting these results. First, sample 

sizes varied substantially among species, and sparse detection histories limited inference for 

Olive-sided Flycatcher and White-tailed Ptarmigan. Second, species differed in their suitability 

for automated acoustic monitoring. Species with frequent and distinctive songs, such as White-

crowned Sparrow and Dark-eyed Junco, were better represented in BirdNET-derived datasets 

than species with infrequent, subtle, or acoustically ambiguous vocalizations. Third, occupancy 

estimates should be interpreted as measures of vocal site use or acoustic occurrence rather 

than true occupancy. A species may be present but not vocalizing, and vocal activity may vary 

with temperature, breeding stage, time of day, or habitat structure. Similarly, vocal onset 

estimates represent the first sustained acoustic detection of vocal activity rather than direct 

measures of arrival date, territory establishment, or nesting initiation. Because both occupancy 

and phenology analyses rely on acoustic detections, they are not fully independent and may be 
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influenced by the same environmental and behavioral factors affecting vocal activity and 

detectability. These limitations underscore the importance of accounting for detection probability 

and validating automated detections when using passive acoustic monitoring to infer ecological 

patterns, as was done here.  

Additionally, several methodological assumptions were made in this study and should be 

considered when interpreting these findings. First, avian vocalizations in our recordings were 

assumed to propagate consistently across sampling location. However, sound transmission is 

altered by vegetation structure, weather conditions, topography, and variations in vocal 

characteristics for each species, which may result in differences in an ARU’s effective detection 

area. While dynamic occupancy models account for imperfect detection by separately 

estimating detection probability from occupancy, and while our models accounted for some 

factors that impact detection (e.g., habitat cover and temperature), there is some variability in 

sound propagation that likely is not accounted for. Second, the vocal onset metric used to 

characterize the first period of sustained vocal activity provides a more biologically meaningful 

estimate of breeding phenology than a single early detection. The vocal onset date defined as 

the first day within a seven-day rolling window containing at minimum four days exceeding the 

species-specific vocal activity threshold helps mitigate the influence of false-positive detections, 

transient migrants, isolated vocalizations, and resource pulses or weather induced short-term 

fluctuations in vocal activity (Thomas 1999; MacKenzie et al. 2003; Oliver et al. 2018; Wood et 

al. 2021). Similar strategies have been used in other acoustic phenology studies, which classify 

seasonal transitions using sustained vocal activity, relative activity thresholds, or probabilistic 

change points rather than first detection by itself (Buxton et al. 2016, Oliver et al. 2018). As a 

result, this study’s estimated vocal onset dates should be interpreted as the beginning of 

seasonal breeding vocal activity instead of exact timing of migration arrival dates. Due to 

consistent singing being closely tied to territory establishment, mate selection, and breeding, 
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this approach can provide a more ecologically meaningful estimate of local residency and 

resource availability timing, nesting, and young production than single first detections. 

Lastly, raster-based foliar cover was used to create our habitat covariates, which 

characterized the proportions of the habitat type (Forest, Shrub, and Herbaceous) landcovers 

that encapsulated each ARU instead of the fine-scale habitation complexity experiences by 

each bird. While the foliar cover layer’s 10m resolution is sufficient to summarize the landscape 

composition within the 100m, 500m, and 1km buffers used for each site, they do not fully 

capture important habitat structure components such as understory density, canopy height, 

vertical vegetation complexity, patch networks, or species composition. As a result, rather than 

direct measures of habitat selection, the habitat covariates should be interpreted as broad 

measures of landscape composition. Additionally, acoustic detections are impacted by species-

specific vocal behavior and sound propagation, meaning that an ARU’s sampling area may not 

correspond accurately to the fixed buffer distances used to summarize habitat. Therefore, the 

observed occupancy and vocal phenology relationships should be looked at through the lens of 

landscape-scale associations rather than fine-scale preferences. Future studies that incorporate 

higher-resolution habitat metrics, such as LiDAR vegetation and canopy products, could provide 

additional information into the mechanisms underlying seasonal vocal patterns and habitat 

selection. 

Management and Monitoring Implications 

This study demonstrates that passive acoustic monitoring can provide valuable insight 

into avian habitat relationships and vocal phenology across remote, heterogeneous landscapes 

such as Denali National Park and Preserve. However, results also show that future monitoring 

programs should explicitly account for environmental effects on detection probability. 

Temperature, elevation, and vegetation structure can influence whether birds are detected 
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acoustically, meaning that changes in raw detection rates may not directly reflect changes in 

abundance, occupancy, or phenology. 

Dark-eyed Junco and Swainson’s Thrush appear to be particularly useful candidates for 

continued occupancy-based monitoring because they showed the clearest occupancy or 

detection-environment relationships. Wilson’s Warbler and Gray-cheeked Thrush may be useful 

focal species for tracking phenological change because they showed the strongest directional 

onset trends. In contrast, Olive-sided Flycatcher and White-tailed Ptarmigan may require 

supplementary approaches, such as targeted surveys, species-specific validation, or alternative 

sampling designs, before strong occupancy inference can be made. 

Long-term acoustic monitoring could also be strengthened by pairing vocal phenology 

data with independent measures of environmental phenology, such as snowmelt timing, 

vegetation green-up, or invertebrate emergence. This data would help evaluate whether shifts in 

vocal onset reflect adaptive tracking of seasonal conditions or potential phenological mismatch. 

This is especially important in high-latitude ecosystems, where climate change is rapidly altering 

the timing, structure, and productivity of breeding habitats. 

 

CONCLUSION 
 
 
 

 

Overall, this study shows that avian vocal activity in Denali is shaped by interacting 

effects of climate, elevation, habitat structure, and species-specific life history. Occupancy-

habitat relationships were generally modest and uncertain, but detection probability was 

consistently influenced by environmental conditions, especially temperature. Vocal onset timing 

also varied among species, with some species advancing, others delaying, and many showing 

uncertain trends. These findings highlight the importance of accounting for imperfect detection 
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and environmental context when using passive acoustic monitoring to study avian ecology. 

