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Abstract
The Kunming-Montreal Global Biodiversity Framework needs copious data on species distributions to achieve its targets, but generating such data {at scale} remains challenging. We used aquatic cDNA (environmental DNA) metabarcoding to sample vertebrate species across the 30,000 km\textsuperscript{2} Gaoligongshan protected-area complex along the China-Myanmar border. In just 33 researcher-days, we detected 397 vertebrate species, including 35 Red-Listed species. We introduce the ‘eDNA-aware’ OccPlus occupancy model, which accounts for false-negative and false-positive error at two stages of the eDNA pipeline, field and lab. OccPlus leverages the taxonomic breadth of eDNA datasets by using ordination to estimate species occupancies, even for low-detection species. We recover known biogeographic patterns and find that native terrestrial and fish species have higher occupancies inside protected areas while domesticated species and non-native fishes have higher occupancies outside them. Our study demonstrates how eDNA metabarcoding provides a scalable method for obtaining high-quality, granular, timely, and trustworthy biodiversity data.
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The Kunming-Montreal Global Biodiversity Framework needs copious data on species distributions to achieve its targets, but generating such data at scale remains challeng​ing. We used aquatic eDNA (environmental DNA) metabarcoding to sample vertebrate species across the 30,000 km2 Gaoligongshan protected-area complex along the China- Myanmar border. In just 33 researcher-days, we detected 397 vertebrate species, includ​ing 35 Red-Listed species. We introduce the ‘eDNA-aware’ OccPlus occupancy model, which accounts for false-negative and false-positive error at two stages of the eDNA pipeline, field and lab. OccPlus leverages the taxonomic breadth of eDNA datasets by using ordination to estimate species occupancies, even for low-detection species. We recover known biogeographic patterns and find that native terrestrial and fish species have higher occupancies inside protected areas while domesticated species and non​native fishes have higher occupancies outside them. Our study demonstrates how eDNA metabarcoding provides a scalable method for obtaining high-quality, granular, timely, and trustworthy biodiversity data.
2 Introduction
The 2022 Kunming-Montreal Global Biodiversity Framework (KMGBF) (Convention on Biological Diversity, 2022), part of the Convention on Biological Diversity (CBD), has several targets that require input from as many species distributions as possible (Kass et al., 2024; Randin et al., 2020). Tliese include inter alia using “biodiversity inclusive spatial planning” to plan and manage areas to reduce biodiversity loss (Target 1), en​suring that degraded ecosystems are under effective restoration (Target 2), “conserving 30% of land, waters, and seas” through “effectively conserved and managed...ecologically representative systems of protected areas” (Target 3), “identifying and managing path​ways of the introduction of alien species” (Target 6), “restore, maintain, and enhance nature’s contributions to people” (Target 11), encouraging and enabling businesses to disclose their impacts on biodiversity (Target 15), “stimulating innovative schemes such as payment for ecosystem services, green bonds, [and] biodiversity offsets and credits” (Target 19), and ensuring “that the best available data, information and knowledge are accessible to decision makers, practitioners and the public” (Target 21) [emphasis added].
However, routine generation of species distribution data on scale — i.e. at broad spatial scales and with high resolution and frequency — remains a challenge, which weakens efforts to improve the effectiveness of biodiversity management and to ensure oversiglit and functioning of biodiversity finance and impact disclosure schemes (Affinito et al., 2024; Blanco-Zaitegi et al., 2024; Burgess et al., 2024; Hawkins et al., 2024; IUCN, 2023; Ji et al., 2022; Swinfield et al., 2024). Here, we use metabarcoding of eDNA (envi​ronmental DNA) sampled from water bodies to generate high-quality, granular, timely and trustworthydata on species occurrences with high efficiency and at large spatial ex​tents. eDNA is DNA collected from tlie environment, consisting of varying mixtures of tissue from large organisms and small, whole organisms (e.g. microeukaryotes). eDNA is sequenced after PCR amplification of short, taxonomically informative stretches of DNA, known as DNA barcodes. Because multiple samples and species are processed and identified at once, this method is called metabarcoding (Ji et al., 2013).
We achieve high quality data by applying a new ‘eDNA-aware’ occupancy model OccPlus to account for both false-negative and false-positive errors, and by using an ordination procedure to infer true occupancies for hundreds of species simultaneously. We achieve
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ity and timeliness
ing streams and rivers, which collect eDNA
from species living in their watersheds and transport it to locations where sampling is feasible (Guimaràes Sales et al., 2020; Lyet et al., 2021), therefore allowing small teams to rapidly survey large areas. Finally, trustworthy means auditable (Ji et al., 2022, 2013), which is now feasible given that aquatic eDNA sampling and metabarcoding facilitates the resampling and reanalysis of sites by independent parties.
eDNA metabarcoding generates a type of novel community data — “community inven​tories generated by automated sensors and pipelines that do not directly involve humans in the detection and identification of species” (Hartig et al., 2024). Although more ef​ficient than traditional biodiversity surveys, novel community data have complicated properties arising from a complex observation processes. To account for these complex​ities, the OccPlus model, which builds on a novel eDNAPlus model (Diana et al.. 2024), separates the eDNA observation process into two stages — eDNA collection in the field (via water sampling) and eDNA detection in the lab (via metabarcoding) — which al​lows us to estimate uncertainty associated with each stage. Similar to occupancy models (MacKenzie ct al., 2002; Tyre et al., 2003), OccPlus accounts for false-negative error by using sample replicates: (1) multiple water samples from a sampling location to estimate the probability of species’ cDNA collection conditional on species eDNA presence, and (2) multiple PCRs per water sample to estimate the probability of species eDNA detec​tion conditional on species eDNA collection. Strictly speaking, we only ever infer species eDNA presence, not species presence per se. OccPlus accounts for false-positive error caused by sample contamination in the Held or lab. OccPlus assumes that researchers have applied good practice during held sampling and lab procedures to prevent contam​ination, which should result in a bimodal distribution of the number of positive PCRs per sample, with the lower mode identifiable as likely false positives (Fig. 1).
We contrast OccPlus with widely used Multi-Species Occupancy Models (MSOMs; (Do- razio & Royle, 2005; Dorazio et al., 2010)). In MSOMs, inference on species occurrence is achieved by allowing species with low numbers of detections to ‘borrow strength’ from data-rich species by sharing a common distribution of parameter values. However, eDNA datasets can achieve very high taxonomic breadth (Hartig et al., 2024), which can result in low-data species inappropriately using distribution information from abundant species that have different ecologies. MSOMs do not model the two stages of detection for eDNA metabarcoding, nor (with few exceptions (Guillera-Arroita et al., 2017; Keller, 2025)) do they account for false positives. We hypothesized that these key differences could lead MSOMs to overestimate species distributions, particularly when there are strong gradients in vertebrate communities (Devarajan et al., 2020; Guillera-Arroita et al., 2019; Tingley et al., 2020), and to underestimate prediction uncertainties.
Our study region is Gaoligongslian (GLGS), wliicli is a vast and remote region in western Yunnan province, China, bordering Myanmar (Fig. 1, Kunming is Yunnan’s capital). GLGS spans three biodiversity hotspots and strong latitudinal (4 degrees), altitudi​nal (200-5000 m), and human-modification gradients. GLGS contains several protected areas and is home to 1,326 vertebrate species, including 212 mammals, 796 birds, 84 amphibians, 107 reptiles and 127 native fish species (Q. Li et al., 2024; Wang et al., 2024; Wu ct al., 2024; Zhou ct al., 2023). In just 33 researcher-days of aquatic cDNA sampling, we detected 397 vertebrate species across 30,000 km2, including 35 IUCN Red-Listed species. OccPlus recovered known distributions of individual species, known biogeographic patterns, and higher occupancies of native species inside GLGS’s pro​tected areas, and higher occupancics of domesticated terrestrial species and non-nativc fishes outside protected areas. In contrast, MSOMs found no positive effect of protected arcas on wild species occupancics, predicting wide distributions across GLGS for most native species.
3.1 Study area and eDNA collection
The study was carried out in the Gaoligongshan Mountain chain (GLGS), located in southwestern China (Fig. 1). The GLGS, which parallels the border between China and Myanmar, connects to the Qinghai-Tibet Plateau to the north and to the Indochina Peninsula to the south. As part of the Hengduan Mountains, this area is located at the intersection of three global biodiversity hotspots: the Himalayas, Indo-Burma, and the mountains of Southwest China. GLGS extends in a North-South direction for 600 km and lias 4 degree latitude span (24-28 degree Ν lat), covering an area of approximately 36,486 km2 across Tibet and Yunnan. GLGS receives an annual average precipitation of 3000 mm, decreasing witli latitude and altitude and the altitude ranges between 210 and 5,128 m.
Sampling sites (N=101) were distributed across the Yunnan section of the GLGS (en​compassing nearly 30,000 km2): 35 sites in Nu River basin, 17 in Dulong River basin, 15 in Longchuan River basin, and 34 in the Daying River basin (Fig. 1). Of the 101 sam​pling points, 5 sites were located within protected areas, 46 in rivers whose headwaters originated inside a protected area, and the remaining 50 in rivers whose headwaters orig​inated outside protected arcas. Samples were collected from 21 April to 23 May 2023, comprising 33 researcher-days of sampling effort (additional details in Supplementary Material - Methods).
3.2 Laboratory processing
Laboratory processing of water samples followed conventional procedures that minimized the risk of sample contamination; see Supplementary Material - Methods for description of laboratory conditions, DNA extraction and amplification, and use of spike-in. We used a single mitochondrial marker, the 12S rRNA gene (MT-RNR1), with a forward primer of 5’-ACTGGGATTAGATACCCC-3’ and a reverse primer of 5 ’-YRGAACAGGCTCCTCTAG-3’ (Ji et al., 2022). This primer pair was designed to target all vertebrates. When or​dering the primers, we designed an 8 bp sample identification tag at the 5’ end of the primers, using a bidirectional tagging strategy. The file Tags_eDNA_2023Jan.txt lists all tag sequences used in this study ( http://github.com/jiyinqiu/2023GLG_eDNA_method_ code).
3.3 Bioinformatics pipeline
The bioinformatics pipeline yielded a dataset of 2,622 operational taxonomic units (OTUs) assigned to species-level taxonomy (see details in Supplementary Material - Methods). The dataset had 1818 data points for each OTU (101 sites x 3 samples per site x 6 PCRs per sample). We created a trait x species table, which included IUCN and Chinese Red List status, classification as wild/native, domestic or invasive, and for mam​mals. adult body mass from tlie PanTHERIA database (Jones et al., 2009). The final tables (DTUtable_12S_toSP_GLG23_20240528.txt, SP_INF0_20240528.txt) are avail​able at https://gitliub.com/dvpopescu/Gaoligongshan-eDNA. Tlie bioinformatics code is available at http://github.com/jiyinqiu/screenforbio-mbc-23GLG.
3.4 Occupancy modeling
We excluded from analysis all species detected at only one sampling site because such species, due to their low detection probabilities or true occupancics, contribute mini-
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estimation while and compromising model stability. We also excluded an invasive amphibian species, the American bullfrog (Rana cates beiana) and analysed it separately (details in Supp Info
The final dataset included 316 species (108 mammals, 89 birds, 71 fish, 45 amphibians, and 3 reptiles). We modelled mammals, birds, fisli, and amphibians+reptiles separately due to their ecological and trait differences. We used two community occupancy mod​elling approaclies, a traditional multi-species occupancy model (MSOM) and the novel ‘eDNA-aware’ OccPlus model that we introduce below. The MSOM analysis and param​eterization are described in the Supplementary Material - Methods. Statistical methods that account for imperfect species detection (occupancy models sensu MacKenzie et al., 2002; Tyre et al., 2003) allow for inferences on animal community or metacommunity occupancy, using metrics ranging from individual-species inferences on occurrence and detection to community occupancy, extinction, and colonization (Dorazio & Royle, 2005; Kéry et al., 2009).
Two-stage occupancy model for cDNA data - OccPlus. OccPlus is a new variant of multispecics (community) occupancy models that divides the detection process into two sub-processes: the eDNA sampling process (the collection of a species’ DNA into a (water) sample, conditional on its DNA being present at the site) and the PCR detection process (amplification of a species’ DNA via PCR, conditional on its DNA being present in the sample). We allow for false positives at each stage, where a false positive in the water sampling process means that DNA is collected in a sample even though no DNA was present at the site, while a false positive in the PCR. process means that the DNA is amplified even though there was no DNA of the species in the water sample. Accounting for false positive errors is important, as contamination is a common problem in eDNA studies (Burian et al., 2021: Ficetola et al., 2015). The model presented is a multi-species extension of the Griffin ct al. (2020) model with additional features.
We note that the data includes information on the number of PCR replicates in which the species was detected (i.e. successfully amplified and sequenced). Therefore, we model the number of PCR replicates in which species i was amplified in sample k of site j, which wo define as Vijk- Whereas MSOM summarizes the collection of DNA and the amplification of that DNA in a single step in Eq. (??), OccPlus replaces this step with two separate processes, as explained above.
First, we model the water sampling process; the presence of the DNA in the water samples is modelled according to two separate cases, whether tlie DNA of tlie species is present or not at the site:
Bernoulli(02j&) if zj = 1
Bernoulli (")
if z = 0
where Wijk is now an unobserved variable modelling the presence of DNA of species i in sample k of site j, Oijk is the probability of collecting DNA of species i in sample k of site j given DNA presence and no is the probability of collecting DNA of species i in a water sample given DNA absence. The second case (zij = 0) models the possibility of false positives in the water sampling process. We note that the probability of false positives is not allowed to depend on covariates.
Next, we model the PCR detection process; conditional on Wijk, we model the data Vijk as
Binomial(K, Pijk) if Wijk = 1
Binomial(K,q;) if Wijk = 0


