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Classification of massive datasets by machine learning (ML) algorithms
is promising for many scientific domains, especially wildlife monitoring pro-
grams that rely on passive acoustic surveys for detecting species. However,
treating ML-predicted class labels (e.g., species identity) as truth biases in-
ferences of focal parameters within common modeling frameworks. One
solution is to model the misclassification process explicitly using human-
validated true-class labels for a subset of observations. Validation by experts
can present a substantial bottleneck in otherwise efficient workflows that use
ML predictions. Bioacoustics practitioners seek guidance on both the quan-
tity and process for selecting ML-labeled data to validate by an expert. We
derive an alternative model formulation that jointly models human-validated
and ML-predicted class labels with an observed-data likelihood (ODL) and
use empirically informed simulations motivated by a real-data application to
explore different probability designs for selecting class labels for validation.
Simulation results suggest that with smaller validation sets the ODL formu-
lation increases computational speed and reduces estimation error compared
to a default MCMC data augmentation routine. Our methodology is transfer-
able to applications that treat predictions from classification algorithms as the
response variable of interest.

1. Introduction. Machine learning (ML) algorithms, and their ability to quickly process
large quantities of data, hold immense promise for scientific domains that rely on automated
data streams to efficiently gather information (Carleo et al. (2019)). Often, the use of machine
learning for classification is not only advantageous but entirely necessary for data processing
(Deiana et al. (2022)). Widespread adoption of these powerful computing tools has occurred
in fields as diverse as water quality evaluation (Zhu et al. (2022)) and proteomics (Bludau
et al. (2022)). We focus on wildlife monitoring programs, such as eBird (Sullivan et al.
(2009)) and the North American Bat Monitoring Program (NABat; Loeb et al. (2015)), the
latter of which motivates our work. The ultimate goal of these programs is to inform conser-
vation management decisions by assessing population status and trends for multiple species
simultaneously at varying spatial extents (continental, country-level, regional, state/provin-
cial, local).

For programs that monitor taxa that are rare or cryptic, such as bats, certain species of
birds, anurans and insects (Loeb et al. (2015), Brauer et al. (2016), Jeliazkov et al. (2016),
Zhong et al. (2021)), “passive” acoustic methods that use autonomous recording units (ARUs)
enable researchers to collect data from multispecies assemblages (i.e., a group of species that
exist within the same geographic region; Stroud et al. (2015)) with lower deployment costs
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than “active” survey methods requiring human observers (Walters et al. (2012), Loeb et al.
(2015), Gibb et al. (2019)). When paired with a probabilistic sampling design and appropriate
statistical model, ARU data from multiple species provide researchers with a rich source of
information to estimate ecologically relevant parameters with uncertainty for all species (e.g.,
Chambert et al. (2018), Stiffler, Anderson and Katzner (2018), Wright et al. (2020)).

The vast quantity of observations collected during spatially extensive annual surveys ne-
cessitates an automated process for assigning species labels to observations (i.e., proprietary
classification software or open source ML algorithms) before fitting statistical models. While
classification algorithms for ecological data have improved with increased engagement from
the MLL community (Gibb et al. (2019), Khalighifar et al. (2022)), the single-species labels
assigned to ARU observations (hereafter, autoIDs) are still prone to error with cross-species
misclassification resulting in false-positive and associated false-negative detections (Wright
et al. (2020), Koslovsky et al. (2024)). For large-scale monitoring programs, the concern is
that failure to account for misclassification errors in autoIDs may lead to biased statistical
estimates, and consequently, set off adverse downstream effects (e.g., incorrect management
decisions, “take” of a vulnerable species, or failure to adequately address serious conserva-
tion issues; Russo and Voigt (2016), Rydell et al. (2017), Irvine et al. (2022)). As such, a
desirable statistical model must account for both false-negative and false-positive detections
due to the misclassification process when estimating parameters of interest.