More broadly, this work contributes to growing efforts to use bioacoustics to monitor ecological 

change in remote, high-latitude systems where climate-driven shifts in vegetation, phenology, 

and wildlife behavior are expected to be especially pronounced. 
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TABLES 
 
 
 

Table 1. Habitat-scale selection for dynamic occupancy models of White-crowned Sparrow 
(WCSP), Dark-eyed Junco (DEJU), and Swainson’s Thrush (SWTH). Models were compared 
across 100 m, 500 m, and 1 km habitat scales while holding detection structure constant. Lower 
AIC values indicate greater model support. ΔAIC represents the difference between each model 
and the top-ranked model for a species, and AIC weights indicate relative model support. 

species Habitat Scale AIC ΔAIC AIC weight 
White-crowned Sparrow 100 m 423.38 0 0.511 
 

500 m 424.74 1.37 0.258 
 

1 km 424.97 1.59 0.231 

Dark-eyed Junco 100 m 405.44 0 0.43 
 

500 m 406.18 0.74 0.296 
 

1 km 406.34 0.9 0.274 

Swainson's Thrush 100 m 396.37 0 0.777 
 

1 km 399.36 2.98 0.175 
 

500 m 401.94 5.57 0.048 

 

 

 



42 

Table 2. Supported occupancy models (ΔAIC ≤ 2) for White-crowned Sparrow (WCSP), Dark-
eyed Junco (DEJU), and Swainson’s Thrush (SWTH). Models were considered supported when 
ΔAIC ≤ 2. Lower AIC values indicate greater model support, while AIC weights indicate the 
relative support for each competing occupancy model. These supported model sets were used 
for model averaging and estimation of relative variable importance (RVI). 

Species Occupancy Model AIC ΔAIC AIC 
Weigh
t 

White-crowned 
Sparrow 

null 415.2
3 

0 0.0911 

 
Herbaceous_sc 416.4

3 
1.2 0.05 

 
Forest_sc 416.5

3 
1.3 0.047

5  
AirTemp_sc 416.6

6 
1.43 0.044

5  
DEM_sc 416.7

2 
1.49 0.043

3  
AirTemp_sc + Precip_sc 417.0

8 
1.85 0.036

1  
Shrub_sc 417.1

9 
1.97 0.034

1  
Precip_sc 417.2

1 
1.98 0.033

8 

Dark-eyed 
Junco 

Herbaceous_sc 391.7
9 

0 0.070
8  

null 392.0
2 

0.23 0.063
2  

Precip_sc 392.3
8 

0.58 0.052
8  

Precip_sc + Forest_sc 392.9
9 

1.2 0.038
8  

DEM_sc + Herbaceous_sc 393.2
3 

1.43 0.034
6  

Shrub_sc + Herbaceous_sc 393.2
7 

1.48 0.033
8  

Precip_sc + Herbaceous_sc 393.3
1 

1.51 0.033
2  

AirTemp_sc + Precip_sc 393.7
4 

1.95 0.026
8  

DEM_sc 393.7
5 

1.95 0.026
7  

Forest_sc + Herbaceous_sc 393.7
9 

1.99 0.026
1 

Swainson's 
Thrush 

Herbaceous_sc 306.6
8 

0 0.060
4  

Precip_sc + Shrub_sc 307.1
6 

0.48 0.047
5 
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Precip_sc + Forest_sc + Shrub_sc 307.2

1 
0.53 0.046

2  
Shrub_sc 307.3

1 
0.63 0.044 

 
DEM_sc + AirTemp_sc + Precip_sc + Forest_sc + 
Shrub_sc + Herbaceous_sc 

307.4
9 

0.81 0.040
2  

Precip_sc + Herbaceous_sc 307.6
5 

0.97 0.037
2  

null 307.6
9 

1.01 0.036
4  

AirTemp_sc + Herbaceous_sc 307.8 1.12 0.034
4  

Shrub_sc + Herbaceous_sc 308.0
1 

1.33 0.0311 

 
Precip_sc 308.2 1.52 0.028

2  
AirTemp_sc + Shrub_sc 308.4

4 
1.76 0.025 

 
Precip_sc + Shrub_sc + Herbaceous_sc 308.5

9 
1.9 0.023

3  
Forest_sc + Herbaceous_sc 308.5

9 
1.91 0.023

2  
DEM_sc + Herbaceous_sc 308.6

7 
1.99 0.022

3 
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Table 3. Model-averaged occupancy (ψ) coefficient estimates, unconditional standard errors 
(SE), 95% confidence intervals (CI), and relative variable importance (RVI) for White-crowned 
Sparrow (WCSP), Dark-eyed Junco (DEJU), and Swainson’s Thrush (SWTH). Coefficients were 
averaged across supported occupancy models (ΔAIC ≤ 2). Relative variable importance was 
calculated as the sum of Akaike weights across supported models containing each predictor. 
Positive coefficients indicate increased occupancy probability, whereas negative coefficients 
indicate decreased occupancy probability. Confidence intervals overlapping zero indicate weak 
statistical support. 

Species Predictor β 
Estimate 

SE Lower 
95% CI 

Upper 
95% CI 

RVI 

Dark-eyed Junco Herbaceous_sc 0.75 0.55 -0.33 1.84 0.48  
Precip_sc -1.98 2.14 -6.18 2.21 0.46  
Forest_sc -0.22 0.77 -1.73 1.30 0.34  
Shrub_sc -0.18 1.07 -2.28 1.92 0.32  
DEM_sc 0.30 0.53 -0.73 1.33 0.31 

Swainson's Thrush Shrub_sc 1.68 1.33 -0.92 4.29 0.51  
Precip_sc -4.35 5.38 -14.90 6.20 0.50  
Herbaceous_sc 0.88 0.68 -0.46 2.22 0.47  
Forest_sc -0.39 1.23 -2.80 2.02 0.35  
DEM_sc -0.01 0.71 -1.41 1.39 0.28 

White-crowned 
Sparrow 

AirTemp_sc -1.14 1.88 -4.83 2.55 0.39 

 
Herbaceous_sc 0.39 0.43 -0.45 1.24 0.36  
Precip_sc -0.60 1.76 -4.05 2.84 0.34  
Forest_sc -0.48 0.63 -1.71 0.75 0.33  
DEM_sc -0.36 0.52 -1.37 0.66 0.32  
Shrub_sc 0.11 0.58 -1.04 1.25 0.28 
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Table 4. Detection-model selection for dynamic occupancy analyses of White-crowned Sparrow 
(WCSP), Dark-eyed Junco (DEJU), and Swainson’s Thrush (SWTH). Candidate detection 
models were compared using Akaike’s Information Criterion (AIC) while holding occupancy 
structure constant. Lower AIC values indicate greater model support. ΔAIC represents the 
difference between each model and the top-ranked model for a species, and AIC weights 
indicate relative support among competing detection models. 

