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Abstract

Passive acoustic monitoring (PAM) is increasingly being used over conventional biodiversity surveys
because it is more cost-effective and implementable at a landscape level. However, the cheaper sensors that
removed the barriers to PAM have now shifted the challenge from data collection to interpretation. Acoustic
indices address this by condensing each recording into single summary statistics, but their relationship to
biodiversity varies widely across studies. The alternative, acoustic classifiers, name what is calling.
However, they are mainly trained on bird call, so exclude the insects and frogs that dominate tropical
nocturnal soundscapes and serve as powerful bioindicators. At most tropical restoration sites, the non-avian
vocalising community has not been catalogued, and therefore its contribution to changing soundscapes
cannot be quantified meaningfully. Here, we built a pipeline using Perch v2 audio embeddings to identify
novel sounds and to measure the dissimilarity of the non-avian community between reforested pasture and
forest. We tested it on >3,880 hours of audio recorded at reforestation sites in the Amazon over three
consecutive years. Using an agile modelling approach, we built acoustic classifiers for fifteen frog and insect
sounds (sonotypes) and derived a dissimilarity in sonotype composition between pasture and forest. We also
used the embeddings as an acoustic index to quantify dissimilarity between the whole night-time
soundscapes of pasture and forest. Both dissimilarities showed reforested pasture soundscapes diverging
from their baseline and becoming more similar to forest after two years. Two forest-associated sonotypes
became more prevalent over time, while one pasture-associated sonotype declined, highlighting the
sonotypes driving species turnover. Only five sonotypes could be matched to a candidate frog species from
public databases, likely due to limited archive coverage. Our pipeline requires no reference library or fine-
tuning, and therefore any restoration projects with recorded audio can measure change in their uncatalogued

vocalising communities.
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Introduction

Complex systems such as tropical rainforests are difficult to monitor given the vast number of species and
their cryptic diversity (Guayasamin et a/., 2024). Conventional field surveys used to assess them are too
costly and time-consuming to meet the pace at which monitoring data is required (King & Halpern, 2025).
To address this problem, passive acoustic monitoring (PAM) is increasingly being used as it is sufficiently
cheap and widely available (Hill et al., 2018; Gibb et al., 2019). The limiting step is no longer data collection
but extracting meaningful ecological signal from terabytes of audio (Napier ef al., 2024). This extraction has
mostly relied on acoustic indices (Somervuo et al., 2025) which correlate only moderately with biological
diversity and perform inconsistently across studies (Alcocer ef al., 2022; Hutschenreiter et al., 2026), with
their predictive power weakening toward the equator (Pan et al., 2024). Large pre-built acoustic classifiers
exist, though almost exclusively for birds, the only group with annotated libraries large enough for
pretraining (Williams et al., 2025a). Consequently, such classifiers miss the insects that dominate tropical
soundscapes (Riede & Balakrishnan, 2025) and the frogs which can serve as useful bioindicators
(Wickramasingha et al., 2026). New bioacoustics approaches are urgently needed to monitor these

overlooked communities.

Multi-taxa bioacoustics models present alternatives. Whereas traditional acoustic indices reduce a recording
to a single number capturing one aspect of the sound, these models describe it with hundreds of numbers.
Each number may represent different features the model learned from raw audio (McCarthy et al., 2025).
These numbers form a vector called an embedding, which places every recording in a shared space where
similar sounds lie closer together (Stowell, 2022). Position in that space differentiates soundscapes by
community and habitat (Sethi et al., 2020) and enables unlabelled recordings to be matched against labelled
ones (Peralta ef al., 2025). Google’s Perch v2 (referred to hereafter as “Perch”) is the leading bioacoustics
model under linear probing, wherein a simple classifier is trained on embeddings (van Merriénboer et al.,
2025; Pickering et al., 2025; Schwinger et al., 2026). Because the model learns the general acoustic
structure, embeddings can transfer to taxa and tasks far outside its training data (Ghani et al., 2023; Burns et

al., 2025).
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Embedding features can function as an acoustic index encapsulating animal calls and environmental noise.
On three biogeographically independent reef datasets, pretrained features outperform standard indices in
classifying fish community, coral cover, and depth zone, and nearly match custom models at a fraction of the
computation (Williams et al., 2025b). However, learned features could not predict absolute species richness
across datasets, but tracked community turnover within each set (Sethi ef a/., 2023). An embedding index
therefore registers that a soundscape has changed without describing the change itself. Where vocalising
animals are unknown, interpreting the soundscape requires a way to build classifiers for species without

reference libraries.

Agile modelling is a recent approach for rapid classifier building that works directly with precomputed Perch
embeddings and requires only one example of the target sound to start (Dumoulin et al., 2025). Since every
window (five seconds long) in the archive is already embedded, that example serves as a query to retrieve, in
seconds, the most acoustically similar windows from millions of candidates and can surface sound classes
not known to be present beforehand (Allen-Ankins ez al., 2025). Iterative human confirmation of these
retrievals, with active learning choosing the most important clips to review next (Kath et al., 2024; Rauch et
al., 2024), allows training a classifier from very few labels. Where no reference recording exists for that first
example, the target becomes a sonotype, an acoustic morphotype distinguished by ear and on a spectrogram.
Sonotypes track real ecological patterns, for example, insect sonotype richness following diel cycles in
Brazilian tropical savanna (Ferreira ef al., 2018) and seasonal cycles in Amazonian forest (Howells ef al.,
2025). They also work at the community level, where fish sonotype detections alone differentiated healthy,
restored, and degraded reefs (Dumoulin ef al., 2025). Thus, agile modelling offers a way forward for
detecting and analysing novel calls which are often prevalent in the complex soundscapes of tropical

rainforests.

Amazonian deforestation is concentrated in eastern Para, Brazil, driven largely by pasture expansion
(Cromberg ef al., 2026). Restoration in Paré has included planting native seedlings, with success typically
judged from tree composition and community structure (da Cruz et al., 2020). Whether fauna actually return
is harder to establish because recovery rates differ between taxa and unfold over decades (Lennox ef al.,
2018). Insects dominate Para’s night-time audio (Howells et al., 2025), and as small ectotherms whose

calling tracks microhabitat conditions, they register habitat change more precisely than vertebrates (Riede &
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Balakrishnan, 2025). Frog assemblages in Amazonia are likewise structured by deforestation (Torralvo et al.,
2022). Acoustic reference libraries for both these groups remain patchy, as under 10% of cricket and
grasshopper species have documented calls (Riede, 2018), and roughly a third of Brazilian anurans lack
described calls, with nearly half lacking archived recordings (Guerra ef al., 2018). As a result, tropical insect
and frog acoustics have largely been avoided. When the soundscapes of tropical restored habitat have been
analysed, it has generally been through snapshots across time of avian recovery (Ramesh ef al., 2023;
Kiimmet et al., 2025). Thus, a method of measuring acoustic change that can capture both insects and frogs

may provide new insights into the effects of restoration on tropical soundscapes.