Wright et al. (2020) proposed the count-detection model, a statistical framework that ac-
counts for imperfect detection and explicitly models the misclassification process inherent to
ARU datasets. The count-detection model uses a confusion matrix to describe the probability
of one species being misidentified as another, making the explicit assumption that a false-
positive detection for one species is due to the misclassification of another (Wright et al.
(2020)), as opposed to the presence of ambient noise in the environment (Chambert et al.
(2018)). This assumption makes it the most appropriate framework for modeling species as-
semblages with bat-acoustic data to date (Irvine et al. (2022), Stratton et al. (2022)). The
focal parameters of the count-detection model are occurrence probabilities and relative activ-
ity rates for all species in a species assemblage. Relative activity is defined as the expected
number of detections per sampling occasion for a species, given its presence and the other
species in the assemblage; it is often of interest to monitoring programs because it can serve
as an early-stage indicator of species declines (Stratton et al. (2025)). Recent extensions of
this modeling framework include a multiyear observation-level formulation with morphos-
pecies designations (Spiers et al. (2022)) and a scalable zero-inflated Dirichlet-multinomial
model that incorporates a misclassification indicator and covariates at the observation level
(Koslovsky et al. (2024)).

A fundamental challenge of modeling false-negative and false-positive detections result-
ing from the misclassification process is that parameters are not identifiable from the sample
data alone; additional information is required to inform classification parameters (Royle and
Link (2006), Chambert et al. (2018), Wright et al. (2020)). One potential solution is to esti-
mate misclassification parameters using a separate auxiliary dataset, which Ruiz-Gutierrez,
Hooten and Campbell Grant (2016) refer to as a “calibration model” in their taxonomy of
false-positive occupancy models. However, calibration models require the assumption that
the auxiliary dataset is representative of the sample in hand, which can be difficult to assess
in practice (Stratton et al. (2022)). Another solution is to construct informative priors for the
misclassification rates when such information is available (e.g., Spiers et al. (2022), Strat-
ton et al. (2022)). Alternatively, one may use coupled classification, wherein a subset of the
machine-predicted autoIDs in the observed data are validated by human experts, yielding a
pair of true and ML-predicted species labels. Coupled classification can be viewed as a spe-
cial case of supervised learning (Spiers et al. (2022)). When paired with the count-detection
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model framework, coupled classification (or “observation model confirmation™ in the tax-
onomy of Ruiz-Gutierrez, Hooten and Campbell Grant (2016)) can yield narrower posterior
intervals than auxiliary data (Stratton et al. (2022)), but also requires human experts to man-
ually verify a probabilistic sample of observed recordings. The requirement that recordings
be manually reviewed for each annual survey presents a hidden, and potentially uncontrol-
lable cost in an otherwise efficient data processing stream. As such, a key question facing
wildlife monitoring programs is how to tailor the autoID selection process, or validation de-
sign, to reduce the total number of autoIDs requiring manual validation while simultaneously
ensuring statistical inference for focal parameters is accurate and precise enough to inform
management decisions.

We use the NABat acoustic processing workflow and empirical data from Oregon and
Washington, USA to motivate and contextualize our work. We consider three validation de-
signs either used or suggested for use as cost-efficient ways to implement coupled classifica-
tion within the count-detection model. We highlight practical challenges associated with each
design to motivate the development of an alternative model formulation that may improve es-
timation with reduced validation effort. In the first validation design, the Northwestern Bat
Hub, a regionally organized partnership within the NABat program, tried to reduce valida-
tion effort by randomly selecting 20% of autoIDs from the first sampling occasion at each
location (for bats a “site-night™). As a second example, Stratton et al. (2022) used simulation
to explore the implications of a design that assumed all recordings (100%) from a subset of
site-nights were validated. Although this validation design has the advantage of yielding a
computationally efficient count-detection model formulation, Stratton et al. (2022) noted that
the number of recordings per species available for estimating the classification parameters
was stochastic. As a result, only prohibitively high levels of validation effort could guaran-
tee stable estimation of model parameters, limiting the effectiveness of exhaustive validation
within sampling occasions. Based on these findings, Stratton et al. (2022) proposed using
the third validation design we consider: a stratified random sample from the entire collec-
tion of single-species ML -labeled recordings with strata defined by autoID label. We refer to
this design as a stratified-by-species design. This design could potentially allow monitoring
programs to control the costs of validation while also ensuring Markov Chain Monte Carlo
(MCMC) convergence by prioritizing validation of particular autoID labels.