Species Detection Model AIC ΔAIC AIC 
Weight 

White-crowned 
Sparrow 

p_full 415.23 0.00 0.45 

 
p_dem_airtemp_forest 417.23 2.00 0.17  
p_airtemp_forest 418.36 3.13 0.09  
p_dem_airtemp 419.00 3.77 0.07  
p_dem_airtemp_shrub 419.05 3.82 0.07  
p_dem_airtemp_herbaceous 419.73 4.50 0.05  
p_dem_airtemp_precip 420.68 5.45 0.03  
p_airtemp_herbaceous 421.00 5.77 0.03  
p_airtemp 421.18 5.95 0.02  
p_airtemp_shrub 421.88 6.66 0.02  
p_airtemp_precip 423.12 7.90 0.01  
p_dem_precip 424.98 9.75 0.00  
p_dem_shrub 425.99 10.76 0.00  
p_habitat 427.14 11.91 0.00  
p_dem 427.25 12.02 0.00  
p_dem_herbaceous 428.39 13.16 0.00  
p_precip 428.45 13.22 0.00  
p_dem_forest 429.24 14.01 0.00  
p_shrub 429.35 14.12 0.00  
p_null 430.23 15.00 0.00  
p_herbaceous 430.56 15.34 0.00  
p_forest 432.23 17.00 0.00 

Dark-eyed Junco p_full 394.46 0.00 0.52  
p_dem_airtemp_herbaceous 395.15 0.69 0.37  
p_airtemp_herbaceous 398.27 3.81 0.08  
p_airtemp_forest 402.79 8.33 0.01  
p_dem_airtemp 402.95 8.49 0.01  
p_dem_airtemp_forest 403.28 8.83 0.01  
p_airtemp 403.84 9.38 0.01  
p_dem_airtemp_precip 404.20 9.74 0.00  
p_dem_airtemp_shrub 404.95 10.49 0.00  
p_airtemp_precip 405.27 10.82 0.00  
p_airtemp_shrub 405.83 11.37 0.00  
p_dem_herbaceous 408.74 14.28 0.00  
p_herbaceous 411.87 17.41 0.00 
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p_habitat 413.85 19.39 0.00  
p_dem 415.09 20.64 0.00  
p_dem_precip 415.76 21.30 0.00  
p_null 416.03 21.57 0.00  
p_precip 416.60 22.14 0.00  
p_dem_forest 416.61 22.15 0.00  
p_dem_shrub 417.08 22.62 0.00  
p_forest 417.94 23.48 0.00  
p_shrub 418.01 23.55 0.00 

Swainson's Thrush p_dem_airtemp_herbaceous 307.69 0.00 0.79  
p_full 310.94 3.25 0.16  
p_airtemp_herbaceous 313.18 5.49 0.05  
p_herbaceous 336.91 29.22 0.00  
p_dem_herbaceous 337.99 30.30 0.00  
p_habitat 339.13 31.44 0.00  
p_dem_airtemp 402.48 94.78 0.00  
p_dem_airtemp_shrub 403.65 95.96 0.00  
p_dem_airtemp_precip 404.36 96.67 0.00  
p_dem_airtemp_forest 404.37 96.67 0.00  
p_airtemp 404.75 97.06 0.00  
p_airtemp_shrub 406.00 98.31 0.00  
p_airtemp_forest 406.01 98.32 0.00  
p_airtemp_precip 406.73 99.04 0.00  
p_precip 445.58 137.89 0.00  
p_null 446.55 138.85 0.00  
p_shrub 446.57 138.88 0.00  
p_dem_precip 447.52 139.82 0.00  
p_forest 447.98 140.29 0.00  
p_dem 448.53 140.84 0.00  
p_dem_shrub 448.57 140.88 0.00  
p_dem_forest 449.56 141.87 0.00 
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Table 5. Model-averaged detection (p) coefficient estimates, unconditional standard errors (SE), 
and 95% confidence intervals (CI) for White-crowned Sparrow (WCSP), Dark-eyed Junco 
(DEJU), and Swainson’s Thrush (SWTH). Coefficients were model-averaged across supported 
detection models (ΔAIC ≤ 2). Positive coefficients indicate increased detection probability, 
whereas negative coefficients indicate decreased detection probability. 

Species Predictor β Estimate SE Lower 95% CI Upper 95% 
CI 

Dark-eyed Junco AirTemp_sc 1.91 0.53 0.88 2.94 
 

Shrub_sc 0.99 0.35 0.30 1.68 
 

Herbaceous_sc -0.85 0.24 -1.32 -0.38 
 

Forest_sc -0.24 0.18 -0.61 0.12 
 

DEM_sc -0.23 0.18 -0.59 0.13 

Swainson's Thrush AirTemp_sc 4.20 0.83 2.57 5.84 
 

DEM_sc -0.61 0.23 -1.07 -0.15 
 

Herbaceous_sc -0.29 0.23 -0.74 0.16 

White-crowned Sparrow AirTemp_sc 1.24 0.37 0.51 1.97 
 

Shrub_sc 0.55 0.28 0.00 1.09 
 

Forest_sc -0.42 0.22 -0.85 0.02 
 

Herbaceous_sc -0.41 0.20 -0.79 -0.02 
 

DEM_sc 0.27 0.18 -0.07 0.62 
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Table 6. Dynamic occupancy model comparison evaluating temporal variation in colonization (γ) 
and extinction (ε) probabilities for White-crowned Sparrow (WCSP), Dark-eyed Junco (DEJU), 
and Swainson’s Thrush (SWTH). Models allowing γ and/or ε to vary by year were compared 
against models with constant colonization and extinction probabilities. Lower AIC values indicate 
greater model support. 

Species Dynamic Model AIC ΔAIC AIC Weight 
White-crowned Sparrow Constant γ and ε 415.23 0.00 0.57 
 

γ(year) 417.09 1.86 0.22 
 

ε(year) 418.05 2.82 0.14 
 

γ(year) + ε(year) 419.33 4.10 0.07 

Dark-eyed Junco Constant γ and ε 391.79 0.00 0.75 
 

ε(year) 394.47 2.67 0.20 
 

γ(year) + ε(year) 397.34 5.55 0.05 
 

γ(year) 408.54 16.74 0.00 

Swainson's Thrush Constant γ and ε 306.68 0.00 0.73 
 

ε(year) 308.99 2.31 0.23 
 

γ(year) + ε(year) 312.34 5.66 0.04 
 

γ(year) 408.41 101.73 0.00 
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Table 7. Best-supported vocal onset models for focal bird species in Denali National Park and 
Preserve. Candidate models representing temporal, climatic, elevational, and habitat-based 
hypotheses were compared using Akaike’s Information Criterion (AIC). The top-ranked model 
for each species is presented. Lower AIC values indicate greater model support, and AIC 
weights indicate the relative support of each model among competing candidate models. 