the probability of amplifying the DNA of species i conditional on DNA absence in the sample. The second case (Wijk = 0) models the possibility of false positives in the PCR detection process. As before, the probability of false positives is not allowed to depend on covariates.
Finally, OccPlus considers a factor model for the occupancy probability ij, while al​lowing for factor covariates, so that
logit (w;j) = Xjfti + UjLi
wliere Uj is a d-dimensional vector of factor scores for site j, while L; is the d-dimensional vector of loadings for species i. We assume that in addition to the Pi covariates encoded in tlie matrix x, we also have p2 additional covariates encoded in a (nxp2) matrix Xj and we allow the factor scores to depend on the covariates Xj by modeling as Uj = XjB+Ej (van der Veen et al., 2023), B is the (p2 x d) matrix of covariate coefficients affecting the factors and Ej is a (n x d) matrix of error terms. The use of a factor model allows for a more useful interpretation than the standard regression model. The factor loadings Uj can be thought of as a lower dimensional representation of the sites, allowing us to efficiently display sites that arc similar to each other. Similarly, the factor matrix B allows us to summarize tlie regression coefficients βj to a vector of dimension d, B. For identifiability purposes, the covariates of the species-specific coefficient B; and the covariates of the factor-specific coefficient L; need to be different.
Tlie model can be summarized as:
logit(wb;j) = xj0i + (XjB + E;)L;
Zij ~ Bernoulli((2j)
if Zij = 1 if Zij = 0
if Wijk = 1
if Wijk = 0
Inference in OccPlus is performed using the software STAN (Team, 2024), which uses Variational Bayes to achieve fast inference.
We modelled detection as a function of tlie volume of water filtered per sample and the amount of rain in the previous day. We expect that detection probability would increase with botli the amount of water sampled and tlie amount of rain during the previous day, as it mobilizes land-based DNA, from scat, carcasses, etc.To model environmental effects on the vertebrate community occupancy (see subsection Environmental covariate data in Supplementary Material - Methods), we used land cover-based variables extracted at a 1-km scale around eacli sampling location: percent forest, patch density and edge density (measures of habitat fragmentation), as well as the Human Modification Index (Kennedy et al., 2019) averaged at a 5-km scale. We used a categorical variable that denotes the GLGS regional subdivision (East, Nortliwest and Southwest), and a categorical variable that indicates whether tlie stream originated inside or outside a reserve (streamOrigin). For streamOrigin, we hypothesized that if reserves are efficient in conserving biodiversity, we would detect greater native species richness in streams originating inside reserves. These variables were used for all models of terrestrial taxa. For mammals and birds, we included mean annual temperature and total annual precipitation. For amphibians, we included river drainage (Dulong, Nu, Daying, and Longchuan). For fish, we used