We recast the count-detection model as a missing-data problem and show that the stratified-
by-species design can lead to true labels that are missing at random, making the validation
design ignorable (Gelman et al. (2013), p. 202). The observation- or recording-level speci-
fication of the count-detection model proposed by Spiers et al. (2022) used a complete-data
likelihood (CDL) approach by imputing the missing true-species labels within the MCMC al-
gorithm (data augmentation; Link and Barker (2010), p. 165). We obtain a partially-integrated
CDL model specification by integrating over the missing true-class labels: for brevity and be-
cause we model only the observed true-species labels and autoIDs, we refer to our specifica-
tion as the observed-data likelihood (ODL). We use empirically informed simulation studies
to show that the ODL converges more quickly than the CDL and results in unbiased estima-
tion with nominal coverage for all the parameters in the count-detection model across a range
of data-generating values and reduced-effort validation designs. The ODL model provides
a promising solution to the costly bottleneck in many bioacoustic data streams—including
NABat’s—that has prevented the widespread adoption of the count-detection model for sta-
tus and trend monitoring. We introduce the modeling framework and derive the ODL in the
following section.

2. Statistical methods. We adopt the observation-level (i.e., recording or call file level)
count-detection model specification originally proposed by Spiers et al. (2022).
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2.1. Model specification. Let i = 1,2,...,n index sites and k = 1,2,... K index
species. The model assumes a latent occurrence state of species k at site i, denoted Z;,
that takes on value 1 when species k is present at site i and zero otherwise. Assuming that
occurrence is independent across sites i and species k, we model each Z;; as a Bernoulli
random variable with occurrence probability v

(1) Z,‘k ~ Bemoulli(z,lr,-k).

In this work, we assume that v is constant for all sites i. However, one could extend the
model via a logit or probit regression to accommodate covariates at the site level. For ease of

notation, let Z; = (Z;y, Z;», ..., Z;x)' denote the vector of species occurrence indicators at
location .
Letj=1,2,...,J index a detector night (or visit). At locations where species k is present

(i-e., Zjk = 1), we model the number of recordings from that species on visit j to site i as a
Poisson random variable with rate A; ;. representing the relative activity of species k on visit
J to site i:

Yijk|Zik = 1 ~ Poisson(Ajk).

We assume independence of Y;;; across species. Furthermore, we assume that A;j; = A
for all sites i and visits j so that each species has a single relative activity rate that does
not vary across sites or visits. Although this assumption simplifies our derivations, extending
this model to accommodate covariates in a generalized linear model framework would be
straightforward with an appropriate link function.

The assumption of independence across species—especially at the level of individual call
files—is difficult to assess and is common in the multispecies occupancy literature. However,
some authors (e.g., Rota et al. (2016)) have developed occupancy models that allow estima-
tion of dependency among species’ presence, but this has not been extended to models for
both occupancy and relative activity, as in our framework. In the context of our model, the
consequence of assuming independence is that we are potentially not capturing associations
in counts due to the attractive or repulsive influence of one species on another.

In the presence of an imperfect classification algorithm, we do not directly observe Y;jy.
However, we do observe the total number of calls from the site-night, which is denoted as
Yij. = YK | Yijk. We assume independence across visits j and model ¥;;. as a mixture dis-
tribution with components defined by the species occurrence indicators Z;:

0 with probability l_[(l — i) when Z; =0,
k

@  YlZi~§ iy .. .
Poisson(Z;A) with probability (1 - l_[(l — Effik)) otherwise.
k

In equation (2), A denotes a K x 1 vector where the kth entry contains the relative activity
parameter for species k.