Species Model AIC ΔAIC AIC 
Weight 

n obs 

Alder Flycatcher climate 35.08 0.00 0.25 6.00 

Blackpoll Warbler climate_shrub 65.58 0.00 0.51 8.00 

Common Redpoll climate_forest 124.30 0.00 0.44 14.00 

Dark-eyed Junco climate 144.99 0.00 0.34 17.00 

Fox Sparrow climate_forest 87.63 0.00 0.71 10.00 

Golden-crowned 
Sparrow 

climate_herbaceous 116.45 0.00 0.31 13.00 

Gray-cheeked Thrush climate 65.38 0.00 0.35 9.00 

Hermit Thrush year 115.32 0.00 0.48 13.00 

Lincoln's Sparrow year 101.82 0.00 0.51 12.00 

Olive-sided Flycatcher climate_shrub 40.81 0.00 0.99 7.00 

Orange-crowned 
Warbler 

climate 86.62 0.00 0.34 10.00 

Swainson's Thrush climate_forest 94.80 0.00 0.95 13.00 

Varied Thrush climate_herbaceous 169.71 0.00 0.34 19.00 

White-crowned Sparrow climate_shrub 103.73 0.00 0.78 12.00 

White-winged Crossbill year 129.70 0.00 0.39 14.00 

Willow Ptarmigan year 105.67 0.00 0.41 12.00 

Wilson's Warbler climate_forest 65.97 0.00 0.96 10.00 
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Table 8. Estimated annual trends in vocal onset timing from supported models (ΔAIC ≤ 2) for 
focal bird species. Coefficients represent the effect of year on vocal onset date after accounting 
for environmental covariates included in each supported model. Negative coefficients indicate 
progressively earlier vocal onset through time, whereas positive coefficients indicate 
progressively later vocal onset. Confidence intervals that do not overlap zero indicate stronger 
statistical support for temporal trends. 

Species Model Annual Trend 
(days year⁻¹) SE Lowe

r 95% 
CI 

Uppe
r 95% 
CI 

p 
valu
e 

ΔAI
C 

AIC 
Weig
ht 

Wilson's 
Warbler 

climate_forest -4.00 1.0
3 

-6.85 -1.15 0.02 0.00 0.96 

Gray-
cheeked 
Thrush 

climate 5.28 1.7
7 

0.35 10.20 0.04 0.00 0.35 

Willow 
Ptarmigan 

year -5.36 2.4
3 

-
10.77 

0.05 0.05 0.00 0.41 

Gray-
cheeked 
Thrush 

climate_herbace
ous 

5.47 1.9
4 

-0.72 11.66 0.07 0.86 0.23 

Fox 
Sparrow 

climate_forest 8.75 3.7
8 

-1.74 19.24 0.08 0.00 0.71 

Gray-
cheeked 
Thrush 

climate_shrub 5.18 2.0
1 

-1.23 11.59 0.08 1.56 0.16 

Common 
Redpoll 

climate_forest 6.29 3.2
0 

-1.08 13.66 0.08 0.00 0.44 

Hermit 
Thrush 

year 3.48 1.8
4 

-0.57 7.53 0.09 0.00 0.48 

Gray-
cheeked 
Thrush 

climate_forest 5.04 2.0
0 

-1.33 11.42 0.09 1.17 0.20 

Willow 
Ptarmigan 

climate_shrub -5.11 2.6
8 

-
11.68 

1.45 0.11 1.34 0.21 

Swainson's 
Thrush 

climate_forest -3.15 1.7
5 

-7.27 0.98 0.11 0.00 0.95 

Varied 
Thrush 

climate_herbace
ous 

3.51 2.2
1 

-1.25 8.28 0.14 0.00 0.34 

Willow 
Ptarmigan 

climate -4.43 2.6
9 

-
10.81 

1.94 0.14 1.85 0.16 

White-
winged 
Crossbill 

climate 6.54 4.1
5 

-2.84 15.91 0.15 0.95 0.24 

Varied 
Thrush 

climate_forest 3.49 2.3
1 

-1.50 8.49 0.16 1.62 0.15 

Varied 
Thrush 

climate 3.32 2.2
4 

-1.49 8.13 0.16 0.13 0.32 

Lincoln's 
Sparrow 

year 2.13 1.4
4 

-1.08 5.34 0.17 0.00 0.51 
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White-
winged 
Crossbill 

climate_herbace
ous 

6.34 4.2
2 

-3.39 16.08 0.17 1.77 0.16 

Blackpoll 
Warbler 

year 2.96 1.9
1 

-1.71 7.63 0.17 0.68 0.36 

Hermit 
Thrush 

climate_shrub 3.37 2.2
9 

-2.04 8.77 0.18 1.60 0.21 

Blackpoll 
Warbler 

climate_shrub 6.15 3.3
8 

-8.41 20.71 0.21 0.00 0.51 

Golden-
crowned 
Sparrow 

climate 3.47 2.7
0 

-2.76 9.69 0.24 0.21 0.28 

White-
crowned 
Sparrow 

climate_shrub 2.87 2.4
0 

-3.00 8.73 0.28 0.00 0.78 

Olive-sided 
Flycatcher 

climate_shrub 2.80 1.3
1 

-
13.81 

19.41 0.28 0.00 0.99 

Common 
Redpoll 

climate 2.26 2.0
3 

-2.32 6.85 0.29 1.72 0.19 

White-
winged 
Crossbill 

year 2.96 3.4
8 

-4.62 10.53 0.41 0.00 0.39 

Golden-
crowned 
Sparrow 

climate_herbace
ous 

2.25 2.8
6 

-4.50 9.01 0.46 0.00 0.31 

Common 
Redpoll 

year 1.42 1.9
4 

-2.80 5.64 0.48 1.91 0.17 

Orange-
crowned 
Warbler 

climate -2.55 3.3
4 

-
11.13 

6.02 0.48 0.00 0.34 

Orange-
crowned 
Warbler 

year -2.03 2.9
2 

-8.77 4.70 0.51 1.62 0.15 

Orange-
crowned 
Warbler 

climate_shrub -2.22 3.7
4 

-
12.59 

8.16 0.59 1.57 0.15 

Orange-
crowned 
Warbler 

climate_forest -2.47 4.2
9 

-
14.37 

9.43 0.60 2.00 0.12 

Lincoln's 
Sparrow 

climate_herbace
ous 

0.87 1.8
4 

-3.62 5.36 0.65 1.88 0.20 

Golden-
crowned 
Sparrow 

year -0.84 2.1
1 

-5.49 3.81 0.70 0.82 0.21 

Dark-eyed 
Junco 

climate_herbace
ous 

0.51 1.9
0 

-3.67 4.69 0.80 1.88 0.13 

Dark-eyed 
Junco 

climate_shrub -0.38 1.6
4 

-3.99 3.24 0.82 1.04 0.20 
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Orange-
crowned 
Warbler 