river width and flow velocity, along with water temperature (instead of mean annual temperature) and river drainage, and we did not use regional subdivision. To account for the potential influence of invasive fishes, we included a variable indicating whether
prior to modelling.
We ran OccPlus models for eacli taxonomic group: mammals, birds, reptiles—amphibians, and fish. To determine the optimal number of factors for the OccPlus model in each taxonomic group, we explored models witli 2-6 factors. Tlie optimal number of factor for mammals, birds, fish and amphibians+reptiles were 4, 2, 5, and 3, respectively, based on LOO (leave-one-out) cross-validation.
4 Results
We collected 303 water samples in 33 days at 101 sampling sites across the 30,000 km2 Yunnan portion of GLGS. Metabarcoding witli 12S universal vertebrate primers detected 397 non-human vertebrate species (Table S??): 131 mammals (of which, 118 species are native), 123 birds (120), 85 fish (42), 49 amphibians (48), and 9 reptiles (7).
Thirty-five species are IUCN Red-Listed (Table 1), and 17 are domestic species, including common livestock such as cattle (Bos taurus, B. grunniens, and Bubalus bubalis), goats (Capra hircus), sheep (Ovis aries), pig (Sus scrofa), cliicken (Gallus gallus), duck (Anas platyrhynchos), horse (Equus caballus), donkey (Equus asinus), and budgerigar (Melop- sittacus undulatus). We also detected Indian bison (Bos gaurus), sika deer (Cervus nippon) and Chinese softshell turtle (Pelodiscus sinensis), which are from farmed pop​ulations. For fisli, we identified 43 non-native species, including eiglit marine species, used as human food or as ingredients in livestock feed, and a species assigned to Chinese sturgeon (Acipenser sinensis), a hybrid farmed fish.
Commonly detected species included pigs and chickens (99 of 101 sites), and cows, wa​ter buffalo, dogs, and goats (250 sites). The 12S marker cannot distinguish between domestic and wild populations of pigs, chickens, and dogs and we classified these species uniformly as domestic for visualization purposes. Other commonly detected species in​clude non-native farmed fish, Chinese false gudgeon (Abbottina rivularis) and topmouth gudgeon (Pseudorasbora parva)), several wild rodents, and the elegant water shrew (Nec- togale elegans, Order Eulipotyphla), which inhabits mountain streams (Supplementary Table 1).
Imperfect detection of species in water samples varied across taxa, with mean propor​tions of sample replicates where at least one sample replicate was positive (out of 3 per sampling site): 0.519 (mammals), 0.444 (birds), 0.667 (fish), 0.653 (amphibians) and 0.333 (reptiles). Median proportions of positive PCR-detections (out of 18 PCRs; 3 water samples x 6 PCR’s per water sample) were generally lower: mammals (0.160), birds (0.098), fish (0.347), amphibians (0.270) and reptiles (0.074).
4.1 Occupancy modeling
Detection probabilities. The OccPlus model estimated low probabilities of false-positive error (i.e. contamination) at both the water-sampling and PCR stages (< 0.1), witli the exception of several domestic, invasive, or common wild species, for which mean false​positive probabilities were up to 0.25 (Fig. S??a, b). The OccPlus-estimated detection probabilities at both stages were greater than the false-positive probabilities (Fig. S??a, b). indicating little contamination and good DNA recovery, but varied around 50% at