At locations where observations were made (i.e., at least one species was present and
recorded so that Y;j. > 0), let /;; = 1,2,...,Y;;. index an individual observation within
a site-night (7, j). Further, let T, and Ay, denote the K x 1 vectors indicating the true
and autoID species labels, respectively. We sometimes write 7;, = k to denote T, =
(Tij15 Tijos - i - - Tgl.jK)’ =(0,0,...,0,1,0,...,0), where the only nonzero entry
is the kth element. After manually validating a recording, the true species label Tj;; is known.
We assume that when selected, recordings can be validated and that the resulting true-species
labels are always correct. We refer to the subset of validated recordings with known true la-
bels as the validation set. In practice, the assumption that human-annotated labels are always
correct may be violated, which will bias inference for target parameters due to the lingering
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presence of false-positive and associated false-negative detections. For this reason, validation
is carried out by expert biologists who have undergone extensive training following standard-
ized protocols that are intended to reduce errors by human observers (Loeb et al. (2015),
Reichert et al. (2018)). A similar standard would be required to make this a reasonable as-
sumption for other types of bioacoustic data.

Due to properties of independent Poisson random variables, and conditional on the ob-
served total count of recordings Y;; = y;;. > 0. the number of recordings due to true species
k is a Multinomial random variable with probability vector p; (defined below). Assuming
independence among recordings, we model the true-species label of an individual recording,
Tj;; as a Multinomial random variable with the same probability vector p;:

T;‘.J.|Zg, A ~ Multinomial(1, p;), l;; =1,2,..., yij. Where

pi = (pi1, pi2, ... pik)’, and
_Lihe

Zg=1 Zim J‘-m '

The kth entry in p, pik, corresponds to the probability that a recording observed at location
i is attributable to species k. The straightforward interpretation of each p;x as the proportion
of expected activity due to the presence of species k at site i/ results from our assumption
that the total counts of recordings on a detector-night follow a Poisson distribution. To model
overdispersed data, one could use the modeling framework of Koslovsky et al. (2024), which
shares many similar features to the framework here and has shown benefits when overdisper-
sion is present.

Conditional on the true species label, we model the classification process through a clas-
sification matrix ®, where entry {k, k*} = 6xx+ denotes the probability that a recording from
true species k is assigned autoID label k*. Note that diagonal entries in this classification
matrix correspond to the probability of correct classification and the rows of ® sum to 1:
>_m Okm = 1. Given the true species label for recording /;;, the autoID Ay, is modeled as a
multinomial random variable with the probability vector determined by row of ® correspond-
ing to the true species that generated the recording:

€) Ay;|Ty,;, © ~Multinomial(1, T;, ©).

3
Pik

ij?
As with Ty, j» We sometimes use Agl.j = m as a notational shorthand for Ag!.j = (Ay; jlyenes
Aim—15 Alm, Alymt1s - -5 Alg) = (0,...,0,1,0, ..., 0)’, where the 1 is in the mth entry.

To summarize, the unnormalized posterior distribution of our hierarchical construction is
given by

