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Methodological choices influence ecological inference in passive acoustic monitoring 1 
of a Neotropical nightjar 2 

ABSTRACT 3 

Passive acoustic monitoring (PAM) is increasingly used to investigate species 4 

activity and habitat use through occupancy analyses. Yet, the complex analytical 5 

workflow, from automated detector choice to confidence thresholds and statistical 6 

modeling framework, is amongst the factors that influence ecological inference, and 7 

the extent these decisions affect modelling outputs is poorly debated. Here, we use 8 

acoustic data from a Neotropical nightjar (Nyctidromus albicollis) in the Pantanal 9 

wetlands, Brazil, to evaluate how these decisions lead to different conclusions about 10 

the environmental drivers of nocturnal vocal activity. We processed 97,906 minutes 11 

of audio files from seven sites using two classification algorithms (a locally trained 12 

custom model and a pre-built global model), each evaluated at two confidence 13 

thresholds based on precision and F1 metrics, yielding four detection datasets. We 14 

modeled vocal activity in relation to temperature, relative humidity, and lunar 15 

illumination using both conventional regression and Bayesian occupancy models that 16 

explicitly separate the contributions of ecological and observation processes. All 17 

models agreed on the direction of environmental effects: vocal activity declined with 18 

increasing temperature and humidity and was weakly associated with lunar 19 

illumination. However, the magnitude of the effects differed substantially across 20 

detector–threshold combinations. Detections based on the prebuilt model 21 

overestimated the effects of all variables, with predicted occupancy at low 22 

temperatures ranging from over 90% (prebuilt) to below 25% (custom). High-23 

precision thresholds were far better calibrated, highlighting the importance of 24 

prioritizing precision for more reliable inference under hierarchical modeling. The 25 

naïve regression approach produced attenuated effect sizes and narrower 26 

uncertainty intervals compared to the occupancy framework, with discrepancies 27 

depending on the detector used. Our results demonstrate how methodological 28 

decisions across the analytical workflow affect quantitative ecological inference, 29 

emphasizing the need to explicitly address the impact of different decisions during 30 

the analytical process and incorporate detection uncertainty through hierarchical 31 

modeling. 32 

 33 
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INTRODUCTION 34 

Biodiversity monitoring is essential for understanding ecological processes and 35 

informing conservation in a rapidly changing world. However, traditional survey 36 

methods are often constrained by limited temporal coverage, logistical costs, and 37 

observer bias, restricting their ability to capture ecological dynamics across broad 38 

spatial and temporal scales (Moussy et al. 2021; Valdez et al. 2023). These 39 

limitations have motivated the development of scalable approaches capable of 40 

providing consistent data on species occurrence and activity (Connor et al. 2024; 41 

Nguyen Chi et al. 2025; Riede and Balakrishnan 2025). 42 

Passive acoustic monitoring (PAM) has emerged as a powerful tool to 43 

address these challenges (Ross et al. 2023). By continuously recording 44 

soundscapes, PAM enables non-invasive monitoring of vocal species and provides 45 

detailed information on temporal patterns of activity (Sugai et al. 2019). This is 46 

particularly valuable for taxa that are difficult to observe directly, such as nocturnal 47 

birds. As a result, PAM has become increasingly common in ecological studies, 48 

especially for investigating species activity and its environmental drivers (Chirino et 49 

al. 2025, Salustio-Gomes et al. 2026, Sugai et al. 2019). 50 

Despite its advantages, PAM generates large volumes of audio data, creating 51 

challenges for data processing and interpretation (Teixeira et al. 2024). Manual 52 

annotation is often impractical, leading to the growing use of automated detection 53 

methods based on machine learning (Kahl et al. 2021). These approaches have 54 

improved the efficiency of species identification, but their performance remains 55 

context-dependent, varying with environmental conditions, species-specific vocal 56 

behavior, and characteristics of the acoustic environment (Pérez-Granados et al. 57 

2026). In particular, models trained on generalized datasets may perform 58 
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inconsistently when applied to new soundscapes, often requiring local validation 59 

(Funosas et al. 2026). 60 

Automated detection tools, such as BirdNET have become widely used due to 61 

their accessibility and broad taxonomic coverage (Wood & Kahl 2024). However, 62 

their performance is not uniform across regions and species, with recent global 63 

evaluations showing substantial variation in detection accuracy depending on 64 

ecological context and species coverage (Funosas et al. 2025). These results 65 

highlight the need for context-specific evaluation and careful calibration of detection 66 

parameters when applying such tools to ecological studies (Schiavo et al. 2025). 67 

Importantly, PAM workflows involve multiple analytical steps, including 68 

species detection and classification, data filtering, and statistical modeling. Each of 69 

these processes requires methodological decisions that influence how acoustic data 70 

are translated into information ecologically relevant (Gelman & Loken 2018, Breznau 71 

et al. 2022). Detector choice, confidence thresholds, and validation procedures 72 

determine the structure of detection data used in subsequent analyses. However, 73 

these decisions are often evaluated in isolation and seldom fully reported, despite 74 

their impact on downstream inference. 75 

A further challenge arises from imperfect detection. The probability of 76 

detecting a species depends not only on its activity, but also on environmental 77 

conditions, recording system characteristics, and behavioral variability (Wood & 78 

Peery 2022). In passive acoustic monitoring, this heterogeneity can be particularly 79 

pronounced, with detection probability varying substantially across sites and 80 

sampling occasions (Rhinehart et al. 2026). Ignoring such variation can lead to 81 

biased estimates of occupancy and misleading relationships with environmental 82 

drivers (Rhinehart et al. 2026). Hierarchical modeling approaches, such as 83 
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occupancy models, explicitly account for this issue by separating the ecological and 84 

observation processes (MacKenzie et al. 2018). Moreover, the application of 85 

occupancy models to acoustic data remains inconsistent, with many studies failing to 86 

adequately incorporate detection uncertainty, potentially leading to biased ecological 87 

inference (Martins et al. 2025). 88 

Reliable ecological inference also depends on consistent sampling across the 89 

environmental gradients of interest. In many ecological studies, it is assumed that 90 

variation in observed responses reflects underlying environmental drivers rather than 91 

differences in sampling effort or observation processes. However, in passive 92 

acoustic monitoring, this assumption can be challenged. Variation in recording 93 

conditions, microphone sensitivity, temporal coverage, and data processing 94 

decisions can introduce additional heterogeneity into detection data. As a result, 95 

apparent patterns along environmental gradients may partly reflect inconsistencies in 96 

the observation process rather than true ecological responses. 97 

Together, these considerations highlight a key methodological question: how 98 

do decisions in the PAM analytical workflow influence ecological inference? 99 

Evidence from psychology, ecology and evolutionary biology shows that different 100 

analytical choices applied to the same dataset can lead to substantial variation in 101 

estimated effect sizes and conclusions (Gould et al. 2025). In PAM, this issue may 102 

be further amplified, as multiple sequential decisions jointly shape the data used for 103 

inference. Despite advances in both automated detection and hierarchical modeling, 104 

their integration remains limited, and there is still little consensus on how to 105 

incorporate detection uncertainty derived from acoustic classifiers into ecological 106 

models (Martins et al. 2025). 107 
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Nocturnal birds provide a useful system in which to explore these issues. 108 

Their vocal activity is often influenced by environmental factors such as temperature, 109 

humidity, and lunar illumination, while their detectability can vary with both behavior 110 

and recording conditions (Knight et al. 2017, Schaaf et al. 2023, Salustio-Gomes et 111 

al. 2026). A representative example is the Common Pauraque, Nyctidromus 112 

albicollis, a widely distributed nocturnal bird inhabiting a variety of environments from 113 

southern Texas to northeastern Argentina (Latta & Howell, 2020). The literature 114 

indicates that its vocal activity is restricted to the nocturnal period, peaks just after 115 

dusk and just before dawn, and is detected year-round, with vocal output being 116 

higher during full moon nights than during new moon nights, and with the diel pattern 117 

of vocal activity also varying with moon phase (Pérez-Granados & Schuchmann 118 

2020b; Pérez-Granados et al. 2022). Here, we use passive acoustic monitoring data 119 

from a Neotropical nightjar in the Pantanal wetlands, Brazil, to evaluate how different 120 

analytical decisions influence ecological inference. We focus on decisions related to 121 

acoustic classifiers (pre-trained versus regional custom classifier), confidence score 122 

threshold levels (informed either by F1 or precision), and modelling framework 123 

(hierarchical occupancy models and conventional regression-based approaches). 124 

We compare inferences based on the relationship between vocal activity and 125 

temperature, relative humidity, and lunar illumination. 126 

In terms of ecological inference, we a priori expected negative effects of 127 

temperature and relative humidity on detection probability based on the thermal 128 

sensitivity of caprimulgid aerial insectivory and the suppressive effect of precipitation 129 

on vocal activity (Schaaf et al. 2023; Salustio-Gomes et al. 2026 ). For lunar 130 

illumination, we expected a positive effect on detection probability, as moonlight 131 

stimulates vocal activity in Neotropical nightjars by enhancing visual foraging 132 
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conditions (Pérez-Granados & Schuchmann, 2020a; Pérez-Granados & 133 

Schuchmann, 2020b; Pérez-Granados et al. 2022). By evaluating these components 134 

within a single analytical framework, our study illustrates how methodological 135 

choices in passive acoustic monitoring can shape inference about species activity. 136 

 137 

MATERIAL AND METHODS 138 

Study area and Sampling design 139 

The study was conducted in the Pantanal wetlands of Mato Grosso do Sul, central 140 