stage 1 (eDNA collection) and 70% at stage 2, indicating reasonably high detection rates at both stages. The MSOM model similarly estimated high detection probabilities for most species (Fig. S??c).
Estimated species occupancies. Using 316 species for occupancy analyses (108 mam​mal, 89 bird, 71 fish, 45 amphibian, and 3 reptile), pcr-sampling-sitc species occupan​cies estimated by OccPlus are generally lower than those estimated by MSOM (Figs. 2, S??). When the occupancy probabilities are summed by sampling point and then mapped across the study area (Fig. 3), OccPlus predicts lower occupancies for terres​trial vertebrates (absolutely and relative to MSOM) in the Southwest subregion (Fig. lb) outside of the protected areas along the China-Myanmar border(Fig. 3c, d). This pattern is observed separately for mammals, birds, and amphibians+reptiles (Fig. S??) and within each of six mammalian orders: Primates, Rodentia, Chiroptera, Carnivora, Artiodactyla, and Eulipotyphla (Figs. S??, S??). Primates and Chiroptera also show lower OccPlus-estimated occupancies in the Nu River basin. IUCN Red-List species have overall low occupancies.
For fish, OccPlus yielded a strong latitudinal gradient in species richness (Fig. 3g), with a sudden increase in richness south of parallel 26N, an area characterized by lower elevation and less topographic ruggedness, resulting in larger, wider and slower rivers (Fig. S??). OccPlus lower estimated fish occupancies (absolute and relative to MSOM, Fig. 3h) are concentrated along the upper Nu River basin (Fig. 1c). Surprisingly, fish occupancics arc also lower in protected areas along the China-Myanmar border in the southwest subregion (Figs, lb, 3g), but this result is driven by lower occupancies of non​native fishes in protected areas (Fig. S??g). OccPlus predicts higlier native fisli species occupancies in the protected area in the Dulong river basin in the north (Fig. S??c) and higher non-native fish species occupancies at a single sampling site in northern Nu River (Fig. S??g). This site is downstream of Bingzhongluo Town, where non-native fish species arc farmed en masse. In contrast, MSOM predicts low to high richness on a north to south gradient for both native and non-native fishes (Fig. S??d, h).
Effects of environmental variables. The effect sizes of environmental variables on ver​tebrate community occupancy estimated by OccPlus arc larger, but also more uncer​tain, compared to MSOM (Fig. 4), which is consistent with tire more general MSOM predictions (Figs. 3, S??, S??). Moreover, OccPlus shows strong effects of protected- area designation (proxied by stream origin) and geograpliic region (River basin and subregion). The effect of protected areas on occupancy differs between wild and domes​ticated for terrestrial species and between native and non-native for fisli species (Figs. 5, S??):
1. native mammals have higher OccPlus-estimated occupancies in streams that orig​inate from protected areas, with two exceptions: Rattus tanezumi (Asian house rat) and R. nitidus (Himalayan field rat), which are habitat generalists, human commensals and pests.
2. Most of the domesticated mammals either have higher OccPlus-estimated occu​pancies outside protected areas or sliow no particular patterns.
3. Birds, amphibians and reptiles show occupancy patterns similar to mammals. Two birds with higher occupancies outside protected areas are greylag goose (Anser anser) and common merganser (Mergus merganser), which have cosmopolitan and Eurasian distributions, respectively, and are habitat generalists.
Both native and non-native fishes are more likely to have higher occupancies out​side protected areas. However, non-native species have stronger associations with areas outside protected areas, whereas fish communities in protected areas include