n K J
p(¥,1,0,Z|T,A) x 1‘[[1‘[ P(Ziklvo) [ ] [p(mzf, A)
i=1Lk=1 Jj=1

Q) .
x [] p(A;,-le;,.j,@)p(T;,.jlzs,X)H x [p(¥)p(X) p(©)].
I

ij=1

In equation (5), p(¥). p(X) and p(®) are appropriate prior distributions for the parameters
of interest. In our simulations and application, we follow Stratton et al. (2022) and use in-
dependent Beta(1, 1) priors for ¥, independent half-normal priors N4 (0, o = 100) for each
Ak, and Dirichlet(e) priors on each row of ®. We set the concentration vector « = 1/K x 1,
the reference distance prior recommended by Stratton et al. (2022). To avoid drawing missing
true-species labels at each MCMC iteration, we use the observed-data likelihood, which we
introduce next.
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2.2. Missing data notation, types of missingness and the observed-data likelihood. Mod-
eling data gathered under probability designs with even moderate complexity requires con-
sideration of the data collection mechanism (Gelman et al. (2013), Irvine et al. (2018), Little
and Rubin (2020), Zachmann et al. (2022)). In Bayesian models for survey data, the data
collection mechanism is often formulated in terms of a “missing data problem.” Missing data
problems are typically categorized according to a three-type scheme, which we describe in-
formally here. In the mildest case, observations are missing completely at random (MCAR)
and missingness is independent of all observed and unobserved variables. In the second case,
observations are missing at random (MAR; Rubin (1976)), meaning the missingness depends
only on the observed components of the data that are available to the analyst. Finally, if obser-
vations are missing not at random (MNAR), the missingness of an observation is influenced
by the values of unknown data. For a full treatment of missing data assumptions, see Lit-
tle (2021). We consider only validation designs where observations are selected based on a
characteristic that is known for all observations (e.g., the autoID labels).

For a stratified-by-species validation design, recordings are selected probabilistically us-
ing fully observed autoIDs, and observations are missing at random, with the probability of
missingness determined by the autoID and the priorities of the monitoring program. To illus-
trate how one would construct the ODL model, we follow Gelman et al. (2013) (Chapter 8,
pp- 199-202) and introduce missing-data notation.

Let X = (X1, X12, X015 .-+, X17, - -+, Xp(J—1), Xps)’ denote a matrix of potential data
that is partitioned by site-night. For example, if 2 visits are made to each of 3 sites, X has the
following form:

EachX;;.i=1,2,...,nand j =1,2,..., J isitself a matrix of dimension ¥;;. x 2. Each
row in Xjj is a 2-vector containing the true and autoID species labels for observation /;;.
respectively. For example, we might have a site-night data matrix that appears as

Ty; Ay,

lij=1 1 1

lij =2 NA 2
Xij = . . e
lij =Yjj. |_ 2 2 J

Now let I = (I11,...,I,7)" denote a matrix of the dimensions as X; j. with each entry
taking on value 1 if the corresponding entry in X is observed and zero otherwise. For instance,
for the example matrix X;; above, we would have the corresponding indicator matrix:

lij=1 1 1
lij=2 0 1
Li= |5
Lij=Y;. L1 1

Note that the ML -predicted autoIDs are observed for all recordings, so that the second col-
umn of I;; is a vector of 1s. Based on this feature of the data, partitioning the potential data
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into observed and missing components (i.e., into Xf-;-’bs) and Xg?"js)) is determined solely by
the first column of I;;. The entry in the first column of I;; corresponding to recording /;; we
denote as the scalar Ij;;. As an additional consequence of always observing the ML-predicted
labels, the missing data Xg-m) = {(T}U, A[‘.j) : Igij. = 0} is the set of observations with un-
known true-species labels. With these definitions for the missing and observed components

at the site-night level, we construct the missing and observed components of the data across
all sites and nights as

(obs) (mis)
T e
obs mis
X(nbs) — XIZ and X(mis) — XIZ
(obs) (mis)
X Xar

Modeling data from complex sampling designs may involve jointly modeling the responses
X and the inclusion indicators I. In the context of our problem, the joint distribution is fac-
tored as

(6 pPXIA,¥,0,¢) = pXIA, ¥, 0)p(X, §),

where ¢ is a vector of parameters indexing the missingness mechanism that will vary depend-
ing on the validation design. For instance, if a monitoring program used a stratified-by-species
approach to validation, ¢p would be a K x 1 vector containing pre-specified probabilities of
selecting a recording for validation, given its autoID label. Note that equation (6) assumes
that the data X are conditionally independent of the missingness parameters ¢ given the pa-
rameters associated with the complete data, (A, ¥, @), and that I is conditionally independent
of (A, ¥, ©) given ¢. In other words, the parameters indexing the missingness mechanism
provide no additional information about the data labels once the data-generating parameters
are known, and the data-generating parameters provide no additional knowledge about the
probability of missingness once we know the elements of ¢. We assume that the inferential
goal is to model (A, ¥, ®). Equation (6) is sometimes called the complete-data likelihood
(CDL; Link and Barker (2010), p. 188).