Brazil. Monitoring sites were distributed along an approximately 180-km 141 

environmental gradient between the Pantanal floodplain and the plateaus of the 142 

Serra da Bodoquena and Serra de Maracajú, encompassing a heterogeneous 143 

mosaic of flooded campos, gallery forests, and upland Cerrado vegetation (Rolim & 144 

Theodorovick 2012, Junk et al. 2014). The climate in the region is strongly seasonal, 145 

with a rainy season from October to March and a dry season from April to 146 

September, driving marked annual fluctuations in water availability, habitat structure, 147 

and wildlife activity (Heckman 1999). 148 

Seven monitoring sites were established across this gradient (Fig. 1). This 149 

sampling design captures variation in hydrological regimes and habitat structure, 150 

providing a suitable environmental gradient for examining patterns of species activity 151 

(Table S1; Fig. 1). 152 
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 153 

Figure 1. Location of the study area and sampling sites in the South Pantanal 154 

wetland and Cerrado, central Brazil.  155 

At each site, one autonomous recording unit (SongMeter SM4, Wildlife 156 

acoustics, Maynard, Massachusetts, USA) was installed adjacent to a lentic water 157 

body. Recorders were programmed to record for one minute every 15 minutes 158 

throughout the entire night, at a sampling rate of 44.1 kHz with 16-bit depth, stereo 159 

channel configuration, 16 dB pre-amplification, in uncompressed WAV format. 160 

Monitoring began on 21 September 2021 and ended on Feb 2025 across the entire 161 

sampling. All audio files were transferred to a Network-Attached Storage (NAS) 162 

server with redundant backup. 163 

 164 

Climatic variables 165 
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At each site, a HOBO U23 Pro V2 (Onset Computer Corporation) temperature (ºC) 166 

and relative humidity (%) datalogger was installed adjacent to the recording unit. 167 

Dataloggers were programmed to log at 15-minute intervals. Because dataloggers 168 

were deployed after the acoustic sensors were deployed and to ensure acoustic and 169 

environmental information matched, subsequent analyses were restricted to 170 

recordings for which paired microclimatic data were available. Nightly values of 171 

temperature and relative humidity were derived by averaging datalogger readings 172 

across the nocturnal recording window for each site-night combination. Lunar 173 

illumination was calculated as the fraction of the lunar disc illuminated at local 174 

midnight for each site-night, obtained with the R package lunar (Śmielak 2023). 175 

 176 

Acoustic data processing and detection workflow 177 

After filtering for recordings with available climatic data, a total of 97,906 audio files 178 

were retained. These recordings span between 2023-11-26 and 2025-02-27, 179 

covering the full nocturnal recording window at each site (from 4 pm to 6 am next 180 

day). Temporal coverage and sampling effort were not uniform among sites, 181 

reflecting differences in recorder deployment duration and data availability (Fig. S1). 182 

To detect the occurrence of the focal species (Nyctidromus albicollis) in these 183 

recordings, we applied two automated classification approaches (Fig. S2): (1) a pre-184 

trained global model available in BirdNET-Analyzer GUI (Kahl et al. 2021) and (2) a 185 

custom classifier using region-specific acoustic data. For the first approach, all audio 186 

files were processed using BirdNET-Analyzer v2.4.0 (model: 187 

BirdNET_GLOBAL_6K_V2.4_Model_FP32.tflite). For the second approach, we 188 

trained a custom classification model using the training interface available in 189 

BirdNET-Analyzer (see Supplementary Information).  190 
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To evaluate the performance of the two classifiers, we built an independent 191 

ground-truth test dataset comprising approximately 1% of the full dataset (1,199 192 

audio files, Fig 2). The selection followed a stratified approach in which the number 193 

of files per site was proportional to the total number of recordings available at each 194 

site within the filtered dataset, to ensure that the test dataset reflected the spatial 195 

distribution and sampling effort of the data used in subsequent analyses.  196 

 197 

 198 

Figure 2. Summary of automated detection outputs in the test dataset, across study 199 

sites. The upper panel shows the total number of audio files and the number of 200 

detections obtained using the BirdNET and custom classifiers at each site. The lower 201 

panel presents the distribution of confidence scores for detections generated by 202 

each algorithm across sites 203 
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Outputs generated by the pre-trained BirdNET model and the custom-trained 204 

classifier were independently compared against manual annotations from the test 205 

dataset using the evaluation interface available in BirdNET-Analyzer (https://birdnet-206 

team.github.io/BirdNET-Analyzer/best-practices/evaluation-tool.html) and results 207 

were exported using the “Download data table” option. These outputs were 208 

subsequently used to construct confusion matrices for each classifier, allowing 209 

calculation of precision [TP / (TP + FP)], recall [TP / (TP + FN)], and F1-score [2 × 210 

(precision × recall) / (precision + recall)]. These metrics were then used to define 211 

confidence thresholds for validating detections, taking into account the requirements 212 

of the subsequent modeling approaches (see Authors 2026). 213 

With the threshold metrics selected, the complete acoustic dataset was 214 

processed using both automated approaches (global BirdNET model and custom-215 

trained classifier). The models were configured to detect the target species using a 216 

sensitivity setting of 1.0, a bandpass frequency range of 1–4000 Hz, and a minimum 217 

confidence threshold of 0.1. Detection tables generated by each classifier were then 218 

filtered according to confidence thresholds derived from performance analyses. 219 

Specifically, thresholds corresponding to maximum F1-score (“Max F1”) and 220 

maximum precision (“Max Precision”) were identified and applied following the 221 

analytical combinations described in the workflow diagram (Fig. S2). 222 

The Max F1 threshold was used for naïve regression-based analyses, 223 

because it provides a balance between omission and commission errors by 224 

simultaneously maximizing precision and recall. In contrast, occupancy models were 225 

primarily fitted using detections filtered with the Max Precision threshold, as this 226 

criterion minimizes false-positive detections and therefore better satisfies its 227 

assumptions. Additionally, occupancy models were also fitted using detections 228 
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filtered under the Max F1 threshold. This complementary analysis was conducted to 229 

facilitate comparisons among modeling approaches, while maintaining a consistent 230 

detection threshold across analytical workflows. 231 

 232 

Data Analysis 233 

Naïve models (regression-based approach) 234 

Our naïve modelling approach fitted nightly detection as a binary response variable 235 

(presence = 1 if the species was acoustically detected during the recording session; 236 

absence = 0 otherwise) using a Bernoulli Generalized Linear Mixed-effects Model 237 

(GLMM) with a logit link function. This approach was applied identically and 238 

independently to two detection datasets derived from the same acoustic recordings: 239 

one produced by a locally trained custom classifier (hereafter Custom) and one by 240 

the BirdNET pre-built classifier (hereafter PreBuilt; Kahl et al. 2021). Each 241 

observational unit was a site-night combination, yielding 1,753 initial observations 242 

across seven monitoring sites for each detector. In both cases, we used detections 243 

based on MaxF1. 244 

Fixed-effect environmental predictors (Fig. S3) comprised air temperature, 245 

relative humidity, and moon illumination (proportion, 0–1). All predictors were 246 

standardized to zero mean and unit SD prior to analysis. Sampling effort (n_minutes, 247 

the number of unique one-minute recordings per night) was nearly constant across 248 

sessions (median = 56 min; 99% of nights ≥ 52 min) and was therefore not included 249 

as a predictor or offset term. 250 
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Because recordings were collected over consecutive nights within each site, 251 

we assessed first-order temporal dependence before fitting models to either dataset 252 

to address temporal pseudoreplication. For each detector, we computed the 253 

empirical transition matrix of nightly detection states, that is, the conditional 254 

probability of detecting the species on night t given its detection status on night t−1. 255 

For the Custom dataset, the transition matrix revealed a fourfold difference in 256 

detection probability depending on the previous night's state: P(detected | detected 257 

yesterday) = 0.58 vs. P(detected | absent yesterday) = 0.14 (Table S2). For the 258 

PreBuilt dataset, this contrast was stronger: P(detected | detected yesterday) = 0.84 259 

vs. P(detected | absent yesterday) = 0.29, suggesting greater temporal clustering of 260 

detections with the pre-built model. In both cases, this marked day-to-day 261 

persistence indicated substantial first-order temporal autocorrelation. 262 

We therefore included “lag_presence” as an additional fixed effect in both 263 

models, treating detection as a first-order transition process conditional on 264 

environmental covariates (Zeger & Qaqish 1988; Diggle et al. 2002; see also Zuur et 265 

al. 2009). Observations immediately following monitoring gaps (non-consecutive 266 

nights) were excluded prior to modelling, yielding a final analytical dataset of 1,742 267 

site-nights for each detector. 268 

Non-independence of repeated observations within sites was addressed with 269 

a site-level random effect. To guide the choice of random effects structure, we 270 

computed autocorrelation functions (ACF) of randomized quantile residuals from a 271 

random-intercept-only baseline model (Hartig 2024) for each detector independently. 272 

In the Custom dataset, persistent positive autocorrelation at MIM and transient 273 

patterns at BEP and BAI indicated heterogeneous temporal dependence across 274 

sites. In the PreBuilt dataset, the same sites showed residual autocorrelation, but 275 
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patterns were generally more pronounced given the higher overall detection rate. 276 

In both cases, we modelled the coefficient of lag_presence with a random slope 277 

in addition to a random intercept, allowing the strength of day-to-day temporal 278 

persistence to vary among sites. The full model structure was identical for both 279 

detectors: 280 

𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒!"~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝!") 281 