This study creates a pipeline for acoustic restoration studies that lack local reference libraries, enabling
analysis of novel vocalisations and understanding changes in the soundscape beyond birds. Recordings span
three years at a reforestation project in Brazil with the same pasture and forest sites sampled each year. Our
first aim (a) is to identify non-avian sonotypes and use agile modelling to build classifiers that track their
response to reforestation. Our second aim (b) is to investigate if the reforested pastures’ soundscape and
sonotype composition are becoming more similar to forest. We predict that reforestation shifts pastures’
sonotype composition toward a more forest-like assemblage, with their whole soundscapes following this

trajectory.

Methods

2.1 Study site and data collection

The study site lies in the Amazonian ‘Arc of Deforestation’ in north-eastern Para, Brazil (Cromberg ef al.,
2026). Its climate is tropical monsoon (K&ppen Am), with a mean annual temperature of 27 °C and, near the
site (Mae do Rio), a mean annual precipitation of ~2,248 mm (Climate-Data.org, n.d.). The site, a former
cattle ranch, has been under active native-species restoration by the carbon-credit company Mombak since

2023. It covers ~2,933 ha, of which about 6.1% is forest and 88.5% pasture (Figure 1).
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Para State

Brazil

Figure 1. The 29 passive acoustic recorder sites in the study landscape, north-eastern Para, Brazil
(2°05'S, 47°28'W). Three forest reference sites and 26 pasture sites were sampled in 2023, 2024 and 2025.
All pasture sites entered restoration in 2023. The property boundary (dashed yellow line) was approximated
from the cadastral polygon in the project’s registry entry (Isometric, 2026). Base imagery is from the ArcGIS

Living Atlas Wayback service (Esri, 2026).

Acoustic data were recorded at 29 sites over three consecutive years (2023, 2024, and 2025), with 3 sites in
forest patches and 26 in pasture, and a minimum distance of 500 m between sites. Each device recorded for 1
minute, every 5 minutes, 24 hours a day, over 7 days at every site, creating 48 kHz .wav files. All 29 sites
recorded in 2023 used AudioMoth 1.0.0 devices (Hill ez al., 2018; Open Acoustic Devices, n.d.) running
firmware 1.7.1. Additionally, Song Meter Mini 2 Bat devices (Wildlife Acoustics, n.d.) ran alongside
AudioMoths at 15 of the 29 sites in 2024 and at all 29 sites in 2025. After accounting for device failures and
corrupted data, recordings were retained from 27 sites in 2023, 29 sites in 2024 and 29 sites in 2025, yielding

2,793,688 five-second acoustic windows (3,880.1 hours of audio) for embedding and analysis.

2.2 Software

We ran all analyses in R 4.5.3 (R Core Team, 2026), which called the Kaggle version of Perch v2 (van
Merriénboer ef al., 2025) and ran the linear classifier in Python through “reticulate” (Ushey et al., 2024).
Sonotype annotation used Raven Pro 1.6 (K. Lisa Yang Center for Conservation Bioacoustics, 2019).

Review workbooks were assembled from “tuneR” clips (Ligges ef al., 2023) and “seewave” spectrograms
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(Sueur et al., 2008). Classifier metrics were computed with “pROC” (Robin et al., 2011) and “PRROC”
(Grau, Grosse & Keilwagen, 2015). Indicator analysis was run in “indicspecies” (De Céceres & Legendre,
2009) with restricted permutations from “permute” (Simpson, 2022), and all mixed models were fitted with

“glmmTMB” (Brooks et al., 2017) following Harrison et al. (2018).

2.3 Processing pipeline

Three workstreams run from raw audio to ecological analysis (Figure 2). Every five-second window
becomes a Perch embedding, and every later step uses these as a foundation (§2.4). The first workstream
surfaced the candidate sonotypes. Sonotypes were annotated by hand from spectrograms and were then
compared against three public reference databases for preliminary species identifications (§2.5). The second
workstream used one exemplar clip as a search query via cosine similarity to retrieve candidate clips for
manual verification. Then those labels were grown over three cycles of reviewed detections and used to train
one linear classifier per sonotype. The classifiers were evaluated on a validation split and dataset-corrected
retrieval metrics. Each classifier was run over every site and year, and its top ten detections were manually
reviewed to score presence or absence (§2.6). The third workstream summarised each site-year as one mean
night-time embedding, measured by its chord distance to a fixed forest reference. The presence-absence
matrix and those distances gave compositional and whole-soundscape measures that were both tested against

time since restoration (§2.7).
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Figure 2. Processing pipeline from passive acoustic recordings to ecological analysis, built on Perch
embeddings and run as three parallel workstreams. The workstreams are sonotype identification,
sonotype composition and nocturnal soundscape analysis. In sonotype identification (orange, headed
‘Reference library creation’ in the figure), sonotypes were manually found and annotated from spectrograms
of mainly nocturnal audio and later matched against public recordings of Neotropical frogs and insects to
generate candidate identifications. Sonotype composition (blue) used one exemplar clip per sonotype as a
search query, retrieving the most acoustically similar windows for manual validation. Those confirmed
windows trained a per-sonotype linear classifier, which then proposed its own next detections for review
across three cycles of subsequent review. Nocturnal soundscape analysis (green) averaged night-time
embeddings into one vector per site and year and measured its chord distance from a fixed forest reference,
functioning as an acoustic index. Ecological analysis interpreted the findings. Solid arrows carry

embeddings, dashed arrows indicate raw audio returned for human validation.

2.4 Audio feature extraction with Perch

Before feature extraction, every 60-second audio clip was resampled from 48 kHz to 32 kHz, converted to
mono float32, and, where necessary, trimmed or zero-padded into 12 non-overlapping 5-sec clips, to match
Perch input length. Embeddings of all clips were then computed on Imperial College’s High-Performance

Computing (HPC) infrastructure using Perch as a frozen feature extractor applied without fine-tuning. We
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mean-pooled the Perch output to create a single embedding of 1,536 dimensions (D), following van

Merriénboer ef al. (2025). Embedding creation is illustrated in Appendix A, Figure A.1.