5 Discussion
In Dietz et al.’s (Dietz et al., 2003) review, the five necessary elements for successful governance of public goods are (1) information generation, (2) infrastructure provision, (3) political bargaining, (4) enforcement, and (5) adaptive institutional design. The first element asks society to generate information on the state of nature that is high-quality, granular, timely, trustworthy, and understandable, and the second element enables ef​ficient information generation. Teclmological advances (Dietz et al., 2003; Tosa et al., 2021) allow us to achieve these two elements, and measure biodiversity at scale effi​ciently: in 33 researcher-days, we collected 303 water samples from 101 sampling sites across the 30,000 km2 Yunnan portion of the GLGS.
We successfully recovered species distributions that are consistent with independent surveys. For instance, OccPlus accurately predicted known distributions of two IUCN Red-Listed species, the takin (Budorcas taxicolor, Fig. 1) (Zhou et al., 2023) and the red panda (Ailurus styani, Fig. S??) (Thapa ct al., 2018). Thus, our results support the need for multi-modal surveys. The GLGS hosts a long-term camera trapping monitoring program (Q. Li et al., 2024), which achieves high detection for medium and large-sized vertebrates (Table S??), and validated our metabarcoding data. We also recovered expected latitudinal and altitudinal gradients via summed species occupancics (Fig. S??) and species compositional differences at biogeographic scale (Fig. 4), and we found that the occupancies of wild terrestrial species are higher in GLGS protected areas (Figs. 5, S??a, c) and that tlie occupancies of non-native fisli species are primarily outside of protected areas (Fig. S??e).
We conclude that novel community data (Hartig et al., 2024), represented here by aquatic cDNA metabarcoding, can produce high-quality, granular, timely, trustworthy, and understandable information on the state of nature for “decision makers, practition​ers and the public” (KMGBF Target 21) at low marginal cost. It is feasible to design studies to generate species distributions needed by other KMGBF targets. For example, to test whether GLGS’s protected areas effectively protect wildlife (Target 3) — i.c. to test for ‘additionality’ — it is necessary to compare the species composition of each protected arca with environmentally similar unprotected control areas (Andam ct al., 2008; Ren et al., 2015). The northern part of the Nu River basin (Fig. 1) seems to benefit from passive protection due to its remoteness, given that sampling sites outside protected areas have similar predicted species richness and composition to those inside protected areas (Figs. 3, S??, S??, S??). Alternatively, we could apply an internal​control analysis, by generating fine-scale maps of vertebrate composition within a single protected area and comparing against the counterfactual that wildlife should be present throughout the protected area (Ji et al., 2022). Tlie sampling effort needed for either of these approaches is feasible using eDNA metabarcoding in ecosystems with extensive stream networks. As sucli, it would be possible to repeat surveys at regular intervals to guide and improve management effectiveness. The same opportunity exists for using counterfactual sites to assess tlie additionality of restoration and conservation projects for nature-related credit markets and disclosure (Burgess et al., 2024: Hawkins et al., 2024: Swinfield et al., 2024), for local calibration of tlie STAR (Species Threat Abate​ment and Restoration) index (Mair et al., 2021), as proposed by IUCN (IUCN, 2023) (Target 19) (Table 1), and to improve tlie calibration of biodiversity intactness models (Mendez Angarita et al., 2025).
A novel feature is the introduction of the ‘eDNA-aware’ occupancy model OccPlus,