𝑙𝑜𝑔𝑖𝑡(𝑝!") = 	𝛽# +	𝛽$ × 𝑇𝑒𝑚𝑝!" +	𝛽% × 𝑅𝐻!" +	𝛽& ×𝑀𝑜𝑜𝑛!" + 𝛽'	 × 𝑙𝑎𝑔_𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒!"282 

+	𝑢#! + 𝑢$! × 𝑙𝑎𝑔_𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒!" 283 

(𝑢#! , 𝑢$!))~	𝑁(0, Σ	) 284 

where i indexes site and t indexes night. 285 

For each detector, we compared the random-slope model against a random-286 

intercept-only alternative using a likelihood ratio test (LRT) and information criteria 287 

(AIC and BIC). In both cases the random-slope model was preferred on the basis of 288 

ΔAIC and LRT significance (see Results). Although ΔBIC was marginally positive in 289 

both comparisons, this reflects the total number of observations (n = 1,742) rather 290 

than the number of sites (n = 7) at which the random slope is estimated. We 291 

therefore consider BIC overly conservative for this component and retained the 292 

random-slope model. 293 

Model fit was assessed using randomized quantile residuals (DHARMa; Hartig 294 

2024). We evaluated overall uniformity (Kolmogorov–Smirnov test), dispersion, and 295 

leverages. Temporal autocorrelation in residuals was examined with site-specific 296 

Durbin–Watson tests applied to each site's DHARMa residual series ordered by date.  297 

We quantified the relative contribution of each fixed-effect predictor to model-298 

explained variance using hierarchical partitioning of the marginal R² (Nakagawa & 299 

Schielzeth 2013; glmm.hp package, Lai et al. 2022). Because lag_presence 300 
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represents temporal system state rather than an environmental covariate, we report 301 

its contribution separately from the hierarchical partitioning of temperature, relative 302 

humidity, and moon illumination. Semi-partial R² analogues were also computed as 303 

the difference in marginal R² between the full model and models with each predictor 304 

removed. 305 

To aid biological interpretation, marginal predicted detection probabilities were 306 

estimated across the observed range of each predictor, with remaining predictors 307 

held at their mean and random effects marginalized (re.form = NA; ggeffects 308 

package, Lüdecke 2018). Confidence intervals were computed via the delta method. 309 

All analyses were performed in R version 4.5.2 (R Core Team 2025) using the 310 

packages lme4 v2.0.1 (Bates et al. 2015), DHARMa v. 0.4.7 (Hartig 2024), glmm.hp 311 

v1.0.0 (Lai et al. 2022), ggeffects v2.3.2 (Lüdecke 2018), and easystats v.0.7.5 312 

(Lüdecke et al. 2022). 313 

 314 

Occupancy modeling 315 

To account for imperfect detection, we fitted single-season occupancy models using 316 

a Bayesian framework implemented in the R package sp0ccupancy v0.9.0 (Doser 317 

et al. 2022). Specifically, we used a Pólya-Gamma data augmentation scheme for 318 

efficient posterior sampling from binary occupancy models (Polson et al. 2013). In 319 

this framework, each observational unit (site) was defined as a unique site-night 320 

combination, i.e. the same unit used in the regression-based approach. Within each 321 

site-night, the individual one-minute recordings constituted repeated surveys 322 

(detection replicates), yielding a binary detection matrix y of dimension J × K, where 323 

J is the number of site-nights and K is the maximum number of one-minute 324 
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recordings within a night. Site-nights with fewer recordings than the maximum were 325 

padded with NA values to produce a rectangular matrix. 326 

The occupancy sub-model included the same three environmental predictors 327 

used in the regression-based approach: air temperature, relative humidity, and lunar 328 

illumination. Lunar illumination was log-transformed prior to standardization (Fig. S3). 329 

All three covariates were z-standardized (zero mean, unit SD). These covariates 330 

were treated as site-level (night-level) variables, constant across the repeated 331 

surveys within a given site-night. 332 

The detection sub-model included two recording-level acoustic summaries as 333 

covariates: the Bioacoustic Index (BIO; Boelman et al. 2007) and the Acoustic 334 

Complexity Index (ACI; Pieretti et al. 2011), both z-standardized. These indices 335 

capture variation in the acoustic environment across individual one-minute 336 

recordings and were included to account for heterogeneity in detection probability 337 

associated with background soundscape conditions. The BIO measures the 338 

accumulated acoustic energy within a defined frequency band and is commonly used 339 

as a proxy for biological acoustic activity. We calculated BIO using the same 340 

frequency range targeted by the automated classifiers and encompassing the 341 

vocalization bandwidth of the focal species (0–4,000 Hz). The ACI quantifies 342 

temporal variation in sound intensity across frequency bins and is often interpreted 343 

as an indicator of acoustic activity and soundscape complexity. Unlike BIO, ACI was 344 

calculated across the full frequency range captured by the recordings. Acoustic 345 

indices were calculated in R using the soundecology package (Villanueva-Rivera 346 

& Pijanowski 2018). In addition, we included a random intercept for the physical 347 

recorder site (i.e. the seven monitoring locations) in the detection sub-model, to 348 
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absorb site-level variation in detection probability attributable to recorder placement, 349 

local acoustic conditions, and equipment characteristics. 350 

The model structure can be summarized as: 351 

𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦: 𝑙𝑜𝑔𝑖𝑡D𝜓*F = 	𝛽# +	𝛽$ × 𝑇𝑒𝑚𝑝* + 𝛽% × 𝑅𝐻* + 𝛽& × log(𝑀𝑜𝑜𝑛)* 352 

𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛: 𝑙𝑜𝑔𝑖𝑡D𝑝*+F = 	𝛼# +	𝛼$ × 𝐵𝐼𝑂*+ + 𝛼% × 𝐴𝐼𝐶*+ +	𝑛,!"-(*) 353 

where ψ_j denotes the occupancy probability of site-night j, p_jk denotes the 354 

detection probability for the k-th survey within site-night j, and η_site(j) is a normally 355 

distributed random intercept for the recorder site associated with site-night j. 356 

We note that in this framework, 'occupancy' (ψ) is interpreted as the 357 

probability that the species is vocally active during a given site-night, rather than the 358 

probability of spatial occupancy at a monitoring location. This interpretation follows 359 

the 'use' framework of Nichols et al. (2008), in which the parameter of interest is the 360 

probability that a site is used during a primary sampling occasion. The closure 361 

assumption — that the species' vocal availability does not change within a night — is 362 

reasonable for a nocturnally active resident species whose vocal bouts typically span 363 

the entire nocturnal period. 364 

We applied this model independently to four detection datasets defined by the 365 

factorial combination of two classifiers (Custom, PreBuilt) and two confidence 366 

thresholds (MaxF1, MaxPrecision), yielding four parallel occupancy analyses (Fig. 367 

S2). We specified weakly informative normal priors (mean = 0, variance = 2.72) for 368 

all occupancy (β) and detection (α) regression coefficients. For the variance of the 369 

detection random effect, we placed an inverse-gamma prior with shape = 0.1 and 370 

scale = 0.1, following the default parameterization in sp0ccupancy (Doser et al. 371 

2022). These priors place minimal constraint on posterior estimates, as confirmed by 372 

the ESS and convergence diagnostics.  373 
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For each of the four models, we ran four parallel MCMC chains of 20,000 374 

iterations each, discarding the first 4,000 as burn-in and thinning by a factor of 10, 375 

yielding 6,400 posterior samples per model (1,600 per chain). Convergence was 376 

assessed using the Gelman–Rubin diagnostic (R̂; Gelman & Rubin 1992) and 377 

effective sample size (ESS) for all occupancy and detection parameters. We 378 

considered R̂ < 1.05 and ESS > 400 as evidence of adequate convergence. 379 

Traceplots were visually inspected for all parameters. Model predictive performance 380 

was compared using the Widely Applicable Information Criterion (WAIC; Watanabe 381 

2010) for each of the four models. Marginal occupancy probabilities were derived as 382 

posterior predictive distributions across the observed range of each environmental 383 

covariate, holding remaining covariates at their mean (zero on the standardized 384 

scale). Analyses were performed in R package coda v0.19-4 (Plummer et al. 2006). 385 

Posterior predictive checks (PPC; Kéry and Royle 2016) were computed using 250 386 

posterior draws to reduce computational burden associated with the large detection 387 

matrix (J × K ≈ 98,000 cells per model). 388 

 389 

Comparison of approaches 390 

To assess how modeling framework and detector choice jointly influence ecological 391 

inference, we compared the regression-based (GLMM) and occupancy modeling 392 

approaches along three axes. First, we compared the direction, magnitude, and 393 

statistical support of the environmental effects (temperature, relative humidity, and 394 

lunar illumination) estimated under each approach. However, the two approaches 395 

estimate fundamentally different quantities: the GLMM estimates the log-odds of 396 

acoustic detection on a given night, conflating occupancy and detectability into a 397 



18 

single process, whereas the occupancy model estimates the log-odds of true 398 

occupancy (the probability that the species is vocally active), with detection 399 

probability modelled as a separate process (Tredennick et al. 2021). Consequently, 400 

we do not treat the coefficient comparison as a test of which model is 'correct', but 401 

rather as a diagnostic of how separating the observation process from the ecological 402 

process alters inference about environmental effects. Specifically, we compare the 403 

direction, relative importance, and uncertainty structure of estimated effects between 404 

frameworks, rather than treating the numerical estimates as directly interchangeable.  405 

Second, we examined whether the two classifiers (Custom and PreBuilt) led 406 

to qualitatively different ecological conclusions under each modeling framework. 407 