2.5 Identifying sonotypes

In this study, a sonotype is considered a distinct acoustic signal that a non-expert can reliably recognise by
ear and sight, without reference to the species producing it. Distinct candidate sonotypes were manually
annotated in Raven Pro, without restriction on time of day, using bounding boxes around signals within five-
second extracts from the 2023 baseline recordings, with an emphasis on night-time recordings to minimise
selection of avian sonotypes. Noise and rain clips were manually identified from spectrograms of randomly
selected five-second clips from all sites/years/devices for use as model negatives. For each sonotype, the
exemplar clip was the five-second window that most closely overlapped its target annotation box, contained

the fewest competing calls, and made the target call as dominant as possible within the window.

The retrieval and active-learning workflow followed agile modelling, with full protocols as per Dumoulin et
al. (2025). Candidate detections were found by example, using each sonotype’s exemplar clip as a search
query. Cosine similarity between the query and every other window was computed in the 1,536-D
embedding space as the dot product between L2-normalised vectors. A high cosine similarity meant only that
Perch represented the two windows similarly, not that they contained the same sound (Steck et al., 2024).
The top 500 windows per year across all sites were retained, giving up to 1,500 candidates per sonotype for
manual review. Each retrieved window was manually verified before use. The proportion of retrieved
windows confirmed as true positives was recorded per sonotype as a measure of retrieval precision.
Retention was stratified by year because a query tended to retrieve windows most similar to its own year and
site, so a global top 1,500 would be dominated by the query’s year. This process gave each classifier
positives from all three years, limiting domain shift, since a classifier trained mainly on one year may
transfer poorly to the others. This year stratification of the search vector was the main deviation from

published agile modelling methodology.

Review and manual validation produced 15 candidate sonotypes, which were each evaluated against three
reference databases containing high-quality labelled audio recordings, namely iNaturalist (iNaturalist, 2026),

Xeno-canto (Xeno-canto Foundation, 2026), and the Global Biodiversity Information Facility (GBIF, 2026).
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The databases were filtered for frog (Anura) and insect (Insecta) species holding sound recordings in each of
20 South and Central American countries. Fifty recordings per species were drawn from a randomly ordered
species list, capped at 20,000 recordings per database per country. Every recording (mostly mp3 & m4a) was
decoded to 32 kHz mono, divided into five-second windows and embedded with Perch. Each sonotype clip
was scored against the target sonotype reference library by cosine similarity, retaining the 50 most similar
recordings per sonotype after pooling across countries. This produced 848 unique species, 724 Anura and
124 Insecta, against which the 15 target sonotypes were compared. The sonotypes were manually reviewed

and circulated to taxonomists for review.

2.6 Classifier development, evaluation and presence-absence scoring

Fifteen per-sonotype linear classifiers were trained (Alain & Bengio, 2016), each a single dense unit with
sigmoid activation and no hidden layers, fitting one weight per embedding dimension plus an intercept,
which is 1,537 parameters per classifier. Each classifier was fitted with the Adam optimiser (learning rate
0.001) (Kingma & Ba, 2015) under binary cross-entropy loss for up to 200 epochs at batch size 32, using an
80:20 stratified train/validation split seeded with 42. To offset class imbalance, inverse-frequency class
weights were applied (Johnson & Khoshgoftaar, 2019), early stopping was triggered on validation AUC —
Area Under the Curve (patience 15, restoring best weights) (Prechelt, 1998), and the learning rate was halved

after seven epochs without improvement on that metric (ReduceLROnPlateau, factor 0.5, patience 7).

Each classifier was trained against a shared pool of 3,000 manually curated negatives drawn from forest-
noise and rain clips, giving positive-to-negative ratios of 1:2 to 1:39. Three active-learning cycles then grew
each labelled set to roughly 600 labels, reviewing 200 detections per sonotype per cycle before cumulative
retraining. The composition of the pool, the sampling rule applied at each cycle and the checks against label

leakage are set out in Appendix B, Table B.3.

For evaluation, ROC-AUC, PR-AUC, and F1-max (with its threshold) were computed from the 80:20 split
for each classifier. For dataset-corrected figures, plain and stratified (P(b)-weighted) retrieval-AUC were
computed, with a species call-density P(+) = X, P(+|b)P(b), estimated under Beta priors with a 95%
confidence interval from 10,000 bootstrap resamples of the per-bin Beta distributions (following Navine et

al., 2024). A final review pass supplied the sample: 200 detections per sonotype from all scored windows,

10
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the top 50 after non-maximum suppression plus 150 spread across eight log-score bins. The plain retrieval-
AUC used all 200 detections; the stratified variant and the call density used only the 150 binned detections,
each bin weighted by its share of all scored windows. For rare sonotypes such as sonotype M, no positives
fell within the score-stratified sample, so the stratified (P(b)-weighted) retrieval-AUC could not be estimated,
and the plain retrieval-AUC is reported instead. Permuted-label and random-embedding classifiers were

fitted as negative controls, establishing the score a classifier achieves with no genuine acoustic signal.

Each sonotype’s final trained classifier was run against all site-year-device cells except those contributing to
its training positives; those cells were scored “present” by default. For every other cell, the top ten detections
were retained after five-second non-maximum suppression. Scoring covered the full 24-hour recording cycle,
unlike the night-restricted soundscape analysis in §2.7. Every detection was then manually reviewed, and a
sonotype was scored as “present” if at least one was confirmed, and as “absent” if all ten were rejected.
Where both devices ran at a site, their records collapsed into one site under a present-wins rule. Therefore, a

presence-absence matrix across all sonotypes for each site-year was produced.

2.7 Quantifying sonotype composition and soundscape change

This presence-absence matrix was used to test how individual sonotypes differed between habitats and
changed over time. Habitat-associated sonotypes were identified by indicator value analysis (IndVal) with
restricted permutations, combining a two-group forest-versus-pasture test with the group-size-corrected ¢
point-biserial coefficient (signed positive toward forest, negative toward pasture), which weights the two
habitats equally and so removes the bias arising from the unbalanced number of forest and pasture sites. All
tests were false-discovery-rate corrected (De Caceres & Legendre, 2009; De Céaceres et al., 2010). Per-
sonotype temporal trends were estimated with binomial Generalized Linear Mixed Models (GLMM) of
presence against centred year with a site-level random intercept, fitted separately for each sonotype on the

pasture strata and false-discovery-rate corrected.