complex observation errors due to its complex observation process: false negatives due to both eDNA collection failure and eDNA PCR amplification failure, and false positives due to sample contamination in the field and lab. In contrast, traditional occupancy models do not account for this complexity, leading to underestimating uncertainty, as inferred from our covariate effect-size estimates (Fig. 4). Importantly, standard practice in eDNA studies is to apply rule-of-thumb filters to remove weak detections, e.g. obser​vations below some number of reads, as probable contamination events. The problem with such rule-of-thumb filters is that given differences in observation error between species and between pipelines (Fig. S??), there can be no universally valid threshold. As such, a generic threshold that zeroes out some data will likely remove true detections and underestimate uncertainty. Thus, we advocate for incorporating uncertainty from possible false positives into the model (see also Supp Info Section ??).
Occupancy models enable inference of species occupancies at sites wliere species were not detected by estimating environmental effects from observed detections to predict species presence, even if not detected. However, with low-detection species, there is not enough data for reliable model fitting, and MSOMs allow low-data species to borrow distribution information from high-data species. The risk is that it could lead to bor​rowing information inappropriately, pushing truly rare species to appear more similar in occupancy patterns to abundant species. OccPlus approaches the low-data problem differently, by leveraging one of eDNA’s strengths, its taxonomic breadth, and using ordination to estimate covariate effects. For example, when many low-data species in​dividually show weak positive effects of protected areas on occupancy, collectively they show a strong effect and it would be reflected in the factors derived from the model. We use species-specific coefficients on those factors to infer occupancies at sites where the species was not detected. Hence, in Figure 1, the four weak detections of Budorcas taxicolor in the south are deemed false positives, but one of two similarly weak detec​tions along the Nu River further north arc possible true detection, given its proximity to points witli strong detections from many species, wliicti will have influenced covariate values. We also note that because OccPlus infers false positives, OccPlus ‘challenges’ botli the absences (similar to traditional occupancy models) and tlie presences, and thus infers occupancies only from the covariates, not from the covariates conditional on detec​tion data. Further developments could involve tlie use remote-sensing derived products as covariates in a deep learning algorithm (Υ. Li et al., 2024; Teng et al., 2023).
All taxa investigated here have reference sequence coverages over 60%, which sets the ceiling on the number of possible species detections (i.e. 87.7% of native GLGS mammal species have at least one reference sequence in our dataset, birds 63.3%, fish 70.1%, amphibians 76.2%, and reptiles 62.6%). Given that estimated Stage 1 and Stage 2 detection probabilities are similar across taxa (Fig. S??), the most likely cause of the lower rates of species discovery for birds relates to their limited contact witli water bodies and potentially lower DNA shedding rates, while for reptiles it relates to limited and patchy distributions. Most of our sampling sites were short, steep tributaries, and no sampling occurred in the main stem of the Nu River, leading to lower than expected fish species discovery. Fish diversity is higher in the main stems than in tributaries (Zliang et al., 2024), tlius increasing tlie number of sampling sites in tlie main stem and the number of samples per site can improve fisli detection. Increasing sampling effort is feasible, as demonstrated by tliis study and by automating laboratory pipelines. Otlier explanations for missing species are lack of representation in reference datasets, inability to assign to species rank using tlie short 12S barcode by our conservative Protax protocol, and potentially low eDNA collection and detection probabilities (e.g. 12S primers might not amplify some species well). To improve detectability, we sliould continue building 