Specifically, we compared whether the sign, relative importance, and 408 

credible/confidence interval overlap of environmental effects were consistent 409 

between classifiers within the same model class, and whether any discrepancies 410 

were amplified or attenuated by the choice of modeling framework. 411 

Third, we compared model-level summaries of explanatory power. For the 412 

GLMM, we used marginal and conditional R² (Nakagawa & Schielzeth 2013) and 413 

hierarchical partitioning of the marginal R² (Lai et al. 2022). For the occupancy 414 

models, we used WAIC and k-fold cross-validation deviance as measures of 415 

predictive accuracy. Although these metrics are not directly comparable across 416 

model classes, they provide complementary perspectives on how well each 417 

approach captures the variation in the data. Together, this comparison framework 418 

allows us to disentangle the influence of three methodological decisions on 419 

inference: (1) the choice of automated detector, (2) the confidence threshold applied 420 

to detector output, and (3) the statistical modeling framework used to relate 421 

detections to environmental drivers. 422 
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 423 

RESULTS 424 

Overall, both classifiers showed good performance in distinguishing target 425 

vocalizations from non-target recordings (Fig. 3). However, the Custom classifier had 426 

consistently higher performance for across confidence thresholds, with a substantially 427 

greater area under the curve (AUC = 0.971) compared to the BirdNET pre-built model 428 

(AUC = 0.869), reflecting improved classification accuracy under local acoustic 429 

conditions. Across confidence thresholds, classifiers performance varied substantially 430 

between the BirdNET pre-built model and the custom-trained classifier (Fig. 3, Tab. 431 

S3). The custom classifier consistently achieved higher recall and F1-scores over most 432 

threshold values, while also maintaining high precision at intermediate and high 433 

confidence thresholds. In contrast, the global BirdNET model showed relatively high 434 

precision even at low thresholds, but recall declined rapidly as confidence thresholds 435 

increased, resulting in lower overall F1-scores. 436 
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 437 

Figure 3. Performance comparison between BirdNET and the custom classifier 438 

across detection thresholds. Panels show changes in precision, recall, F1 score, a 439 

ROC curve summarizes the overall discrimination performance of each classifier. 440 

Blue lines represent BirdNET predictions, whereas red lines represent the custom 441 

classifier. 442 

 443 

Nightly detection rates differed markedly between detectors. The Custom 444 

classifier produced a nightly presence rate of 25.3% (444 presence nights out of 445 

1,753), whereas the BirdNET pre-built model yielded 64.5% (1,130 out of 1,753; 446 

Table 1, Fig. S4). Detection rates varied among sites under both approaches but 447 

were consistently higher under the PreBuilt detector at every site (Table 1, Fig S4). 448 

Performance metrics also differed substantially between classifiers and thresholding 449 

strategies (Table S3). The custom-trained classifier achieved the highest F1-score 450 
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when using a confidence threshold of 0.40 (F1 = 0.84), compared to the pre-built 451 

BirdNET model at its corresponding Max F1 threshold of 0.10 (F1 = 0.78). Under the 452 

Max Precision strategy, both classifiers used a threshold of 0.95, with the custom 453 

classifier achieving slightly higher precision (0.98 vs. 0.92), although recall remained 454 

low in both cases. 455 

 456 

Table 1. Number of nights with detections per site and detector before threshold 457 

application. 458 

Site Number of  nigths BirdNET pre-built Custom classifier 

ARA 338 223 100 

BAI 227 139 56 

BEP 141 60 14 

MIM 352 173 118 

REF 226 202 68 

UEM 223 131 29 

XAR 246 202 59 

 459 

Naïve approach (GLMM-based regression)  460 

Residual diagnostics revealed site-specific temporal autocorrelation in baseline 461 

models, which were handled with a site-specific random slope structure (see 462 

Supplementary Material). 463 

Variance on the random intercept for ‘Site’ was higher for the PreBuilt 464 

classifier (SD = 0.83) compared to the Custom classifier (SD=0.34), indicating 465 

stronger baseline differences in detection probability among sites with the PreBuilt 466 

classifier. The random slope variance for lag_presence was 0.61 for PreBuilt and 0.2 467 

for the Custom classifier, underscoring that the PreBuilt dataset had highly variable 468 
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temporal persistence among sites. The correlation between the random intercept 469 

and slope was low for the PreBuilt (-0.05) and strongly negative (-0.91) for the 470 

Custom classifier, indicating that higher site-level baseline detection probability is 471 

associated with weaker temporal persistence effects only for the Custom classifier 472 

dataset. Overall, compared to the Custom classifier, the PreBuilt classifier showed 473 

greater spatial heterogeneity in baseline detection rates but lower variation among 474 

sites in the effect of temporal dependence. 475 

Fixed-effect estimates differed notably between detectors in both magnitude 476 

and direction for some predictors (Fig. 4, Table S4.). Humidity had the strongest 477 

environmental effect for both classifiers, with differences in magnitude order. Under 478 

the PreBuilt classifier, with detection probability declined markedly from 479 

approximately 98% at the lowest observed humidity values to approximately 42% at 480 

the highest (Fig. 4; OR = 0.55, 95% CI = 0.470.64), whereas the Custom classifier's  481 

detection probabilities declined sharply with increasing humidity, dropping from 482 

approximately 55% at the lowest observed values (~30% RH) to approximately 10% 483 

at the highest (~100% RH), with other predictors held at their means (Fig. 4; OR = 484 

0.6695% CI = 0.58–0.75). 485 
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 486 

Figure 4. Marginal predicted detection probabilities for the Custom classifier and the 487 

BirdNET pre-built model in relation to temperature, relative humidity, moon 488 

illumination, and detection status on the previous survey night (presence at t − 1). 489 

Solid lines represent model predictions and shaded ribbons indicate 95% confidence 490 

intervals. 491 

 492 

Temperature had a moderate negative effect on PreBuilt's detection 493 

probability, decreasing from approximately 83% on the coolest nights to 494 

approximately 62% on the warmest (OR = 0.87, 95% CI = 0.76–1.00; Fig. 4). 495 

However, the effect was non-significant and weaker on the Custom classifier's 496 

detection probabilities (OR = 0.95, 95% CI = 0.83–1.08; Table S4).  Moon 497 

illumination showed a weak positive association for the PreBuilt's dataset, with 498 

detection probability increasing from approximately 66% under the darkest 499 
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conditions to approximately 75% under the brightest (OR = 1.16, 95% CI = 1.02–500 

1.31; Fig. 4). In contrast, detection probabilities from the Custom classifier were 501 

weakly positively associated with moon illumination (OR = 1.16, 95% CI = 1.02–1.31, 502 

Table S4).  503 

The lagged detection covariate was the strongest overall predictor for both 504 

datasets: PreBuilt's detection probabilities were substantially higher following nights 505 

with previous detections (OR = 7.40, 95% CI = 5.25–10.43; Fig. 4), whereas Custom 506 

classifier's detection probabilities increased from approximately 15% following a 507 

night of absence to approximately 45% following a night of presence (OR = 5.58, 508 

95% CI = 3.24–9.62; Fig. 4). 509 

The direction of environmental effects generally agreed between detectors, 510 

but effect sizes were larger under the PreBuilt model, particularly for humidity and 511 

lagged presence, consistent with the generally higher detection rates produced by 512 

the PreBuilt classifier (Table S4). 513 

Hierarchical partitioning of the marginal R² revealed consistent qualitative 514 

patterns across detectors, but with notable quantitative differences (Fig. S5). In both 515 

models, lag_presence dominated the explained variance, accounting for 81.58% and 516 

79.70%of the marginal R² under the PreBuilt and Custom classifiers, respectively. 517 

Among the three environmental predictors, relative humidity contributed the largest 518 

share under both detectors (16.26% vs 19.09%), followed by temperature (0.98% vs 519 

0.87%) and moon illumination (1.18% vs 0.34%). The full models yielded marginal R² 520 

values of 0.30 and 0.21, and conditional R² values of 0.39 and 0.25, for the PreBuilt 521 

and Custom classifiers, respectively. The larger marginal R² under the PreBuilt 522 

classifier suggests that the higher overall detection rate provided greater statistical 523 

power to detect environmental effects. 524 
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Occupancy models 525 

All occupancy models achieved adequate convergence, with well-mixed MCMC 526 

chains and no evidence of instability (see Supplementary Material). However, model 527 

fit differed markedly among detector vs threshold combinations. Models based on 528 

MaxPrecision thresholds showed substantially better calibration and lower WAIC 529 

values than those based on MaxF1 thresholds, indicating greater compatibility 530 

between detection data and the occupancy-model assumptions. 531 

 The direction of environmental effects on occupancy was consistent across all 532 

four models, but their magnitude varied substantially with detector and threshold 533 

choice (Fig. 5; Table S7). 534 

Relative humidity had a negative effect on occupancy probability across all 535 

models. The effect was strongest under PreBuilt — MaxPrecision (posterior mean -536 

1.65) and weakest under Custom — MaxF1 (-0.51). Temperature showed a similarly 537 

consistent negative effect, ranging from -0.12 posterior mean under Custom — 538 

MaxF1 to -1.810 under PreBuilt — MaxPrecision. For both covariates, the 95% 539 

credible intervals excluded zero in all four models (Table S7), providing strong 540 

evidence of negative associations with vocal activity. 541 

Lunar illumination showed generally weak and inconsistent associations with 542 

occupancy across models (Fig. 5; Table S7). Posterior means ranged from −0.050 to 543 