The soundscape-level analysis used site-by-year acoustic summaries computed solely from AudioMoth
recordings. AudioMoth was the only device deployed in all three years, keeping differences in recorder
frequency response and self-noise out of the embedding centroids. Analysis was restricted to the night since

acoustic activity in Para forest is highest between 20:00 and 05:00 (Howells et al., 2025). However, the

11



233 analysed period was extended by an hour earlier to capture activity onset. From each 1-minute file between
234  19:00 and 05:00 across all recording days at every site, one five-second window was randomly drawn and
235  L2-normalised. To equalise sampling effort across strata, windows were rarefied to N = 417 per site-year
236  through a night-stratified draw, with a floor of 208 windows. This rarefied N was the minimum number of
237  windows across all sites consistent with the random draws. Each site-year centroid was the mean of its

238  retained unit vectors, re-normalised to unit length. A fixed forest reference was the mean of the forest-site
239  centroids pooled across all three forest sites across all three years (2023-2025), likewise re-normalised,

240  against which every site-year was compared. Each centroid was treated as a learned summary of a site-year’s

241  soundscape.

242 Two distance measures to the fixed forest reference were derived from the summaries. The first was an

243  embedding chord distance, the Euclidean distance between a site-year centroid and the fixed forest reference,
244 both unit-length, separated by an angle 6, so that d = \(2(1 — cos 6)), equivalently 2 sin(6/2). The second was
245  a Serensen dissimilarity (Legendre & De Caceres, 2013), computed from each sonotype’s binary presence-

246 absence data.

247  Two mixed models were fitted, each with 2023 as the reference year and a site-level random intercept. The
248  embedding chord distance to the fixed forest reference was modelled against year with a Gamma GLMM
249  (log link), and the sonotype Serensen distance to the same reference with a beta GLMM (logit link) after a
250  Smithson-Verkuilen transformation to bound the response within the open unit interval (Smithson &

251  Verkuilen, 2006). Concordance was assessed with Spearman’s rank correlation between the embedding and
252  sonotype distances-to-forest across the pasture strata, tested against a site-blocked permutation null (999

253  permutations).

254 Results

255 3.1 Candidate species identification

256  Of'the 15 sonotypes (Appendix B, Table B.1 — labelled “A” to “O”’) compared against recordings of 724
257  anurans and 124 insect species from online reference databases, five returned species-level preliminary

258  identifications, all frogs (Figure 3). The highest cosine match was not usually the candidate retained.

12
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Leptodactylus fuscus matched its sonotype across 34 of the 50 most similar recordings, whereas Adenomera
andreae, Adenomera hylaedactyla, Dendropsophus microcephalus and Dendropsophus nanus each
accounted for only one to six of the 50 matches (Appendix B, Table B.2). The spectrograms of the ten
sonotypes without a preliminary database match were identified as vocalising insects. No taxonomic
information could be obtained for these ten sonotypes, since the regional acoustic repository for insect
species identification by a non-expert did not exist. In addition, no species-level identification could be

confirmed by taxonomists with the recordings alone.

Sonotypes

Database matches

ray
T

= 2} - T — T T T T T
Dendropsophus microcephalus Dendropsophus nanus

P

T

Figure 3. Sonotypes matched to candidate species by cosine similarity, for the five of 15 that returned a
frog species-level candidate. The main panel is a ten-second field recording from the study site shown as a
spectrogram from 0 to 8 kHz, with the five sonotype calls spliced in, and highlighted with a box with the
sonotype name “A” to “E” next to it. Each spectrogram (five-second, 0 to 8 kHz) below the main panel pairs
the matched referenced spectrogram with the sonotype’s spectrogram, highlighting and enlarging the call,
alongside an illustration of the candidate species. Candidates were ranked by cosine similarity in the Perch
embedding space against 848 anuran and insect species held by iNaturalist, Xeno-canto and GBIF, keeping

the 50 nearest recordings per sonotype. Support was uneven. L. fuscus matched 34 of its 50 retrieved

13
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recordings to the validated candidate species, whilst the other four sonotypes matched one to six. Per-

sonotype match counts and cosine similarities are given in Appendix B, Table B.2.

3.2 Classifier performance

Manual review confirmed 77 to 1,500 positives per sonotype from up to 1,500 retrieved candidates (median
562) and a median of 51 of the 200 detections reviewed per active-learning cycle (Appendix B, Table B.4).
Validation ROC-AUC ranged from 0.99 to 1.00, PR-AUC from 0.96 to 1.00, with the train-validation gap
near zero throughout (Figure 4; Appendix B, Table B.5). Permuted-label and random-embedding controls
returned 0.49 to 0.59, at or near chance (0.50). The dataset-corrected plain retrieval-AUC was also high, 0.91
to 1.00. The stratified retrieval-AUC was unstable, ranging from 0.03 to 1.00 across the one to three usable
score buckets for the 13 classifiers where it could be estimated. The max-F1 threshold ranged from 0.59 to

0.96 and call-density P(+) from 0.048 to 0.156.

(a) 80:20 split metrics (b) Retrieval-AUC (¢) F1 threshold (d) Call density
1.00 * 1.0 4
1.00 - == .
> v
N @ ol 0.20 1
L] 0.9 1 ®
0.98 4 . 0.75 1 L]
: - O L
o < G 081 - =
= ° —rld 0.50 chance . E o E
S .96 B .50 qeenesecsasanaceascs w i = =
- ° L] _g % . 0] 3 0.10 - °
£ 74 =
. & 3 . B
0.94 0.25 1 $
0.05 1 .
. 0.6 1 "
0.92 1 0.00 1 0.5 1 0.00 A
ROC-AUC PR-AUC Fl-max Plain Stratified

=15 (=13)
Figure 4. Validation and in-context retrieval performance of the 15 sonotype classifiers, after three
active-learning cycles. Per-classifier values are in Appendix B, Table B.5. Points are individual classifiers.
Boxes span the interquartile range with the median marked, and whiskers reach 1.5 times that range. Each
panel has its own y-axis. (a) ROC-AUC, PR-AUC and F1-max are reported from the 80:20 stratified
validation split on a restricted axis (0.92 to 1.00) as all three sit near the ceiling. (b) Dataset-corrected
retrieval-AUC, plain and stratified (P(b)-weighted) are reported with the dashed line marking chance (0.5).
The stratified estimate is more variable, falling below 0.04 for F and E, and undefined for two rare sonotypes

(M and K) where no score bucket held both positive and negative, so n = 13. (¢) The score threshold

14



293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

maximising F1 on the validation split is reported. (d) Call-density P(+), is the estimated proportion of all
scored windows containing the sonotype, indexing how common it is rather than how well it is classified,
ranging from 0.048 (M and K) to 0.156 (A). Permuted-label and random-embedding controls (not shown)

returned AUCs of 0.49 to 0.59, at chance.