climate_herbace
ous 

-0.69 4.3
1 

-
12.65 

11.28 0.88 0.71 0.24 

Dark-eyed 
Junco 

climate 0.19 1.4
6 

-2.99 3.37 0.90 0.00 0.34 

Alder 
Flycatcher 

climate 0.13 1.1
4 

-
14.35 

14.61 0.93 0.00 0.25 

Alder 
Flycatcher 

climate_forest 0.13 1.1
4 

-
14.35 

14.61 0.93 0.00 0.25 

Alder 
Flycatcher 

climate_shrub 0.13 1.1
4 

-
14.35 

14.61 0.93 0.00 0.25 

Alder 
Flycatcher 

climate_herbace
ous 

0.13 1.1
4 

-
14.35 

14.61 0.93 0.00 0.25 

Dark-eyed 
Junco 

climate_forest 0.05 1.4
5 

-3.14 3.24 0.98 0.18 0.31 
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Table 9. Coefficient estimates, standard errors (SE), 95% confidence intervals (CI), and p-
values for predictors retained within supported vocal onset models (ΔAIC ≤ 2). Positive 
coefficients indicate delayed vocal onset dates, whereas negative coefficients indicate earlier 
vocal onset dates. Estimates are presented for climatic, elevational, habitat, and temporal 
predictors included within species-specific supported model sets. 

Species Model Predictor β 
Estima
te 

SE Lowe
r 
95% 
CI 

Uppe
r 
95% 
CI 

p 
valu
e 

ΔAI
C 

AIC 
Weig
ht 

Alder 
Flycatcher 

climate Elevation -3.14 3.30 -
45.0
7 

38.7
9 

0.5
2 

0.0
0 

0.25 

Alder 
Flycatcher 

climate Precipitati
on 

14.51 4.58 -
43.7
2 

72.7
5 

0.2
0 

0.0
0 

0.25 

Alder 
Flycatcher 

climate Temperat
ure 

16.12 10.3
9 

-
115.
95 

148.
19 

0.3
7 

0.0
0 

0.25 

Alder 
Flycatcher 

climate Year 0.13 1.14 -
14.3
5 

14.6
1 

0.9
3 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_forest Elevation -3.14 3.30 -
45.0
7 

38.7
9 

0.5
2 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_forest Forest NA NA NA NA NA 0.0
0 

0.25 

Alder 
Flycatcher 

climate_forest Precipitati
on 

14.51 4.58 -
43.7
2 

72.7
5 

0.2
0 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_forest Temperat
ure 

16.12 10.3
9 

-
115.
95 

148.
19 

0.3
7 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_forest Year 0.13 1.14 -
14.3
5 

14.6
1 

0.9
3 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_herbac
eous 

Elevation -3.14 3.30 -
45.0
7 

38.7
9 

0.5
2 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_herbac
eous 

Herbaceo
us 

NA NA NA NA NA 0.0
0 

0.25 

Alder 
Flycatcher 

climate_herbac
eous 

Precipitati
on 

14.51 4.58 -
43.7
2 

72.7
5 

0.2
0 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_herbac
eous 

Temperat
ure 

16.12 10.3
9 

-
115.
95 

148.
19 

0.3
7 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_herbac
eous 

Year 0.13 1.14 -
14.3
5 

14.6
1 

0.9
3 

0.0
0 

0.25 
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Alder 
Flycatcher 

climate_shrub Elevation -3.14 3.30 -
45.0
7 

38.7
9 

0.5
2 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_shrub Precipitati
on 

14.51 4.58 -
43.7
2 

72.7
5 

0.2
0 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_shrub Shrub NA NA NA NA NA 0.0
0 