Gelman et al. (2013) note that the CDL can be useful for initially setting up a model,
but advocate for use of the observed-data likelihood, which marginalizes out the missing
values (p. 201). In our case, the missing values are the true-species labels of observations not
selected for validation:

(7) p(X(ObS), Ilkg w, @, ¢) = [ p(x, Ilk’ ]ﬁ’ 0, ¢) dx(rms)

In the context of our study, the elements of ¢ are known by design and are distinct from
the data parameters (A, ¥, ©®). As such, we can obtain posterior inference with the observed-
data likelihood by specifying prior distributions on (A, ¥, ©). Next, we fully translate the
observed data likelihood (7) into the context of the individual-level count-detection model
outlined in Section 2.1.

2.3. Deriving the ODL. In the context of the individual-level count-detection model, a
response X, = (T3, ;s Ay, i ). where Tj, ; and Aj; j are the scalar indices corresponding to the true
and autoID species labels, respectively. Applying equations (6) and (7), we factor the joint
distribution of the indicators, true labels and autoIDs assuming a stratified-by-species design.
Similar steps could be used for alternative validation designs. Translating equation (6) into
our model notation and dropping the (i, j) subscripts, the joint probability of the indicators,

true and autoID labels can be factored as p(I, X|A, ¥, ©, @) = p(I;, A, T{|A, ¥, 0, ¢) =



2964 J.K. ORAM ET AL.

pI1|Ay, @) p(A| T, A, ¥, ®) p(Ty|A, ¥, ©). The first term in this factorization holds because
inclusion in the validation set is conditionally independent of the true label and all model
parameters, given the autoID. Notice that under the stratified-by-species design. /;;; depends
only on the fully-observed autoIDs, making this design MAR with respect to our model.
Together with the fact that ¢ and (X, ¥, ©) are independent a priori, the stratified-by-species
validation design is ignorable in our Bayesian model (Rubin (1976), Little (2021)).

With this factorization, we partition the product ]‘[}: j_f'zl p(Ay;|Ty;, ®)p(Ty;1Z;, A) in
equation (5) into two components corresponding to the likelihood contribution of the record-
ings with observed and unobserved true-species labels but do not formally model the missing
data indicators because the validation design is ignorable:

[ p@A,;ITy,;, ©)p(Ty,;1Zi, 1)
iij:hij:]'
®)
x |1 pAy1Zi,2,0).
l,‘j:h‘.J,:U

The first product in equation (8) is the same as in equation (5). The second product is the
likelihood contributions of the observations with unknown true-species labels marginalized
out to obtain the observed-data likelihood as follows.

Recall that in our notation T[‘.j =k <— Tl.-j =(0,0,...,1,...,0), where the 1 is in the
kth entry, with a similar convention for Ay i = k*. Note that for a single observation with
autoID Ay, = k*, we have

K
PI(A,".J, =k*|Z;, X, @) = Z Pl‘(AgU. = k*| Tl,-j =k, @) Pl‘(?}i;. =k|Z;i,))

=
—

Il
M=

[Multinomial(1, T;‘,j ©) x Multinomial(1, p)]

k=1
K
A.fl"l Af" i2 AIE'K Tf"'l T!,- i2 TIE'K
=2 [0n" 6" -6 X Pt Pia’ - Prk
€)) k=1
K
=Y O+ X Dik
k=1
_ EK:I:Bkk o« _ Zikhk ]
k=1 Zm Zimlm

The last line of equation (9) is a mixture of discrete distributions with component weights
Pik = ZikAk/ Y m ZimAm- This result matches the fact that the set of ambiguous autoIDs with
label k* is a mixture of calls from all species present at location i. In the third line, the equality
holds because 1! = 0! = 1 in the multinomial likelihood. The fourth line follows because only
the k*th entry of Ay;; is nonzero (and has value one). Similarly, only the kth entry of Ty,; is
nonzero, with value one.