3.3 Sonotype-level responses

Sonotype richness averaged 4.9 of the 15 sonotypes per forest site (SD 1.2, n = 3) and 8.9 per pasture site
(SD 1.5, n = 26). In pasture, mean sonotype richness was 9.0 in 2023, 8.3 in 2024 and 9.4 in 2025. Habitat
association (¢) ranged from +0.83 (B, forest) to —0.89 (O, pasture). Across the 3 forest and 26 pasture sites,
¢ flagged ten of the 15 sonotypes as habitat-associated after FDR correction, two being forest and eight
being pasture (Figure 5). The uncorrected two-group IndVal flagged seven of those same ten, dropping
sonotypes J, K and L (IndVal Padj = 0.176, 0.142 and 0.064, respectively), whose IndVal associations fall

just short of significance despite passing the ¢ threshold.

Trends in the proportion of sites present were fitted per sonotype on 74 pasture site-years across 26 sites
(binomial GLMM, log-odds per year). One of the 15, sonotype O, was present in 69 of those 74 site-years
and sits near separation, so its slope is not interpretable. Three of the other 14 were significant after FDR
correction: sonotype B increased at +1.38 (95% CI +0.42 to +2.34, q = 0.037) and sonotype F at +0.93 (95%
CI +0.24 to +1.61, q = 0.040), while sonotype J declined at —1.15 (95% CI —1.87 to —0.43, q = 0.026); the

remaining eleven sonotypes showed no detectable trend (Figure 5; Appendix B, Table B.6).
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(9) 2023 2024 2025 presence (yr)
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G +0.16 40.66
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1 ~0.34 0.08 0.17
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Proportion of sites present

0.0 N 1.0

Figure 5. Proportion of sites at which each of the 15 sonotypes was detected, by habitat and year.
Sonotypes are ordered by habitat association ¢, with the most forest-associated at top and the most pasture
associated at the bottom. The four shaded columns give the proportion of sites where each sonotype was
detected, split by pasture year and pooled across forest sites. Darker shading indicates a higher proportion. ¢
is the group-corrected point-biserial coefficient (—1 pasture ... +1 forest) and A site presence (yr) is the slope
in log-odds of presence per year, from a per-sonotype binomial GLMM with a site-level random intercept,
fitted on 74 pasture site-years across 26 sites. Stars mark FDR-corrected significance at * q < 0.05, ** q <
0.01 and *** q < 0.001. The sonotype O trend is unstable and not interpretable. Sonotypes were assigned

alphabetically and carry no meaning.

3.4 Sonotype composition and soundscape change across time

Chord distance from each pasture site-year to the fixed forest reference, pooled from nine forest site-years
across three sites, did not differ detectably from 2023 in 2024 (Gamma GLMM ratio = 0.944, 95% CI 0.866

to 1.028, p = 0.19) but diverged significantly by 2025 (0.885, 95% CI 0.811 to 0.965, p = 0.006), with the

16



324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

predicted mean falling from 1.066 (95% CI 0.998 to 1.138) to 0.943 (0.883 to 1.007) (Figure 6). Serensen
distance to the same reference showed no detectable change in 2024 (beta GLMM B = —0.139, 95% CI
—0.365 to 0.087, p = 0.23) but also diverged significantly by 2025 (B =—-0.419, 95% CI —0.638 to —0.199, p
= 0.0002), with the predicted mean falling from 0.637 (95% CI 0.597 to 0.675) to 0.536 (0.496 to 0.575).
Across the 72 pasture site-years where both distances were defined, embedding and composition distances
were moderately positively correlated (Spearman p = 0.350; site-blocked permutation p = 0.033). Full model

output is given in Appendix B, Table B.7.

(a) Soundscape (b) Sonotype composition
131 == Pasture mean (n = 26) 0.9 4 =0= Pasturc mean (n = 26)
1.2 1
0.8 1

7 114 Z
8 < 0.7
2 1.0 3
2 g
Z 2 0.6 D\0\0
5 0.9 -
B g
£ 5
S 5054

0.7 1 0.4 1

0.6

2023 2024 2025 2023 2024 2025
Year Year

Figure 6. Distance from each pasture site-year to the fixed forest reference, under both distance
measures. The reference is the centroid of the three forest sites, pooled across sites and years. (a)
Soundscape shows the chord distance between each pasture site-year embedding centroid and the forest
reference centroid. (b) Sonotype composition distance is the Serensen dissimilarity to the forest reference,
computed from the 15-sonotype presence-absence matrix. Faint orange lines are individual sites and the bold
black line is the pasture mean, across 74 pasture site-years at 26 sites. Lower values are more forest-like.
Year effects were estimated with a Gamma GLMM in (a) and a beta GLMM in (b), each taking 2023 as the
reference year and carrying a site-level random intercept. Neither distance differed significantly from 2023 in
2024, but both had significantly diverged from baseline by 2025 whilst becoming more similar to the forest

reference (Appendix B, Table B.7).
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Discussion

We show that an audio embeddings pipeline can track frog and insect community change at a reforestation
site without a local labelled sound repository. Using Perch embeddings and the classifiers for the 15
sonotypes identified, we built two measures of distance to forest of the restored pasture, one from sonotype
composition and one from the whole nocturnal soundscape. Both distances fell by 2025. Two forest-
associated sonotypes were detected at a rising share of sites over time while one pasture-associated sonotype
declined. Using reference databases, five sonotypes were assigned candidate frog identification, while the
remaining ten were assessed to be insects. None of this process required any fine-tuning of the foundation
model or confirmed species identification, so the pipeline can run without machine learning experts or

taxonomists.