461 up reference databases, use multiple markers (e.g. (Ji et al., 2022)), and explore primer 462 modifications.
463 In conclusion, a convergence of metabarcoding technology and statistics advances is al- 464 lowing us to measure biodiversity at scale, wliicli could provide the long-needed flow of 465 information for achieving the Kunming-Montreal Global Biodiversity Framework tar- 466 gets.
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Table 1: IUCN Red-Listed vertebrate species detected by aquatic eDNA.
	Class
	Scientific name
Common name
IUCN Site detections

	Amphibia Amphibia Amphibia Amphibia Amphibia Amphibia Amphibia Amphibia Amphibia Aves
	Amolops bellulus
Beautiful Cascade Frog
NT
39
Bufo aspinius
Spiny Toad
EN
27
Bufo tuberospinius
Knobby Toad
CR
33
Leptobrachium tengchongense Tengchong Brown Frog
EN
5
Megophrys gigantica
Giant Horned Toad
VU
3
Nanorana yunnanensis
Yunnan Spiny Frog
EN
32
Odorrana grahami
Graham’s Frog
VU
25
Tylototriton shanjing
Red Spotted Newt
VU
2
Tylototriton verrucosus
Brown Warty Newt
NT
3
Halcyon pileata
White-throated Kingfisher
VU
1