0.309 on the log-odds scale. Credible intervals overlapped zero in two of the four 544 

model configurations (Custom — MaxF1 and PreBuilt — MaxPrecision), indicating 545 

limited support for a consistent moonlight effect across detectors and thresholding 546 

strategies. In contrast, both the Custom — MaxPrecision model (mean = 0.309, 95% 547 
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CI = 0.040–0.599) and the BirdNET — MaxF1 model (mean = 0.192, 95% CI = 548 

0.063–0.319) showed positive associations between lunar illumination and 549 

occupancy, with credible intervals excluding zero. 550 

 551 

Figure 5. Posterior means ± 95% credible intervals for occupancy coefficients. 552 

Dashed line at 0 (null effect). Coefficients are z-standardized; positive values 553 

indicate higher occupancy probability. 554 

A notable pattern emerged across threshold choices: MaxPrecision models 555 

consistently estimated larger absolute effect sizes than MaxF1 models for both 556 
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temperature and relative humidity, while also exhibiting wider posterior distributions 557 

(Fig. 5). This likely reflects the lower detection rates under MaxPrecision thresholds, 558 

which reduce sample size but also reduce false-positive contamination, allowing the 559 

occupancy model to estimate environmental effects with less bias but greater 560 

uncertainty. 561 

 562 

Detection coefficients 563 

The Bioacoustic Index (BIO) had a positive effect on detection probability in all four 564 

models (Fig. 6), indicating that recordings with higher bioacoustic activity were more 565 

likely to contain detectable vocalizations of N. albicollis. This effect was strongest 566 

under MaxPrecision for both models and weakest under PreBuilt — MaxF1. 567 

568 

Figure 6. Posterior means ± 95% CI for detection (α) parameters. Positive BIO/ACI 569 

coefficients indicate higher detection probability in acoustically complex recordings. 570 



28 

The Acoustic Complexity Index (ACI) showed variable effects across models 571 

(Fig. 6). Under Custom — MaxF1, ACI had a strong negative association with 572 

detection probability, whereas under MaxPrecision models, the effect was near zero 573 

or weakly positive. This inconsistency suggests that the relationship between ACI 574 

and species-specific detection depends on the confidence threshold applied to 575 

classifier output, likely because lower thresholds admit more false positives in 576 

acoustically complex environments. 577 

 578 

Marginal occupancy predictions 579 

Marginal predicted occupancy probabilities, obtained by varying each covariate 580 

across its observed range while holding others at their mean, differed dramatically 581 

across models (Fig. 7). Under PreBuilt — MaxF1, predicted occupancy at low 582 

temperatures (~13 °C) exceeded 90%, declining to approximately 75% at the 583 

warmest observed nights (~30 °C). Under Custom — MaxPrecision, by contrast, 584 

predicted occupancy ranged from approximately 20% at cool temperatures to near 585 

0% at warm temperatures. Similar divergence was observed across the relative 586 

humidity gradient: BirdNET — MaxF1 predicted near-complete occupancy at low 587 

humidity, whereas Custom — MaxPrecision predicted occupancy below 25% across 588 

most of the humidity range. These differences illustrate how the choice of automated 589 

detector directly propagates into the ecological quantities estimated by the 590 

occupancy model. 591 
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 592 

Figure 7. Marginal predicted occupancy probability of N. albicollis as a function of 593 

each environmental predictor. Lines = posterior mean; shaded bands = 95% credible 594 

interval. Covariates are on their original scales for interpretability. 595 

 596 

Comparison of approaches 597 

Coefficient estimates from the naïve GLMM and the occupancy model were 598 

qualitatively consistent in the direction of environmental effects across all four 599 

detector × threshold combinations, but differed in magnitude and uncertainty 600 

structure in ways that depended on both the classifier and the thresholding strategy 601 

(Fig. 8). Under the MaxF1 threshold, the two modeling frameworks produced broadly 602 
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similar estimates for both detectors. For the Custom classifier, GLMM and 603 

occupancy coefficients for temperature, relative humidity, and moon illumination 604 

were closely aligned, with confidence and credible intervals largely overlapping (Fig. 605 

8, upper-left panel). For the BirdNET pre-built model, the occupancy posterior means 606 

were shifted away from zero relative to the GLMM point estimates for temperature 607 

and relative humidity (Fig. 8, lower-left panel), indicating that the occupancy 608 

framework estimated somewhat stronger environmental effects once imperfect 609 

detection was explicitly modelled. 610 

 611 

Figure 8. Coefficient comparison between the naive GLMM and the occupancy model 612 

across all four detector × threshold combinations. Circles/solid = GLMM; 613 

diamonds/dashed = Occupancy. Dashed vertical line at 0 (null effect). 614 

Under the MaxPrecision threshold, the discrepancy between frameworks was 615 

substantially amplified (Fig. 8, right panels). In both detectors, the occupancy model 616 
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estimated environmental effect sizes that were considerably larger in absolute 617 

magnitude than the corresponding GLMM estimates. This pattern was most 618 

pronounced for PreBuilt — MaxPrecision, where the occupancy posterior means for 619 

temperature and relative humidity were approximately two to three times larger than 620 

the GLMM point estimates (Fig. 8, lower-right panel). The Custom — MaxPrecision 621 

combination showed a similar but more moderate pattern, with occupancy estimates 622 

for all three covariates shifted further from zero relative to the GLMM (Fig. 8, upper-623 

right panel). 624 

The full posterior distributions (Fig. 9) provided additional insight into how 625 

uncertainty structure differed between frameworks and analytical pathways. Under 626 

MaxF1, both the Custom and PreBuilt posteriors were relatively narrow, with GLMM 627 

point estimates falling within or near the central mass of the occupancy posteriors. 628 

Under MaxPrecision, the posteriors were markedly wider — particularly for PreBuilt 629 

— MaxPrecision, where the distributions for temperature and relative humidity 630 

spanned several log-odds units. In these cases, the GLMM point estimate (×) 631 

consistently fell near the upper tail of the occupancy posterior, indicating that the 632 

naïve approach produced attenuated effect sizes relative to the hierarchical model 633 

when applied to high-precision detection data. This attenuation is consistent with the 634 

expectation that naïve models underestimate environmental effects by conflating the 635 

ecological and observation processes: when false positives are largely eliminated by 636 

the MaxPrecision threshold, the remaining detections more closely approximate true 637 

occupancy events, and the occupancy model can recover larger environmental 638 

effects that the GLMM, which models raw detection probability, cannot distinguish 639 

from baseline noise. 640 
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641 
Figure 9. Full posterior distributions (occupancy model, filled halfeye) alongside 642 

GLMM point estimates ± 95% CI (× with dashed bars) across all four detector × 643 

threshold combinations. 644 

 645 

A notable interaction emerged between detector quality and threshold choice. 646 

For the Custom classifier, switching from MaxF1 to MaxPrecision moderately 647 

increased the gap between GLMM and occupancy estimates, reflecting the reduction 648 

in sample size and the corresponding widening of posteriors. For the PreBuilt 649 

classifier, the same switch produced a much larger divergence, suggesting that 650 

MaxPrecision thresholds applied to the pre-built model not only reduced false 651 
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positives but also substantially changed the composition of the retained detection 652 

data — likely by removing condition-dependent false positives that had 653 

systematically biased environmental relationships in the MaxF1 dataset. 654 

Together, these results demonstrate that the degree of discrepancy between 655 

naïve and hierarchical modeling approaches is not fixed, but depends on the 656 

upstream detection workflow. When detection data are of high quality — either 657 

through locally trained classifiers or stringent confidence thresholds — the GLMM 658 

provides a reasonable approximation of directional environmental effects, though 659 

with attenuated effect sizes and underestimated uncertainty. When detection data 660 

contain systematic noise, the occupancy model becomes essential for recovering 661 

unbiased environmental relationships, but the quality of its inference is bounded by 662 

the structure of the detection data it receives. 663 

 664 

DISCUSSION 665 

Our study demonstrates that methodological decisions made across the passive 666 

acoustic monitoring workflow — from detector choice and confidence threshold to 667 

statistical modeling framework — jointly shape ecological inference in ways that 668 

cannot be anticipated by evaluating any single step in isolation. Using acoustic data 669 

from Nyctidromus albicollis in the Pantanal, we showed that the direction of 670 

environmental effects on vocal activity was robust across all analytical pathways, but 671 

the magnitude of those effects, the predicted occupancy probabilities, and the 672 

calibration of fitted models varied dramatically depending on the combination of 673 

decisions applied to the same underlying recordings. 674 

 675 

Methodological sensitivity: the garden of forking paths 676 
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The largest source of variation in estimated effect sizes was not the choice of 677 

statistical framework (GLMM vs. occupancy model), but the combination of 678 

automated detector and confidence threshold. Predicted occupancy at low 679 

temperatures differed by more than 65% between the most and least conservative 680 

analytical pathways (PreBuilt BirdNET — MaxF1 vs Custom — MaxPrecision), a 681 

discrepancy that would lead to fundamentally different ecological interpretations of 682 

the same data. This finding echoes the broader concern that analytical flexibility in 683 

ecology and evolutionary biology can produce substantial variation in conclusions 684 

drawn from a single dataset (Gould et al. 2025), and extends this concern to the 685 

upstream data-processing stages that are rarely subjected to the same scrutiny as 686 

model specification. 687 

In passive acoustic monitoring, the sequential nature of analytical decisions 688 

compounds this issue (Gelman and Loken 2014, Steegen et al. 2016). The detector 689 

determines which recordings are labeled as detections; the confidence threshold 690 