By 2025, both distances to forest had fallen significantly below their 2023 baseline, though neither had
shifted by 2024 (Figure 6). Severe disturbances from active planting and associated machinery in the months
leading into 2024 may account for this lag. Two years is a short assessment window when Neotropical
compositional recovery across taxa has been claimed to take decades or centuries (Rozendaal et al., 2019;
Elsy et al., 2024; Metz et al., 2026). However, those estimates rest on chronosequences that compare plots of
different ages sampled once, which can miss the directional recovery that repeated surveys of the same plots
detect (Kreyling, 2025). Our results suggest that tracking the same sites against a fixed reference may reveal
short-term changes by disentangling restoration time from the landscape-level context that chronosequences
confound with it. The two distance to forest measures only correlated moderately, which may be because the
15 sonotypes are a subset of the whole nocturnal community that the embedding index represents. Sethi et al.
(2023) encountered the same disconnect between avian community change and learned features, attributing it
to insect and amphibian calls and environmental noise possibly contributing more to the soundscape than
birds. Our result is consistent with that finding, as sampling only part of the non-avian community is still not
enough to close the gap. The other calls and noise still missing from the sonotype composition may influence
the embedding index enough to create the disconnect we observed. Additionally, acoustic measures have
been shown to explain the composition of a largely silent nocturnal insect assemblage (Miiller et al., 2023),
so an embedding index can encompass changes beyond the vocalising community. Nonetheless, over a

longer recording period, a continued trajectory of pasture soundscapes towards those of forest is expected.
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Neotropical frogs often show strong habitat preferences due to physiological (Titon Jr. & Gomes, 2015) and
diet specialisation (Born et al., 2010). Therefore, they can be sensitive to changes in their habitat (Faggioni et
al., 2021) which may come from reforestation. The five sonotypes identified as frogs were largely a pasture-
associated assemblage (Figure 5) which reflects the opportunistic sonotype subset chosen from a highly
pasture-skewed acoustic recording design. The habitat associations found were ecologically consistent. For
example, L. fuscus is found almost exclusively in pasture (Bernarde & Macedo, 2008) matching its pasture-
association from our results and 4. hylaedactyla was widespread across all sites, consistent with a clade of
open formations (de Carvalho et al., 2019) whose species group reaches its highest abundances in heavily
deforested plots (Torralvo et al., 2022). D. microcephalus was absent from all forest sites aligning with its
known range being from open savanna to pasture (Barrio-Amoroés, 1998) and D. nanus was strongly pasture-
associated also consistent with preferring open habitat (Santos et al., 2007). The only frog which showed any
significant change in presence across sites with reforestation was A. andreae, known as a forest specialist
frog (de Carvalho et al., 2019), which became more prevalent. The presence of pasture or widespread species
did not change over time. This may be because the environment is still open, since Amazonian pasture
regrowth keeps canopy open until six to eight years post-abandonment (Feldpausch et al., 2005). These
results suggest that recolonisation of forest specialists may be happening faster than extirpation of pasture
species. Frog composition on a pasture legacy is projected to take 37 years to return (Metz et al., 2026),
though a Costa Rican leaf-litter frog reached mature-forest abundance in under 17 years (Thompson &
Donnelly, 2023). Two years sits far below both timelines, so one forest frog’s increase is still a meaningful

signal of recovery from possibly a small sample of the site’s overall frog community.

Insects can predict habitat change as their calls are affected by microhabitat temperature, moisture and
vegetation structure (Riede & Balakrishnan, 2025). However, with reforestation, insect communities have
been shown to change very slowly, over one to two decades in Amazonian forest emptied by logging
(Rappaport et al., 2022) and over eight to 15 years in replanted or restored ground elsewhere (Hugel, 2012;
Cole et al., 2016). Our results after two years reflect this lag, with eight of the ten insect sonotypes remaining
relatively stable. Without species-level identification, inferring why one forest-associated insect becomes
more present across sites and one pasture-associated declines remains speculative. Nonetheless, this insect

sonotype community may have only shifted slightly as the canopy is still undeveloped, as it was shown that
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crickets across Amazonian sites tracked canopy cover rather than habitat (Do Nascimento ef al., 2024). Our
small subset of the insect community is still a valuable measure of composition, since according to Anso et
al. (2022), even when the cricket community was narrowed to only the species that call, recovery stage still
explained more than half of compositional variation. Thus, it can be extrapolated that the vocalising pasture

insect assemblage is still dominant after recent reforestation.

The manual effort in this pipeline sits in sonotype validation. Embedding, retrieval and scoring are
automated, and the manual review is the only human-in-the-loop stage. Dumoulin et al. (2025) developed
their classifiers in less than one hour each while in our pipeline, roughly six hours of manual review carried
one sonotype from a single exemplar clip to a finished classifier. This is due to our choice of reviewing a
greater number of clips for robustness. Comparable classifiers have been built elsewhere from far fewer
labels per class over BirdNET embeddings (Jacuzzi & Olden, 2025; Weldy et al., 2025), so the several
hundred confirmed positives behind an average classifier here is an upper bound rather than a requirement.
Therefore, what limits the sonotype library’s size is listener time rather than the volume of audio.
Unsupervised clustering would also be able to automate finding sonotypes, needing no exemplar or labelled
training set (Guerrero et al., 2023; Turlington et al., 2025). Under tighter time constraints, vector search
alone may serve for presence-absence work (Hamer et al., 2023; Allen-Ankins et al., 2025), which has not
been tested against the classifier matrix but performed well at finding the call of interest (Appendix B, Table
B.4). Sonotype libraries and their classifiers built by this process can potentially keep pace with fast

changing soundscapes.

Several considerations bear on how the classifier metrics should be read (Figure 4; Appendix B, Table B.5).
They are best-case estimates rather than field performance, because label leakage may have been built into
the evaluation, as each classifier was scored on windows from the recordings and sites it was trained on.
Perch is trained in part to predict which recording a window came from, so similarity can arise from a shared
session as readily as a shared species (van Merriénboer et al., 2025; Peralta ef al., 2025). Time of day is
recoverable from tropical soundscape audio alone (Loo et al., 2025), so a classifier fitted to a narrow calling
window may be separating hours as much as calls. However, neither claim can be confirmed. A site-year
split from the outset would show how much performance survives them (Rasmussen et al., 2025). Non-

detection is also read as absence throughout, with no occupancy model to separate the two (MacKenzie et
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al., 2002). Having the second highest published call descriptions among Brazilian anurans (Guerra ef al.,
2018), Leptodactylus fuscus drew 34 of its 50 nearest recordings against one to six for the rest of anurans.
That count measures archive coverage rather than identity, since L. fuscus may denote a species complex
spanning several genetic lineages (Wynn & Heyer, 2001), which also inflates the match. No insect sonotype
drew a matching candidate species, which further highlights how limited acoustic repositories are for insects.
Future work with agile modelling should reduce the embedding dimensionality to focus on the call of
interest. This would address the label leakage at its source and improve retrieval of that call from public

archives and on-site recordings alike.