0.25 

Alder 
Flycatcher 

climate_shrub Temperat
ure 

16.12 10.3
9 

-
115.
95 

148.
19 

0.3
7 

0.0
0 

0.25 

Alder 
Flycatcher 

climate_shrub Year 0.13 1.14 -
14.3
5 

14.6
1 

0.9
3 

0.0
0 

0.25 

Blackpoll 
Warbler 

climate_shrub Elevation -3.91 11.0
0 

-
51.2
3 

43.4
0 

0.7
6 

0.0
0 

0.51 

Blackpoll 
Warbler 

climate_shrub Precipitati
on 

16.29 9.33 -
23.8
5 

56.4
2 

0.2
2 

0.0
0 

0.51 

Blackpoll 
Warbler 

climate_shrub Shrub 28.24 17.3
3 

-
46.3
3 

102.
81 

0.2
5 

0.0
0 

0.51 

Blackpoll 
Warbler 

climate_shrub Temperat
ure 

63.35 45.5
3 

-
132.
55 

259.
24 

0.3
0 

0.0
0 

0.51 

Blackpoll 
Warbler 

climate_shrub Year 6.15 3.38 -8.41 20.7
1 

0.2
1 

0.0
0 

0.51 

Blackpoll 
Warbler 

year Year 2.96 1.91 -1.71 7.63 0.1
7 

0.6
8 

0.36 

Common 
Redpoll 

climate Elevation 4.43 6.63 -
10.5
7 

19.4
3 

0.5
2 

1.7
2 

0.19 

Common 
Redpoll 

climate Precipitati
on 

-7.51 8.64 -
27.0
5 

12.0
3 

0.4
1 

1.7
2 

0.19 

Common 
Redpoll 

climate Temperat
ure 

-24.35 19.6
9 

-
68.9
1 

20.2
0 

0.2
5 

1.7
2 

0.19 

Common 
Redpoll 

climate Year 2.26 2.03 -2.32 6.85 0.2
9 

1.7
2 

0.19 

Common 
Redpoll 

climate_forest Elevation 9.52 6.97 -6.55 25.5
9 

0.2
1 

0.0
0 

0.44 

Common 
Redpoll 

climate_forest Forest -31.53 20.2
1 

-
78.1
4 

15.0
9 

0.1
6 

0.0
0 

0.44 

Common 
Redpoll 

climate_forest Precipitati
on 

-43.01 24.1
4 

-
98.6
7 

12.6
4 

0.11 0.0
0 

0.44 
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Common 
Redpoll 

climate_forest Temperat
ure 

37.31 43.5
6 

-
63.1
5 

137.
76 

0.4
2 

0.0
0 

0.44 

Common 
Redpoll 

climate_forest Year 6.29 3.20 -1.08 13.6
6 

0.0
8 

0.0
0 

0.44 

Common 
Redpoll 

year Year 1.42 1.94 -2.80 5.64 0.4
8 

1.9
1 

0.17 

Dark-eyed 
Junco 

climate Elevation 7.87 3.77 -0.33 16.0
8 

0.0
6 

0.0
0 

0.34 

Dark-eyed 
Junco 

climate Precipitati
on 

-6.84 7.55 -
23.2
9 

9.61 0.3
8 

0.0
0 

0.34 

Dark-eyed 
Junco 

climate Temperat
ure 

-28.61 13.4
7 

-
57.9
6 

0.74 0.0
6 

0.0
0 

0.34 

Dark-eyed 
Junco 

climate Year 0.19 1.46 -2.99 3.37 0.9
0 

0.0
0 

0.34 

Dark-eyed 
Junco 

climate_forest Elevation 6.05 4.08 -2.92 15.0
2 

0.1
7 

0.1
8 

0.31 

Dark-eyed 
Junco 

climate_forest Forest 4.06 3.64 -3.96 12.0
7 

0.2
9 

0.1
8 

0.31 

Dark-eyed 
Junco 

climate_forest Precipitati
on 

-1.33 8.96 -
21.0
6 

18.3
9 

0.8
8 

0.1
8 

0.31 

Dark-eyed 
Junco 

climate_forest Temperat
ure 

-37.59 15.5
8 

-
71.8
8 

-3.29 0.0
3 

0.1
8 

0.31 

Dark-eyed 
Junco 

climate_forest Year 0.05 1.45 -3.14 3.24 0.9
8 

0.1
8 

0.31 

Dark-eyed 
Junco 

climate_herbac
eous 

Elevation 7.39 4.29 -2.06 16.8
3 

0.11 1.8
8 

0.13 

Dark-eyed 
Junco 

climate_herbac
eous 

Herbaceo
us 

-3.14 11.2
8 

-
27.9
7 

21.6
8 

0.7
9 

1.8
8 

0.13 

Dark-eyed 
Junco 

climate_herbac
eous 

Precipitati
on 

-7.80 8.58 -
26.6
7 

11.08 0.3
8 

1.8
8 

0.13 

Dark-eyed 
Junco 

climate_herbac
eous 

Temperat
ure 

-30.38 15.3
9 

-
64.2
4 

3.48 0.0
7 

1.8
8 

0.13 

Dark-eyed 
Junco 

climate_herbac
eous 

Year 0.51 1.90 -3.67 4.69 0.8
0 

1.8
8 

0.13 

Dark-eyed 
Junco 

climate_shrub Elevation 8.61 3.93 -0.05 17.2
7 

0.0
5 

1.0
4 

0.20 

Dark-eyed 
Junco 

climate_shrub Precipitati
on 

-3.34 8.83 -
22.7
8 

16.0
9 

0.7
1 

1.0
4 

0.20 

Dark-eyed 
Junco 

climate_shrub Shrub 7.16 8.98 -
12.6
0 

26.9
3 

0.4
4 

1.0
4 

0.20 
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Dark-eyed 
Junco 

climate_shrub Temperat
ure 

-22.91 15.4
4 

-
56.8
8 

11.06 0.1
7 

1.0
4 

0.20 

Dark-eyed 
Junco 

climate_shrub Year -0.38 1.64 -3.99 3.24 0.8
2 

1.0
4 

0.20 

Fox 
Sparrow 

climate_forest Elevation -0.31 5.55 -
15.7
2 

15.1
0 

0.9
6 

0.0
0 

0.71 

Fox 
Sparrow 

climate_forest Forest -14.49 7.88 -
36.3
6 

7.39 0.1
4 

0.0
0 

0.71 

Fox 
Sparrow 

climate_forest Precipitati
on 

-42.76 16.0
2 

-
87.2
4 

1.72 0.0
6 

0.0
0 

0.71 

Fox 
Sparrow 

climate_forest Temperat
ure 

-18.02 10.1
1 

-
46.0
8 

10.0
5 

0.1
5 

0.0
0 

0.71 

Fox 
Sparrow 

climate_forest Year 8.75 3.78 -1.74 19.2
4 

0.0
8 

0.0
0 

0.71 

Golden-
crowned 
Sparrow 

climate Elevation 10.26 6.28 -4.21 24.7
3 

0.1
4 

0.2
1 

0.28 

Golden-
crowned 
Sparrow 

climate Precipitati
on 

-17.28 10.5
5 

-
41.6
1 

7.06 0.1
4 

0.2
1 

0.28 

Golden-
crowned 
Sparrow 

climate Temperat
ure 

3.25 8.06 -
15.3
4 