determines how many of those labels are retained; and the modeling framework 691 

determines how those detections are related to environmental covariates. Our 692 

factorial design reveals that these decisions do not act independently: the difference 693 

between GLMM and occupancy estimates was small under the Custom classifier but 694 

substantially larger under BirdNET, indicating an interaction between detector quality 695 

and statistical framework. This interaction has practical implications: a well-calibrated 696 

detector can partially compensate for a simpler modeling approach, whereas a noisy 697 

detector amplifies the bias introduced by ignoring detection heterogeneity. 698 

 699 

Precision versus recall in hierarchical models 700 
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A striking result was the dramatic difference in model calibration between confidence 701 

threshold strategies. MaxPrecision models yielded WAIC values that were one to two 702 

orders of magnitude lower than MaxF1 models, and posterior predictive checks 703 

confirmed that only MaxPrecision datasets were adequately described by the 704 

assumed data-generating process. The inflated effective number of parameters (pD) 705 

in MaxF1 models — particularly Custom — MaxF1 (pD = 342.5) — indicates that the 706 

occupancy model was forced to absorb systematic noise from false-positive detections 707 

by overfitting its random effects structure. 708 

This result has important implications for the design of PAM workflows intended 709 

to feed into hierarchical models. The conventional wisdom in species detection is often 710 

to maximize recall (sensitivity) to avoid missing true presences, accepting some false 711 

positives as a tolerable cost (MacKenzie et al. 2018, Guilleta-Arroita 2017). However, 712 

our results show that when detection data are subsequently analyzed with occupancy 713 

models, false positives are not merely noise (Royle & Link 2006) — they represent a 714 

systematic violation of the model's closure assumption at the survey level (i.e. the 715 

assumption that a detection implies the species was truly present and available). 716 

Under these conditions, prioritizing precision, accepting fewer but more reliable 717 

detections, produces substantially better-calibrated models and less biased coefficient 718 

estimates, even at the cost of reduced statistical power from lower detection rates. 719 

This aligns with recent guidelines recommending careful threshold calibration for 720 

BirdNET and similar tools when scores are used in downstream statistical analyses 721 

(Wood & Kahl 2024). 722 

The wider posterior distributions observed under MaxPrecision models reflect 723 

this tradeoff: greater data quality comes at the cost of greater statistical uncertainty. 724 

We argue that this honest uncertainty is preferable to the spurious precision of MaxF1 725 
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models, whose narrow posteriors are conditional on a poorly specified data-generating 726 

process. In practice, the choice between precision and recall should be guided by the 727 

downstream analytical framework: studies using simple summaries of detection 728 

frequency may benefit from higher recall, whereas those applying hierarchical models 729 

should prioritize precision. However, such decisions are rarely informed by dataset-730 

specific evaluations of precision and recall, making the ecological consequences of 731 

threshold choice difficult to anticipate under local acoustic conditions. 732 

 733 

The value of locally trained classifiers 734 

The Custom classifier, trained on recordings from the study region, produced 735 

detection data that were more compatible with both modeling frameworks than the 736 

BirdNET pre-built model. Under the Custom classifier, GLMM and occupancy 737 

estimates were more closely aligned, suggesting that unmodeled detection 738 

heterogeneity was smaller — likely because the locally trained model produced 739 

fewer false positives and more consistent detection probabilities across sites and 740 

conditions. In contrast, the BirdNET model, trained on a global dataset, yielded 741 

higher baseline detection rates and stronger temporal clustering (transition 742 

probability of 0.84 versus 0.58 for consecutive detection nights), consistent with a 743 

higher rate of false-positive detections that inflated apparent occupancy. 744 

This finding is consistent with recent global evaluations showing substantial 745 

variation in BirdNET performance across continents, biomes, and species (Funosas 746 

et al. 2026), and with evidence that fine-tuning classifiers to local acoustic conditions 747 

improves detection accuracy (Schiavo et al. 2025, Pérez-Granados et al. 2026). 748 

From the perspective of ecological inference, the advantage of local training goes 749 

beyond improved classification metrics: it produces detection data that better satisfy 750 
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the assumptions of hierarchical models, reducing the bias in estimated 751 

environmental effects. However, training custom classifiers requires annotated 752 

acoustic data, taxonomic expertise, and computational resources that may not 753 

always be available. Our results suggest that when custom training is not feasible 754 

and that a classifier performance is reasonable, applying stringent confidence 755 

thresholds to pre-built models can partially compensate, as the BirdNET — 756 

MaxPrecision model achieved the best overall calibration (lowest WAIC) among all 757 

four models. This suggests that threshold optimization may be a more accessible 758 

intervention than full model retraining for monitoring programs focused on species 759 

well represented in prebuilt models. However, we caution against generalizing this 760 

result to other taxa, regions, or soundscapes without local validation. The 761 

transferability of globally trained classifiers to tropical ecosystems, particularly in the 762 

Global South, where acoustic communities are often more diverse and 763 

underrepresented in training datasets, remains uncertain. Under such conditions, 764 

relying exclusively on pre-built models without evaluating local precision–recall 765 

performance may propagate substantial ecological bias into downstream analyses.  766 

 767 

Environmental drivers of nightjar vocal activity 768 

Despite the substantial methodological variation documented above, the qualitative 769 

ecological conclusions were remarkably consistent across all analytical pathways. 770 

Occupancy probability of N. albicollis declined with increasing temperature and 771 

relative humidity, and showed a weak positive association with lunar illumination. 772 

The robustness of these directional effects provides confidence that the underlying 773 

ecological signal is genuine, even though its precise magnitude remains sensitive to 774 

analytical choices. 775 
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The negative effect of temperature on vocal activity is consistent with the 776 

thermal ecology of caprimulgids, which are adapted to exploit cool nocturnal 777 

conditions for aerial insectivory (McKechnie et al. 2023). This pattern is strongly 778 

corroborated by recent findings in subtropical Yungas forests, where the vocal 779 

activity of the rufous nightjar (Antrostomus rufus) was negatively predicted by 780 

temperature (Schaaf et al. 2023).  At higher temperatures, reduced thermal gradients 781 

between the bird and its environment may decrease the energetic advantage of 782 

nocturnal foraging, or prey availability may shift in ways that reduce vocal activity 783 

(McKechnie & Ashdown 2008, O’Connor et al. 2018). The strong negative effect of 784 

relative humidity likely reflects the suppressive influence of moist conditions,  and 785 

their association with precipitation events, on both insect flight activity and the 786 

acoustic transmission environment (Taylor 1963, Grüebler et al. 2008). High humidity 787 

dampens sound propagation and may also reduce the motivation to vocalize if 788 

foraging conditions are poor (Marten et al. 1977, Richards and Wiley 1980, 789 

Tsioutsiourigas et al. 2025). This pattern is consistent with the annual vocal cycle of 790 

N. albicollis in the Brazilian Pantanal, where vocal activity drops sharply during the 791 

rainy season (November–April), coinciding with peak humidity and flooding, and 792 

recovers only as conditions dry out toward the end of the dry season (Pérez-793 

Granados and Schuchmann 2020). 794 

The weak positive association with lunar illumination is consistent with the 795 

well-documented lunar affinity of N. albicollis and other nightjars, which use 796 

moonlight to enhance visual foraging (Mills 1986, Jetz et al. 2003, Pérez-Granados 797 

et al. 2022). The modest statistical support for this effect in our occupancy models 798 

may reflect the temporal resolution of our analysis: we modeled nightly presence 799 

(whether the species vocalized at any point during the night), whereas lunar effects 800 
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may operate more strongly on the timing and intensity of vocal activity within a night 801 

rather than on the binary probability of vocalizing at least once. Future analyses 802 

examining within-night temporal patterns at finer resolution may reveal stronger lunar 803 

effects. 804 

 805 

Acoustic environment and detection heterogeneity 806 

In addition to environmental effects on vocal activity itself, detection probability was 807 

also influenced by the acoustic structure of the recordings. The two soundscape 808 

metrics included in the detection sub-model, BIO and ACI, revealed that automated 809 

detection performance depends not only on species behavior, but also on broader 810 

acoustic conditions. 811 

 BIO showed a consistent positive association with detection probability across 812 

all detector × threshold combinations, suggesting that recordings with greater overall 813 

biological acoustic activity were more likely to contain detectable vocalizations of N. 814 

albicollis. At first glance, this pattern may appear counterintuitive, since high levels of 815 

background acoustic activity could be expected to reduce detectability through 816 

masking effects. However, our recordings spanned broad seasonal and diel periods, 817 

including many relatively quiet nights outside the peak activity periods of other 818 

nocturnal taxa, particularly anurans. Under these conditions, increases in BIO may 819 

have been driven partly by the vocal activity of N. albicollis itself, whose calls 820 

contribute directly to acoustic energy within the frequency band used to calculate the 821 

index. 822 

 In contrast, ACI showed inconsistent effects across detector × threshold 823 

combinations, suggesting that it captures a different dimension of the soundscape. 824 

Whereas BIO primarily reflects accumulated acoustic energy, ACI is more sensitive 825 
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to rapid temporal fluctuations and overlapping acoustic events, making it more 826 

strongly associated with soundscape complexity. The negative association observed 827 

under permissive thresholds is consistent with the hypothesis that acoustically 828 

complex environments increase masking and classifier confusion, particularly when 829 

lower confidence detections are retained. The disappearance of this pattern under 830 