Let 8px = Zle[ekk* X Zikh/ >om Zimrm). and let § = (81,8, ...8k) denote the K x 1

vector of marginal probabilities for each autoID label if the recording is not validated. Note

K ) N A1 A2 Agji Ayik
that ), ém = 1 and we can write p(A{U =k*Zi,A,©)=46," 35,7 ...8,.7 ...8

which is the PMF of the Multinomial(1, §) distribution.

E
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With the unobserved true-species labels marginalized out, the unnormalized posterior dis-
tribution based on the observed-data likelihood is

n K J
p. 1,0, 2T, 4 o« []| [ pZuclvo) [] [p(ij‘lzi,k)

i=1Lk=1 j=l1

x ] p@Ay,;Ty,;, ©)p(T,;|Zi, 1)
(10) lij:[jijzl

x l_[ p(Al,'jlzfsky 6)]]

l,‘j!fjl.j =0

x [p(¥)pA)p(©)],
with p(Ay, j |Zi, A, ®) as in equation (9) above.

2.4. Simulation design. To explore the performance of our method, we conduct two sim-
ulation studies. The goals of these studies are (1) to demonstrate the advantages of using the
observed-data likelihood by comparing the posterior inference resulting from this likelihood
with a model that uses data augmentation to impute unknown true-species labels; and (2) to
show that our model recovers the data generating parameter values with varying validation
designs regardless of the species assemblage characteristics.

For simulation study 1, we compare the performance of the ODL model with a complete-
data model similar to the one proposed by Spiers et al. (2022) that imputes the unobserved
true-species labels using data augmentation (the “CDL model™). In some settings, categorical
random variables can be imputed using a latent multivariate normal random variable (Schafer
(1997), Sections 6.3—6.4). Song et al. (2009) showed these procedures can bias inference and
provided a correction factor for low-dimensional settings where the probability distribution of
the observed categorical variable is known. More often, data augmentation schemes sample
missing class labels from their conditional predictive distribution during each MCMC itera-
tion (Schafer (1997), p. 72). In our case, missing labels are drawn using the default cate-
gorical sampler in the probabilistic programming language NIMBLE (de Valpine et al.
(2017)). We defined performance in terms of average estimation error, average 95% posterior
interval widths and the coverage rate of 95% posterior intervals. We only compare results
from fitted models that exhibited evidence of convergence. We defined evidence of conver-
gence as the fitted model having R (Gelman and Rubin (1992), Vehtari et al. (2021)) values
less than 1.1 for the ODL model and 1.2 for the CDL model. We increased the convergence
threshold because CDL model fits frequently achieved R < 1.1 for all model parameters ex-
cept A3, which often failed to converge. Because the Gelman—Rubin statistic alone is not
sufficient to assess convergence (Vats and Knudson (2021)), we chose a threshold of R<12
for the CDL model after inspecting traceplots and effective sample sizes for A3 in a subset of
simulations. More discussion of convergence results are provided in Section 3.1.

We assumed that data were obtained from an assemblage of five species across 100 sites
with 4 visits to each. We used empirically informed data-generating values based on posterior
estimates for bats surveyed in British Columbia, Canada (Stratton et al. (2022)). The assumed
species assemblage included one highly active and prevalent species (species 1, which we
refer to as the “common” species; A; = 28 and ¢r; = 0.9) and one rare and relatively inactive
species (species 4: A4 = 1, ¥4 = 0.1). We compare the performance of the ODL model with
the CDL model under four stratified-by-species validation scenarios (Table 1) and under a
simple random sample of all recordings.