21.8
4 

0.7
0 

0.2
1 

0.28 

Golden-
crowned 
Sparrow 

climate Year 3.47 2.70 -2.76 9.69 0.2
4 

0.2
1 

0.28 

Golden-
crowned 
Sparrow 

climate_herbac
eous 

Elevation 13.49 6.78 -2.55 29.5
3 

0.0
9 

0.0
0 

0.31 

Golden-
crowned 
Sparrow 

climate_herbac
eous 

Herbaceo
us 

14.05 12.3
3 

-
15.1
2 

43.2
1 

0.2
9 

0.0
0 

0.31 

Golden-
crowned 
Sparrow 

climate_herbac
eous 

Precipitati
on 

-8.67 12.8
2 

-
38.9
9 

21.6
5 

0.5
2 

0.0
0 

0.31 

Golden-
crowned 
Sparrow 

climate_herbac
eous 

Temperat
ure 

4.49 7.99 -
14.4
0 

23.3
8 

0.5
9 

0.0
0 

0.31 

Golden-
crowned 
Sparrow 

climate_herbac
eous 

Year 2.25 2.86 -4.50 9.01 0.4
6 

0.0
0 

0.31 

Golden-
crowned 
Sparrow 

year Year -0.84 2.11 -5.49 3.81 0.7
0 

0.8
2 

0.21 
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Gray-
cheeked 
Thrush 

climate Elevation 6.01 4.89 -7.57 19.5
8 

0.2
9 

0.0
0 

0.35 

Gray-
cheeked 
Thrush 

climate Precipitati
on 

-20.92 8.07 -
43.3
2 

1.48 0.0
6 

0.0
0 

0.35 

Gray-
cheeked 
Thrush 

climate Temperat
ure 

13.01 19.5
3 

-
41.2
0 

67.2
2 

0.5
4 

0.0
0 

0.35 

Gray-
cheeked 
Thrush 

climate Year 5.28 1.77 0.35 10.2
0 

0.0
4 

0.0
0 

0.35 

Gray-
cheeked 
Thrush 

climate_forest Elevation 8.79 7.49 -
15.0
3 

32.6
2 

0.3
3 

1.1
7 

0.20 

Gray-
cheeked 
Thrush 

climate_forest Forest -15.62 29.1
1 

-
108.
26 

77.0
1 

0.6
3 

1.1
7 

0.20 

Gray-
cheeked 
Thrush 

climate_forest Precipitati
on 

-29.78 18.7
5 

-
89.4
4 

29.8
9 

0.2
1 

1.1
7 

0.20 

Gray-
cheeked 
Thrush 

climate_forest Temperat
ure 

46.06 65.2
4 

-
161.
55 

253.
68 

0.5
3 

1.1
7 

0.20 

Gray-
cheeked 
Thrush 

climate_forest Year 5.04 2.00 -1.33 11.42 0.0
9 

1.1
7 

0.20 

Gray-
cheeked 
Thrush 

climate_herbac
eous 

Elevation 6.24 5.31 -
10.6
6 

23.1
4 

0.3
3 

0.8
6 

0.23 

Gray-
cheeked 
Thrush 

climate_herbac
eous 

Herbaceo
us 

6.00 9.41 -
23.9
5 

35.9
6 

0.5
7 

0.8
6 

0.23 

Gray-
cheeked 
Thrush 

climate_herbac
eous 

Precipitati
on 

-20.74 8.75 -
48.5
7 

7.09 0.1
0 

0.8
6 

0.23 

Gray-
cheeked 
Thrush 

climate_herbac
eous 

Temperat
ure 

12.25 21.1
9 

-
55.1
9 

79.6
8 

0.6
0 

0.8
6 

0.23 

Gray-
cheeked 
Thrush 

climate_herbac
eous 

Year 5.47 1.94 -0.72 11.66 0.0
7 

0.8
6 

0.23 

Gray-
cheeked 
Thrush 

climate_shrub Elevation 8.37 8.19 -
17.7
1 

34.4
4 

0.3
8 

1.5
6 

0.16 

Gray-
cheeked 
Thrush 

climate_shrub Precipitati
on 

-21.94 9.46 -
52.0
5 

8.17 0.1
0 

1.5
6 

0.16 
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Gray-
cheeked 
Thrush 

climate_shrub Shrub 2.40 6.17 -
17.2
4 

22.0
5 

0.7
2 

1.5
6 

0.16 

Gray-
cheeked 
Thrush 

climate_shrub Temperat
ure 

23.96 35.7
1 

-
89.7
0 

137.
62 

0.5
5 

1.5
6 

0.16 

Gray-
cheeked 
Thrush 

climate_shrub Year 5.18 2.01 -1.23 11.59 0.0
8 

1.5
6 

0.16 

Hermit 
Thrush 

climate_shrub Elevation 9.47 6.47 -5.84 24.7
7 

0.1
9 

1.6
0 

0.21 

Hermit 
Thrush 

climate_shrub Precipitati
on 

-10.99 23.8
2 

-
67.3
2 

45.3
4 

0.6
6 

1.6
0 

0.21 

Hermit 
Thrush 

climate_shrub Shrub -15.42 10.0
9 

-
39.2
9 

8.45 0.1
7 

1.6
0 

0.21 

Hermit 
Thrush 

climate_shrub Temperat
ure 

-1.04 35.2
6 

-
84.4
3 

82.3
5 

0.9
8 

1.6
0 

0.21 

Hermit 
Thrush 

climate_shrub Year 3.37 2.29 -2.04 8.77 0.1
8 

1.6
0 

0.21 

Hermit 
Thrush 

year Year 3.48 1.84 -0.57 7.53 0.0
9 

0.0
0 

0.48 

Lincoln's 
Sparrow 

climate_herbac
eous 

Elevation 7.02 5.76 -7.08 21.11 0.2
7 

1.8
8 

0.20 

Lincoln's 
Sparrow 

climate_herbac
eous 

Herbaceo
us 

20.25 17.3
5 

-
22.1
9 

62.7
0 

0.2
9 

1.8
8 

0.20 

Lincoln's 
Sparrow 

climate_herbac
eous 

Precipitati
on 

4.18 9.49 -
19.0
5 

27.4
1 

0.6
8 

1.8
8 

0.20 

Lincoln's 
Sparrow 

climate_herbac
eous 

Temperat
ure 

-5.26 16.2
6 

-
45.0
5 

34.5
3 

0.7
6 

1.8
8 

0.20 

Lincoln's 
Sparrow 

climate_herbac
eous 

Year 0.87 1.84 -3.62 5.36 0.6
5 

1.8
8 

0.20 

Lincoln's 
Sparrow 

year Year 2.13 1.44 -1.08 5.34 0.1
7 

0.0
0 

0.51 

Olive-sided 
Flycatcher 

climate_shrub Elevation 11.92 3.84 -
36.8
3 

60.6
7 

0.2
0 

0.0
0 

0.99 

Olive-sided 
Flycatcher 

climate_shrub Precipitati
on 

-4.52 6.69 -
89.5
8 

80.5
3 

0.6
2 

0.0
0 

0.99 

Olive-sided 
Flycatcher 

climate_shrub Shrub 18.79 7.46 -
75.9
9 

113.5
8 

0.2
4 

0.0
0 

0.99 
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Olive-sided 
Flycatcher 