	Aves
	Jabouilleia danjoui
Jabouille's Babbler
NT
8

	Aves
	Lophophorus sclateri
Sclater's Monal
VU
8

	Mammalia
	Ailurus styani
Styan’s Panda
EN
5

	Mammalia
	Aonyx cinerea
Little Otter
VU
2

	Mammalia
	Budorcas taxicolor
Mishmi Takin
VU
22

	Mammalia
	Capricornis milneedwardsii
Chinese Serow
VU
16

	Mammalia
	Cuon alpinus
Dhole
EN
41

	Mammalia
	Elaphodus cephalophus
White-naped Deer
NT
2

	Mammalia
	Lutra lutra
Eurasian Otter
NT
1

	Mammalia
	Macaca arctoides
Stump-tailed Macaque
VU
1

	Mammalia
	Macaca assamensis
Assam Macaque
NT
28

	Mammalia
	Manis javanica
Sunda Pangolin
CR
1

	Mammalia
	Naemorhedus baileyi
Bailey’s Markhor
VU
3

	Mammalia
	Nycticebus bengalensis
Bengal Slow Loris
EN
15

	Mammalia
	Ratufa bicolor
Black Giant Squirrel
NT
11

	Mammalia
	Rusa unicolor
Sambar Deer
VU
5

	Mammalia
	Tadarida latouchei
La Touche’s Bat
EN
3

	Mammalia
	Trachypithecus shortridgei
Shortridge’s Langur
EN
2

	Mammalia
	Trogopterus xanthipes
Black-browed Flying Squirrel NT
11

	Mammalia
	Ursus thibetanus
Asian Black Bear
VU
11

	Teleostei
	Anguilla nebulosa
Clouded Eel
NT
4

	Teleostei
	Channa harcourtbutleri
Harcourt’s Snakchcad
NT
45

	Teleostei
	Devario browni
Brown’s Danio
VU
33

	Teleostei
	Labeo pierrei
Pierre’s Labeo
VU
1

	Teleostei
	Syncrossus berdmorei
Burmese Loach
NT
2
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Figure 1: Study region, study design, and accounting for false-positive error. Each row in the table is a sampling point. Repl, Rep2 and Rep3 indicate the three sample replicates collected from each sampling point, and each column is a separate PCR replicate, resulting in 18 detection attempts per point. Cell color indicates the number of positive reads per PCR. In this example, we show all rows in which an ungulate species (the takin, Budorcas taxicolor) was detected. The three distribution plots to the right show the 101 sampling points, three protected areas and intervening matrix, three geographic subregions, and four river basins. A. Filled circles indicate Budorcas detections, with the color scaled to the number of positive PCR replicates (range 1-18). B and C. Predicted Budorcas occupancies from the OccPlus and MSOM models. Only OccPlus discounts the four weak PCR detections in the south as false positives and correctly predicts that Budorcas is found exclusively in the north of the study area (Guojun et al., 2001). Inset: the study area in blue along the China-Myanmar border.
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(a) Terrestrial
(b) Fish
Figure 2: Comparison of OccPlus and MSOM occupancies. Scatterplots com​paring species occupancy probabilities predicted by the OccPlus and MSOM models for (a) terrestrial vertebrates (mammals, birds, amphibians and reptiles) and (b) fish across sampling points. Each point is the predicted probability of occupancy of one species at one sampling point, witli the 1:1 line indicating perfect agreement between the two models. MSOM predicts higher occupancies for most species at most points.
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Figure 3: Observed and occupancy-corrected terrestrial and fish species rich​nesses. (a), (b), (e) and (f) Observed species richnesses for terrestrial vertebrates and fish, respectively, at each sampling point, (a) and (e) include all detections with > 1 pos​itive PCRs out of 18, while (b) and (f) include only detections with > 3 positive PCRs out of 18. (c) and (g) OccPlus occupancy-corrected species richnesses after summing occupancy probabilities at each sampling point, respectively, for terrestrial vertebrates and fish, (d) and (h) MSOM occupancy-corrected species richnesses, using the same summing approach.


Figure 4: OccPlus vs MSOM - 95% Bayesian credible intervals of environ​mental variable effects on species occupancies. Note that a negative value for “Stream origin outside PA” means that stream origin inside a protected area has a positive effect on species occupancy.

OccPlus
MSOM

Status
· Endangered Vulnerable
· Near Threatened
· Least Concern Data Deficient
· Not Applicable
· Domestic
Adult Body Mass
· <0.5 kg
· 0.5 kg to 5 kg
· >5kg
Figure 5: Mean occupancy probabilities for mammal species, subdivided by sampling points with stream origins inside versus outside of protected areas. Black points represent domesticated species, while the other colors represent the IUCN Red List statuses. Point size is scaled to each species’ log mean adult body mass.
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