MaxPrecision thresholds suggests that stricter filtering removed many ambiguous 831 

detections associated with complex recordings. 832 

 833 

Naïve vs. hierarchical approaches 834 

The comparison between the GLMM and occupancy framework revealed that the 835 

naïve approach consistently underestimated uncertainty and produced attenuated 836 

effect sizes relative to models that accounted for imperfect detection. This 837 

attenuation was more pronounced under the BirdNET detector, where the higher 838 

false-positive rate inflated baseline detection probabilities and compressed the 839 

apparent environmental gradients in the GLMM. Under the Custom classifier, the two 840 

approaches produced more similar estimates, suggesting that the degree of bias in 841 

naïve models depends on the quality of the input detection data. This result 842 

reinforces the growing consensus that occupancy models are essential for robust 843 

inference from acoustic monitoring data (Chambert et al. 2018, Rhinehart et al. 2026, 844 

Martins et al. 2025). However, our findings add an important nuance: the benefit of 845 

hierarchical modeling is not uniform, but depends on the upstream detection 846 

workflow (Kéry and Royle 2015, 2021). When detection data are of high quality (low 847 

false-positive rate, consistent detection probabilities), naïve models may provide 848 

adequate approximations. When detection data are noisier, hierarchical models 849 

become essential, but their performance also degrades if the noise exceeds what the 850 
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model can accommodate, as demonstrated by the poor calibration of MaxF1 851 

occupancy models. 852 

We emphasize that this comparison does not imply that one framework is 853 

inherently superior, but that the two approaches address complementary questions 854 

(Tredennick et al. 2021). The GLMM asks 'what predicts whether we detect the 855 

species on a given night?', whereas the occupancy model asks 'what predicts 856 

whether the species is vocally active, after accounting for imperfect detection?' 857 

(Goldstein et al. 2026). The degree to which answers to these two questions diverge 858 

is itself informative about the role of unmodelled detection heterogeneity in shaping 859 

ecological inference. 860 

 861 

Limitations and recommendations 862 

Several limitations should be considered when interpreting our results. First, the 863 

single-season occupancy framework assumes closure within each site-night (the 864 

species is either present or absent throughout the night), which is reasonable for 865 

nocturnal vocal activity of a resident species, but does not model temporal dynamics 866 

between nights (MacKenzie et al. 2018). The GLMM partially addresses this through 867 

the lagged detection covariate, but the two frameworks estimate fundamentally 868 

different quantities (detection probability versus true occupancy), limiting direct 869 

numerical comparison. Second, posterior predictive checks were based on 250 870 

posterior draws due to computational constraints; while sufficient for assessing 871 

model calibration, finer-grained diagnostics might benefit from larger posterior 872 

samples. Third, our study focused on a single, relatively common species; the 873 

sensitivity of ecological inference to methodological choices may differ for rare 874 
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species with lower detection rates, where the distinction between false negatives and 875 

true absences becomes even more consequential (Guillera–Arroita 2017). 876 

The single-season occupancy framework treats site-nights as independent, 877 

which does not account for the strong first-order temporal dependence documented 878 

in our GLMM analysis. A dynamic (multi-season) occupancy model (MacKenzie et al. 879 

2003) could explicitly estimate colonization and extinction probabilities between 880 

nights. However, implementing such models for >1,700 primary periods with the 881 

current data structure would be computationally prohibitive. We note that the GLMM 882 

analysis, which explicitly models temporal dependence via the lagged detection 883 

covariate, complements the occupancy analysis by providing an alternative 884 

perspective that accounts for this temporal structure. The consistency of directional 885 

effects between the two frameworks suggests that temporal autocorrelation does not 886 

qualitatively alter ecological conclusions, although it may influence the magnitude of 887 

estimated effects. 888 

We did not employ a formal false-positive occupancy model (Royle & Link 889 

2006, Chambert et al. 2018, Miller et al. 2011, 2012, Kéry and Royle 2020) because 890 

(i) our factorial design allows direct comparison of threshold strategies, revealing that 891 

MaxPrecision thresholds effectively eliminate false positives as confirmed by 892 

posterior predictive checks, and (ii) the sp0ccupancy framework does not currently 893 

implement false-positive extensions. Nevertheless, we note that integrating false-894 

positive models with automated acoustic classifiers represents a promising avenue 895 

for future research, but may also be very time consuming or even prohibitive, 896 

depending on the scope of the sampling. 897 

Based on our findings, we offer four recommendations for PAM studies aiming 898 

to produce robust ecological inference. First, we recommend reporting results across 899 
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multiple analytical pathways — at minimum, two confidence thresholds and both 900 

naïve and hierarchical modeling frameworks — to characterize the sensitivity of 901 

conclusions to methodological choices. Second, when hierarchical models are used, 902 

we recommend prioritizing precision over recall in the detection workflow, as high-903 

precision data produce substantially better-calibrated models. Third, when feasible, 904 

training classifiers on locally annotated data improves detection quality and reduces 905 

bias in downstream inference. Fourth, when local training is not feasible and 906 

performance of a pre-built model is relatively known for a focal species, applying 907 

stringent confidence thresholds to pre-built models can partially compensate for their 908 

higher false-positive rates. 909 

In conclusion, our study illustrates that passive acoustic monitoring is not a 910 

single method but a workflow of interdependent decisions, each of which shapes the 911 

ecological signal that emerges from the data. By explicitly evaluating these decisions 912 

within a single empirical framework, we provide evidence that methodological 913 

transparency and multi-pathway reporting are essential for the credibility and 914 

reproducibility of ecological inference from acoustic data. 915 
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MATERIAL AND METHODS 

Study area and Sampling design 

Table S1. Monitoring sites, abbreviated codes, habitat descriptions, and geographic coordinates. 

Site 
Code Site name Habitat/Ecoregion Lat Long Elevation 

(m) 

ARA Caiman Ranch - Site 1 Miranda Pantanal -19.961 -56.234 90 - 130 

BAI Caiman Ranch - Site 2 Miranda Pantanal -19.778 -56.229 95 - 105 

BEP Pantanal Study Base - 
UFMS Miranda Pantanal -19.574 -57.017 85 - 95 

MIM Estância Mimosa Cerrado -20.970 -56.514 250 - 320 

REF Refúgio da Ilha Cerrado- 
Pantanal Ecotone -20.226 -56.578 140 - 180 

UEM UEMS Aquidauana Aquidauana Pantanal -20.440 -55.666 180 - 240 

XAR Xaraés Farm Lodge Abobral Pantanal -19.495 -56.956 110 - 130 
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Figure S1. Temporal sampling coverage and nightly variation in environmental and acoustic variables 
across study sites. The upper panel shows sampling coverage for each recording night and site 
throughout the study period. Lower panels present nightly trends in temperature, relative humidity, 
moon illumination, Acoustic Complexity Index (ACI), and Bioacoustic Index (BIO) for each site. 
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Figure S2. Workflow illustrating the analytical framework used to compare automated species detection 
approaches. Autonomous audio recordings were processed using either the pre-trained BirdNET 
classifier or a custom-trained classifier. Detection outputs were then filtered using two threshold 
selection criteria: maximum F1 score and maximum precision. Resulting detections were subsequently 
used in naïve detection analyses and occupancy modeling to evaluate species occurrence patterns and 
model performance. 
 

Training of the custom classifier 

To construct a custom classifier trained using region-specific acoustic data, we 

compiled training data from the same acoustic dataset used in this study to ensure 

compatibility with local soundscape conditions. Following BirdNET requirements, we 

constructed a labeled dataset of 3 s audio clips, including 377 clips containing 

vocalizations of the target species and 342 clips representing non-target sounds. The 

training dataset was assembled through random inspection of recordings from all 

study sites and designed to balance target and non-target samples. Target-class clips 

captured a range of acoustic conditions, including variation in signal intensity (likely 

reflecting distance to the recording unit) and overlapping calls from the same species, 

other species, and background noise. Non-target samples included a diversity of 

sounds present in the soundscape, including vocalizations of other species 

(particularly anurans and insects) as well as geophonic noise, such as rain and wind. 

This approach aimed to improve classification performance under local acoustic 

conditions and reduce biases associated with applying globally trained models to novel 
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soundscapes. Importantly, the audio files used to construct the training dataset were 

not included in the set of recordings used for subsequent analyses. Training was 

conducted using 1-4 kHz band filtering and the autotune and mixup option, which 

iterates across different hyperparameters to select the best performing ones. Final 

settings used were: i) hidden units 2048, ii) dropout 0.33, iii) batch size 64, iv) learning 

rate 0.001, and v) upsampline ratio 0.25, focal loss alpha 0.1.  

 

Data Analysis 

 

 
Figure S3. Pairwise correlation structure and variable distributions among environmental and acoustic 
variables. Pearson correlation coefficients are shown in the upper panels, while the diagonal panels 
display the distribution density of each variable. 
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Table S2. Empirical first-order transition probabilities. 

Detector transition n prob 

Custom classifier 0 → 0 1117 0.859 

Custom classifier 0 → 1 183 0.141 

Custom classifier 1 → 0 184 0.416 

Custom classifier 1 → 1 258 0.584 

BirdNET pre-built 0 → 0 438 0.706 

BirdNET pre-built 0 → 1 182 0.294 

BirdNET pre-built 1 → 0 182 0.162 

BirdNET pre-built 1 → 1 940 0.838 

 

 
RESULTS 
 
Table S3. Performance metrics of the pre-trained BirdNET model and the custom-trained classifier at 
the confidence thresholds selected for ecological analyses. 