This study converted a taxonomically unresolved nocturnal assemblage into 15 validated sonotype
classifiers, and the directional change they recorded was reproduced by a soundscape-level measure of the
same recordings. Most species of the sound-producing community at a tropical restoration site have no
names, reference recordings, or classifiers. Building these classifiers took one exemplar clip per sonotype
and no model fine-tuning, removing the technical expertise requirement that has kept automated acoustic
monitoring out of the tropical systems that need it most (Zwerts et al., 2021). The output was a candidate
species list and two dissimilarity measures stemming from the same embeddings, computed from audio that
a restoration project often already holds and can read against its own baseline. Standardising this protocol
may enable cross-site and cross-region comparison, provided the foundation model stays the same. Even
without ground-truthing each sonotype, a restoration project can adapt this scalable pipeline to quantify

soundscape changes of its own uncatalogued vocalising communities.
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Supplementary Information

Appendix A

(1) FRONTEND (2 EMBEDDING MODEL

Log-mel spectrogram Mean embedding - 1,536-D vector

..~ Embedding Dimensions -

0.74438872, -0.35889855, -0.22727819, -0.11535264,
4 K
9 -0.28476798, -0.32817210, 0.23048627,  0.00116675, 9
0.02066090, 0.74032854, 0.06118987, 0.91083634,
audio embeddings

0.74100983,  0.08488282,  0.55913320, 0.15972411,

to classifiers
-0.28477422, -0.18493756, -0.05338154, 0.31280384,

0.27084671,  0.31287726, 0.31850565, -0.42171673

Figure A.1. Two of the three Perch v2 components used to generate embeddings in this study, as
defined in the published architecture. (1) The frontend converts five seconds of mono 32 kHz audio into a
log mel-spectrogram of 500 frames by 128 mel bands, covering 60 Hz to 16 kHz. (2) The embedding model
is an EfficientNet-B3 backbone of roughly 12 million parameters that returns a 5 % 3 time-frequency grid in
which each cell carries a 1,536-dimensional feature vector. Averaging that grid over its time and frequency
axes yields the 1,536-dimensional mean embedding. (3) Three output heads drive training and produce the
released Perch v2 model. They are not shown because that step sits outside the pipeline used in this study.

Architecture and parameters after van Merriénboer et al. (2025).
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Appendix B

Table B.1. The 15 candidate sonotypes taken forward for classifier training, selected by manual review
of spectrograms for distinctiveness and ease of recognition. Each spectrogram is five-seconds long but
differs in frequency based on how much of the frequency spectrum the sonotype call covers. This ranges
from 0-8 kHz to 0-24 kHz. Boxes highlight the calls of interest that represent the sonotype. Sonotype names

are arbitrary identifiers and carry no taxonomic information.

Sonotype  Spectrogram (time x freq, kHz) Sonotype  Spectrogram (time X freq, kHz) Sonotype  Spectrogram (time X freq, kHz)

16 8 24
20
12 6
16
| L B 4 J 12
&
4 2
4
0 0 0
0 06 12 18 24 3 36 42 48 0 0.6 1 18 24 3 36 42 48 o 06 12 13 24 3 36 42 45
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Table B.2. Spectrogram comparison of each sonotype against its best-matching reference recording,
for the five sonotypes whose candidate identification is an anuran. Matches come from cosine-similarity
retrieval in Perch v2 embedding space across the three reference databases. Each row gives the sonotype
identifier (Sonotype ID) and the candidate species name (Species), followed by two spectrograms.
Spectrogram of Sonotype is the five-second reference clip that is a good example of the call made by that
sonotype, and Spectrogram of Matching Species is the best cosine-similarity match drawn from the three
databases. Source Database of Match names the database that supplied that best match, and Number of
Matches is how many of the sonotype’s 50 best matches carry the same species-level name as the candidate

species across the three databases.

Sonotype ID Species Spectrogram of Sonotype Spectrogram of Matching Species s""‘“_?'f‘f"“ of N"‘mb:" of

A Leptodactylus fuscus iNaturalist 34
B Adenomera andreae Xeno-canto 2
C Adenomera hylaedactyla Xeno-canto 6
D Dendropsophus microcephalus i iNaturalist 1

fi LS
| RETPAE

— . ,
E Dendropsophus nanus 1 s'l \ ‘ ' o || " iNaturalist 1
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759  Table B.3. Construction of the training data for the 15 sonotype classifiers, summarised from §2.5. The

760  negative pool was shared across all 15 classifiers. Positive counts per sonotype are given in Table B.4.

I

Negative pool, Manually selected 'forest noise' and 'rain' clips were pooled with cross-
automated draw sonotype slices taken across years from each sonotype’s confirmed positives,

yielding 3,077 clips (2,074 forest-noise, 79 rain, 924 cross-sonotype).

Negative pool, manual | The cross-sonotype slice was dropped, leaving 3,000 negatives shared by all
curation 15 classifiers. Because curation was manual, the pool was supplied to the

code as an input rather than rebuilt at run time.

Initial positives 77 to about 1,500 confirmed windows per sonotype from the year-stratified

vector search of §2.5, giving positive-to-negative ratios of 1:2 to 1:39 (Table

B.4).
Active-learning Three cycles. In each, all ~2,790,000 windows were scored and 200
sampling detections per sonotype were reviewed: the top 50 after 30-sec non-

maximum suppression, plus 150 spread across 8 log-score quantile bins. k

was set to 50 to raise early-cycle throughput on a 2.79 M-window archive.

Retraining Cumulative, each cycle refitting on every label collected so far, reaching

roughly 600 labels per sonotype (Dumoulin ef al., 2025).

Guards against label Cross-negative pairs with centroid cosine > 0.85 were excluded, and any
leakage negative-pool window scoring > 0.8 was removed as a likely contaminant
positive.
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761  Table B.4. Confirmed positives obtained at each labelling stage for the 15 sonotypes. The vector search
762  column gives the number of retrieved windows manually confirmed as the target sonotype, from the retrieval
763  of §2.5 in which the top 500 windows per year were retained, giving up to 1,500 candidates per sonotype for
764  review. Each of the three active-learning cycles drew 200 detections per sonotype by the top-k plus quantile
765  strategy, so the cycle columns are counts out of 200. Retrieval yield varied by more than an order of

766  magnitude, from 77 windows for sonotype F to the full 1,500 for sonotypes A and C, whereas the per-cycle

767  active-learning yield was comparatively stable, with a median of 51.