climate_shrub Temperat
ure 

-2.37 16.7
3 

-
214.
91 

210.
16 

0.9
1 

0.0
0 

0.99 

Olive-sided 
Flycatcher 

climate_shrub Year 2.80 1.31 -
13.8
1 

19.4
1 

0.2
8 

0.0
0 

0.99 

Orange-
crowned 
Warbler 

climate Elevation 13.65 7.30 -5.11 32.4
1 

0.1
2 

0.0
0 

0.34 

Orange-
crowned 
Warbler 

climate Precipitati
on 

-13.40 9.44 -
37.6
6 

10.8
6 

0.2
2 

0.0
0 

0.34 

Orange-
crowned 
Warbler 

climate Temperat
ure 

-8.11 30.9
7 

-
87.7
2 

71.5
0 

0.8
0 

0.0
0 

0.34 

Orange-
crowned 
Warbler 

climate Year -2.55 3.34 -
11.1
3 

6.02 0.4
8 

0.0
0 

0.34 

Orange-
crowned 
Warbler 

climate_forest Elevation 13.35 11.3
2 

-
18.0
9 

44.7
9 

0.3
0 

2.0
0 

0.12 

Orange-
crowned 
Warbler 

climate_forest Forest 0.23 5.94 -
16.2
6 

16.7
1 

0.9
7 

2.0
0 

0.12 

Orange-
crowned 
Warbler 

climate_forest Precipitati
on 

-13.04 14.1
9 

-
52.4
3 

26.3
6 

0.4
1 

2.0
0 

0.12 

Orange-
crowned 
Warbler 

climate_forest Temperat
ure 

-8.16 34.6
4 

-
104.
33 

88.0
1 

0.8
3 

2.0
0 

0.12 

Orange-
crowned 
Warbler 

climate_forest Year -2.47 4.29 -
14.3
7 

9.43 0.6
0 

2.0
0 

0.12 

Orange-
crowned 
Warbler 

climate_herbac
eous 

Elevation 11.78 8.06 -
10.5
9 

34.1
5 

0.2
2 

0.7
1 

0.24 
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FIGURES 
 
 
 

 

Figure 2. Model-averaged effects of environmental and habitat covariates on occupancy 
probability (ψ) and detection probability (p) for White-crowned Sparrow (WCSP), Dark-eyed 
Junco (DEJU), and Swainson’s Thrush (SWTH). Points represent model-averaged coefficient 
estimates on the logit scale and horizontal error bars represent 95% confidence intervals. 
Positive coefficients indicate increased occupancy or detection probability, whereas negative 
coefficients indicate decreased occupancy or detection probability. Red points indicate air 
temperature effects. Occupancy estimates were averaged across supported occupancy models 
(ΔAIC ≤ 2), and detection estimates were averaged across supported detection models. 
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Figure 3. Temporal trends in vocal onset timing for 15 focal bird species in Denali National Park 
and Preserve. Points represent estimated annual changes in vocal onset timing (days year⁻¹) 
from site-year models relating onset date to year, and horizontal bars represent 95% confidence 
intervals. Negative values indicate earlier vocal onset through time, whereas positive values 
indicate later vocal onset. Species with confidence intervals that do not overlap zero are 
considered to exhibit supported temporal trends in vocal phenology. 
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Figure 4. Temporal trends in vocal onset timing after accounting for site-level environmental 
conditions. Points represent estimated effects of year (days year⁻¹) from models including year, 
elevation, air temperature, and precipitation, and horizontal bars represent 95% confidence 
intervals. Negative values indicate earlier vocal onset through time, whereas positive values 
indicate later vocal onset. This figure illustrates temporal phenological trends after controlling for 
spatial and climatic variation among monitoring locations.  
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Figure 5. Relative support for competing vocal onset models across focal bird species. Bars 
represent cumulative Akaike weights for supported models (ΔAIC ≤ 2) grouped into ecological 
hypothesis categories, including year-only, climate, and climate-plus-habitat models. Greater 
support for climate-plus-habitat models indicates that local environmental and vegetation 
characteristics contributed to explaining variation in vocal onset timing beyond temporal trends 
alone. 
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Figure 6. Coefficient estimates from supported climate and habitat vocal onset models (ΔAIC ≤ 
2). Points represent parameter estimates and horizontal bars represent 95% confidence 
intervals. Positive coefficients indicate delayed vocal onset dates, whereas negative coefficients 
indicate earlier vocal onset dates. Estimates are shown for climatic, habitat, and temporal 
predictors retained within supported species-specific models. 
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Figure 7. Species-specific temporal patterns in vocal onset timing. Points represent site-year 
onset estimates and lines represent fitted linear trends through time. Shaded regions indicate 
95% confidence intervals around fitted relationships. These plots provide visual representations 
of species-specific variation in vocal phenology across the study period. 
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APPENDICES 
 
 
 

Appendix Table A1. Focal Species BirdNET confidence thresholds following manual validation 
for dynamic occupancy models. Species-specific thresholds were chosen to obtain 95% 
precision while minimizing false-positive detections and retaining sufficient observations for 
occupancy and vocal phenology analyses. Species designated NA did not require additional 
confidence threshold due to the detections meeting the target precision. As a result, all 
detections were kept. The threshold values were applied to filter detections and generate 
detection histories and dynamic occupancy.   

Species Confidence 
Threshold 

Alder Flycatcher 0.42 

American Golden-plover 0.37 

American Robin 0.26 

Blackpoll Warbler 0.47 

Common Loon 0.62 

Common Raven 0.07 

Common Redpoll NA 

Dark-eyed Junco 0.34 

Fox Sparrow 0.49 

Golden crowned kinglet 0.81 

Golden crowned sparrow 0.49 

Gray-cheeked Thrush 0.43 

Gray-crowned Rosy-Finch 0.5 

Greater Scaup 0.97 

Greater Yellowlegs 0.91 

Hermit Thrush 0.38 

lesser Scaup 0.59 

Lincon's Sparrow 0.92 

Long-tailed Jaeger 0.57 

Olive-sided Flycatcher 0.87 

Orange-crowned Warbler 0.43 

Ruby-crowned Kinglet 0.42 

Ruffed Grouse 0.59 

Rusty Blackbird 0.95 

Sandhill Crane 0.48 

Surfbird 0.88 

Swainson's Thrush 0.32 

Tennessee Warbler 0.45 

Varied Thrush 0.35 
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White-crowned sparrow 0.36 

White-tailed Ptarmigan 0.66 

White-winged Crossbill 0.18 

Willow Ptarmigan NA 

Wilson's Snipe 0.41 

Yellow warbler 0.24 

Yellow-bellied Flycatcher 0.91 

 