Classifier Threshold strategy Threshold Precision Recall F1 

BirdNET Max F1 0.10 0.80 0.76 0.78 

BirdNET Max Precision 0.95 0.92 0.14 0.24 

Custom Max F1 0.40 0.82 0.86 0.84 

Custom Max Precision 0.95 0.98 0.16 0.28 
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Figure S4. Nightly detection intensity of Nyctidromus albicollis across seven monitoring sites under four 
automated detection workflows combining two classifiers (BirdNET pre-built and Custom-trained) and 
two confidence-threshold strategies (MaxF1 and MaxPrecision). Each cell represents a site-night 
combination, with color intensity indicating the number of detections per night on a log-transformed 
scale. 
 

 

Naïve approach (GLMM-based regression)  

Analyses of temporal autocorrelation, random-effects structure, and model 

diagnostics  

 
Autocorrelation diagnostics of DHARMa residuals from the random-intercept-

only baseline model revealed heterogeneous temporal dependence among sites 

under both classifiers. In the Custom classifier, MIM showed persistent positive 

autocorrelation across all 14 lags examined, indicating sustained periods of 

consecutive detection or absence not explained by environmental predictors alone. 

BEP exhibited an oscillatory pattern with lag values crossing significance bands, and 

BAI showed borderline early-lag autocorrelation. The remaining four sites (ARA, REF, 

UEM, XAR) showed no residual autocorrelation. In the PreBuilt classifier, residual 
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autocorrelation was more widespread and of greater magnitude, reflecting the higher 

and more temporally clustered detection rates of the pre-built model. In both datasets, 

including lag_presence as a fixed effect with a random slope by site substantially 

improved model fit relative to the random-intercept-only model. For the Custom 

classifier: ΔAIC = −10.4, LRT χ²(2) = 14.45, p < 0.001. For the PreBuilt classifier: ΔAIC 

= 0.8, LRT χ²(2) = 3.18, p = 0.20. Although ΔBIC was marginally positive in the Custom 

classifier (+0.5), it increased substantially in the PreBuilt model (+11.7), we retained 

the random-slope structure for the reasons described in Methods. 

Residual diagnostics indicated adequate fit for both final models. Under the 

Custom classifier, randomized quantile residuals showed no significant overdispersion 

(dispersion test: P = 0.99) and no influential outliers (outlier test: P = 0.59). The global 

KS test reached nominal significance (P = 0.026), but visual inspection of the QQ plot 

revealed no meaningful departure from uniformity; we attribute this to the high 

sensitivity of the KS test at n = 1,742 rather than to model misspecification. Under the 

PreBuilt classifier,residual diagnostics indicated no evidence of departure from model 

assumptions, with non-significant KS (P = 0.386), dispersion (P = 0.224), and outlier 

tests (P = 0.057). 

Site-specific Durbin–Watson tests on the DHARMa residuals of both final 

models confirmed that temporal autocorrelation had been effectively resolved at all 

seven sites by the inclusion of the random slope. For the Custom classifier, all DW 

statistics were close to 2.0 (range: 1.85–2.15, all P > 0.15). For the PreBuilt classifier, 

DW statistics were likewise centered near 2.0 across most sites (range: 1.86–2.27), 

with non-significant tests in six of the seven sites (all P > 0.24). A marginally significant 

negative autocorrelation remained at site REF (DW = 2.268, P = 0.034), although its 

magnitude was small and no consistent residual temporal structure was evident across 

the remaining sites. 
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Table S4. Fixed-effect estimates (Odds Ratios) with 95% Wald CI for both final models. Predictors were 
z-standardized; OR represents the multiplicative change in detection odds per 1-SD increase. 
 

Detector Parameter OR SE CI_low CI_high z p 

Custom classifier 

 (Intercept) 0.161 0.025 0.119 0.218 -11.814 0.000 

 Temp_s 0.947 0.063 0.831 1.080 -0.811 0.417 

 RH_s 0.659 0.045 0.577 0.753 -6.136 0.000 

 moon_s 1.053 0.067 0.930 1.192 0.815 0.415 

 lag_presence 5.583 1.549 3.241 9.617 6.197 0.000 

BirdNET pre-built 

 (Intercept) 0.667 0.221 0.349 1.276 -1.224 0.221 

 Temp_s 0.872 0.061 0.761 0.999 -1.971 0.049 

 RH_s 0.550 0.043 0.471 0.642 -7.557 0.000 

 moon_s 1.159 0.073 1.024 1.311 2.333 0.020 

 lag_presence 7.399 1.297 5.248 10.434 11.415 0.000 

 
 

 
Figure S5. Hierarchical partitioning of marginal R² (all fixed effects). Uses the package’s native plot 

method to avoid version-specific parsing issues. 
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Occupancy models 

Analyses of of MCMC convergence, posterior predictive checks, and WAIC-based 

model comparison 

 

All four occupancy models achieved adequate convergence. Across all 

occupancy (β) and detection (α) parameters, Gelman–Rubin statistics were below 

1.05 and effective sample sizes exceeded 400. Traceplots showed well-mixed 

chains with no evidence of trend or drift (Fig. S6). 

Posterior predictive checks revealed marked differences in model calibration 

across detector × threshold combinations (Tab. S5, Fig. S6). All four models showed 

poor fit at the site level (Bayesian P-value = 0 for all models), indicating that none of 

the models adequately reproduced the distribution of the Freeman-Tukey statistic 

across site-nights. At the survey level, models fitted to MaxF1 datasets showed 

extreme lack of fit (Bayesian P-value = 0.000 for both detectors), consistent with 

systematic false-positive contamination violating the model's assumptions. Models 

fitted to MaxPrecision datasets performed substantially better at the survey level, with 

BirdNET — MaxPrecision showing acceptable calibration (Bayesian P-value = 0.208). 

The Custom — MaxPrecision model yielded a survey-level p-value of 1.000, indicating 

that replicated Freeman-Tukey statistics consistently exceeded observed values — a 

pattern that may reflect the very low detection rates under this detector–threshold 

combination, which limit the model's ability to generate sufficient variation in replicated 

datasets. Together with the WAIC comparisons (Table S6), these results confirm that 

MaxPrecision thresholds produce substantially better-calibrated models than MaxF1 

thresholds, although no single model achieved ideal calibration across both grouping 

levels. The site-level P = 0 for all models may reflect non-modelled heterogeneity 

between site-nights, which is expected given that the single-season model does not 

include any temporal structure.  

WAIC comparisons reinforced this pattern (Table S6). The BirdNET — 

MaxPrecision model had the lowest WAIC, followed by Custom — MaxPrecision . Both 

MaxF1 models performed substantially worse: BirdNET — MaxF1 and Custom — 

MaxF1). The large pD values for the MaxF1 models, particularly Custom — MaxF1, 

indicate that the model requires an excessive number of effective parameters to 

accommodate the noise in the detection data, further evidence of poor model–data 

compatibility. 
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Figure S6. Traceplots for occupancy (β) parameters. Each colour = one MCMC chain. Chains should 

overlap without trend or drift. 
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Table S5. Bayesian P-values from Freeman-Tukey PPC. Values between 0.1 and 0.9 indicate adequate 

fit. Models with MaxF1 are worse than the ones with MaxPrecision. 

Detector 
Sites Bayesian             

p-values 
Survey Bayesian             

p-values 
Custom – MaxF1 0 0 

Custom – MaxPrecision 0 1 
BirdNET – MaxF1 0 0 

BirdNET – MaxPrecision 0 0.208 

 

 

Figure S7. Posterior predictive checks (Freeman-Tukey statistic, grouped by site). Blue = replicated fit 
< observed fit; red = replicated > observed. Bayesian p-value near 0.5 indicates good calibration. C = 
Custom detector. B = BirdNet pre-built detector. The 1:1 line does not appear in all plots because the 
axes are at different scales. This means a lack of fit: the model cannot reproduce the observed patterns. 
When points are equally spread throughout the 1:1 line, it means the model is well calibrated. Models 
with MaxPrecision threshold seem to have a better fit than the ones with MaxF1. 
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Table S6. WAIC for all four occupancy models. Lower WAIC indicates better out-of-sample predictive 

accuracy. pD = effective number of parameters. 

 

Detector WAIC pD delta_WAIC 
BirdNET — MaxPrecision 2984.7 16.0 0.0 

Custom — MaxPrecision 6792.4 84.8 3807.7 

BirdNET — MaxF1 71892.1 56.5 68907.4 

Custom — MaxF1 92895.7 342.5 89911.0 

 

 
Table S7. Posterior means (SD) and 95% credible intervals for occupancy (β) parameters across all 
four models. Credible intervals excluding zero indicate strong evidence of an effect. 
 

Detector Parameter Mean SD Lower Upper 
Custom — MaxF1 

 Temperature -0.117 0.056 -0.226 -0.009 
 Relative Humidity -0.512 0.055 -0.622 -0.406 
 Moon Illumination (log) 0.026 0.058 -0.088 0.141 

Custom — MaxPrecision 
 Temperature -0.449 0.114 -0.670 -0.223 
 Relative Humidity -0.611 0.096 -0.803 -0.425 
 Moon Illumination (log) 0.309 0.142 0.040 0.599 

BirdNET — MaxF1 
 Temperature -0.561 0.132 -0.828 -0.311 
 Relative Humidity -0.985 0.122 -1.237 -0.757 
 Moon Illumination (log) 0.192 0.065 0.063 0.319 

BirdNET — MaxPrecision 
 Temperature -1.810 0.309 -2.464 -1.259 
 Relative Humidity -1.653 0.268 -2.221 -1.169 
 Moon Illumination (log) -0.050 0.163 -0.377 0.261 
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