A 61 65 67

1,500

B 1,486 51 50 53
C 1,500 52 56 54
D 987 57 50 53
E 562 38 36 21
F 77 55 56 52
G 815 22 41 38
H 341 45 47 49
I 401 48 51 48
J 304 54 53 59
K 239 52 52 50
L 90 54 55 51
M 260 16 24 38
N 1,292 51 61 45
o) 1,497 54 54 51
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768  Table B.S5. Validation performance of the 15 sonotype classifiers after three active-learning cycles
769  summarised in Figure 4. ROC-AUC, PR-AUC and F1-max (with the score threshold at which F1 is

770  maximised) are from the 80:20 stratified validation split. The dataset-corrected in-context metrics are the
771  plain retrieval-AUC (rank separation of classifier score against the manual yes/no review labels), the

772 stratified P(b)-weighted retrieval-AUC, and the call-density P(+) with a 95% confidence interval from
773 10,000 bootstrap resamples. ‘n/a (rare)’ marks a stratified retrieval-AUC that cannot be estimated because

774  the sonotype is too rare for any score bucket to contain both a positive and a negative.

Sonotype Retr- Retr- Call-density P(+)

AUC AUC [95% CI]

(plain) (strat.)

A 0.999 0.999 | 0.987 @0.79 = 0.985 0.751 0.156 [0.11, 0.21]
B 1.000 1.000 | 1.000 @0.59 = 0.999 0.857 0.068 [0.04, 0.11]
C 1.000 1.000 | 0.996 @0.74  1.000 0.962 0.075 [0.04, 0.12]
D 1.000 0.999 | 0.998 @0.88 = 0.985 0.513 0.073 [0.04, 0.12]
E 0.997 0.993 | 0.981 @0.84  0.957 0.028 0.054 [0.03, 0.09]
F 0.999 0992 | 0979 @0.68  0.994 0.031 0.061 [0.03, 0.10]
G 0.990 0958 | 0.932@0.83  0.912 0.630 0.066 [0.03,0.11]
H 0.996 0.981 | 0.960 @0.63 = 0.980 0.506 0.068 [0.03, 0.11]
I 1.000 1.000 | 1.000 @0.80 = 0.996 1.000 0.055 [0.03, 0.09]
J 1.000 0.999 | 0.995@0.76 = 0.996 0.794 0.106 [0.07, 0.15]
K 1.000 1.000 | 1.000 @0.80 = 1.000 | n/a(rare) = 0.048[0.02, 0.08]
L 0.999 0.985 | 0.980 @0.89 = 1.000 0.875 0.055 [0.03, 0.09]
M 0.997 0.962 | 0.948@0.96 = 0.979 | n/a(rare) = 0.048 [0.02, 0.08]
N 0.997 0.996 | 0.988 @0.81 = 0.973 0.433 0.061 [0.03, 0.10]
o) 1.000 1.000 | 0.997 @0.89 = 1.000 1.000 0.055 [0.03, 0.09]
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775  Table B.6. Habitat association and temporal trend for each of the 15 sonotypes. Habitat association is
776  the group-size-corrected ¢ point-biserial coefficient, signed positive toward forest, and the two-group forest-
777  versus-pasture IndVal, both across 3 forest and 26 pasture sites. The trend is the slope in log-odds per year
778  from a per-sonotype binomial GLMM of presence against centred year with a site-level random intercept,
779  fitted on 74 pasture site-years across 26 sites. All P values are false-discovery-rate corrected within their own
780  family and given as Padj. Bold marks Padj < 0.05. Sonotypes are ordered by ¢, most forest-associated first.
781 O was present in 69 of the 74 pasture site-years, so its trend sits near complete separation and the slope is not

782  interpretable.

Habitat association Trend in proportion of sites present

.ﬂ b ﬂ -ﬂ

+0.834 0.003 0.921 0.004 +1.382 0.491 0.005 0.037

F +0.508 0.023 0.793 0.021 +0.926 0.349 | 0.008 0.040
C +0.215 0.358 0.701 0.361 +0.227 0377 | 0.547 0.632
G +0.159 0.498 0.690 0.501 +0.662 0418 | 0.113 0.166
H —0.043 1.000 0.505 1.000 -0.772 0.407 | 0.058 0.145
I —0.338 0.194 0.453 0.441 -0.169 0.345 0.623 0.668
D —-0.361 0.175 0.480 0.292 +0.290 0.344 = 0.399 0.499
J —-0.479 0.023 0.686 0.176 -1.152 0.368 | 0.002 0.026
K —0.518 0.023 0.650 0.142 +0.668 0.332 | 0.044 0.133
E —0.547 0.005 0.773 0.013 +2.065 1.208 | 0.087 0.164
L —0.558 0.011 0.689 0.064 —0.080 0.283 0.777 0.777
M —-0.677 0.003 0.793 0.013 —0.801 0.371 0.031 0.115
N —0.680 0.003 0.848 0.004 —1.534 0.992 | 0.122 0.166
A —0.774 0.003 0.887 0.004 +3.117 1.937 | 0.108 0.166
o —0.891 0.003 0.941 0.004 n/a n/a n/a n/a
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Table B.7. Distance to the fixed forest reference across years, and the concordance between the two
distance measures. Both models take 2023 as the reference year and carry a site-level random intercept, and
both were fitted on 74 pasture site-years across 26 sites. Estimates are on the link scale. The final column
back-transforms each year term to the response scale, as a ratio to 2023 for the Gamma model and as a
predicted mean for the beta model. Bold marks p < 0.05. The concordance row is Spearman’s rank
correlation between the two distances across the 72 pasture site-years at which both were defined, tested
against a site-blocked permutation null of 999 permutations. Predicted mean chord distance was 1.066 (95%
CI0.998 to 1.138) in 2023, 1.006 (95% CI1 0.944 to 1.072) in 2024 and 0.943 (95% CI 0.883 to 1.007) in
2025. Predicted mean Serensen distance was 0.637 (95% CI 0.597 to 0.675) in 2023, 0.604 (95% CI1 0.564 to

0.643) in 2024 and 0.536 (95% CI 0.496 to 0.575) in 2025.

Term Estimate SE Response scale
95% CI)

Embedding chord distance, Gamma GLMM (log link)

2024 vs 2023 —0.058 0.044 -1.32 0.186 0.944 (0.866, 1.028)
2025 vs 2023 -0.123 0.045 —2.75 0.006 0.885 (0.811, 0.965)
Sonotype Serensen distance, beta GLMM (logit link)

2024 vs 2023 —-0.139 0.115 -1.21 0.227 0.604 (0.564, 0.643)
2025 vs 2023 -0.419 0.112 —3.74 | 0.0002 @ 0.536(0.496, 0.575)
Concordance between the two distances

Spearman p, n =72 0.350 0.033
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