2966 J.K. ORAM ET AL.

TABLE 1
Data generating values and validation scenarios for the five-species assemblage assumed in simulation study 1.
We explore four stratified validation scenarios, with the level of effort for the “common” species fixed at 10%
and the level of effort for species 4 (the “rare” species) fixed at 100%. These choices reflect a design where the
greatest conservation concern is placed on the rare species and researchers desire an efficient way to reduce the
programmatic costs of validation for species that are fiequently encountered. We also consider a simple random
sample (SRS) of 50% of all observations

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5
Species ¥ A (100%) (75%) (50%) (25%) (SRS)
1 0.90 28.0 0.1 0.10 0.10 0.10 SRS of
2 0.70 2.4 1.0 0.75 0.50 0.25 50% of all
3 0.24 11.9 1.0 0.75 0.50 0.25 autoIDs
4 0.10 1.0 1.0 1.00 1.00 1.00
5 0.61 4.0 1.0 0.75 0.50 0.25

In each of the four stratified-by-species validation scenarios, we assumed that the species
of greatest conservation concern was the rare species (species 4), which received 100% val-
idation. To reduce the overall number of validated recordings, we fixed the level of vali-
dation effort for the common species (i.e., species 1) at 10% for all scenarios. To explore
how further reductions in validation effort affected posterior inference under the two mod-
els, we varied the level of validation effort for the three remaining species from 100% to
25% over the four stratified-by-species scenarios. We assigned the same level of effort for
species 2, 3 and 5, because their expected number of calls (the product yx x Ax) was nei-
ther very high nor very low. In practice, these assignments require some prior knowledge
of the species assemblage under consideration. The final validation scenario we consid-
ered for comparison between models was a simple random sample of 50% of all observa-
tions.

For each validation scenario, we compared the posterior inference from each model under
two classification scenarios. The first classification scenario for simulation study 1, desig-
nated ©,, assumes that the classifier is well behaved with high classification probabilities
along the diagonal:

AutoID=1 AutolD=2 AutolD=3 AutolD=4 AutolD=35

True =1 0.95 0.02 0.01 0.01 0.01
True=2 0.05 0.9 0.02 0.02 0.01
O;= True=3 0.01 0.02 0.95 0.01 0.01
True =4 0.02 0.03 0.05 0.85 0.05
True=>5 0.04 0.01 0.01 0.01 0.93

The second classification scenario (designated ®;) assumes that the classifier features
low probability of correct identification for the common species (species 1, 6;; = 0.55) and
comparatively high probabilities of classifying calls from species 1 to other species (e.g.,
614 = 0.15). Under our second scenario, the total count of calls attributed to species 2—5 will
be contaminated with a large number of false-positive detections that truly came from species
1. Note that a nontrivial proportion of detections from species 1 are incorrectly labeled as
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TABLE 2
The three-species assemblages assumed in simulation study 2, which explores a subset of all possible
combinations of low, medium and high values for occurrence probabilities yr and relative activity parameters A

Assemblage U A

1 0.15 2
0.50 12
0.90 40
2 0.15 2
0.90 12
0.50 40
3 0.50 2
0.15 12
0.90 40
4 0.50 2
0.90 12
0.15 40
5 0.90 2
0.15 12
0.50 40
6 0.90 2
0.50 12
0.15 40

species 4, resulting in a high rate of false-positives for the rare species.

AutoID=1 AutolD=2 AutolD=3 AutolD=4 AutolD=25

True =1 0.55 0.1 0.1 0.15 0.1
True =2 0.05 0.9 0.02 0.02 0.01
©;= True=3 0.03 0.02 0.87 0.04 0.04
True =4 0.02 0.03 0.05 0.85 0.05
True=>5 0.04 0.01 0.01 0.01 0.93

Consequently, we refer to ©, as the common-to-rare classifier scenario because of the direc-
tion of false-positives.

For simulation study 2, we assumed assemblages of three species to reduce computational
demand. Assemblages of three species are small compared with those encountered in prac-
tice, but are still at least as large as those assumed in simulations by Wright et al. (2020),
Spiers et al. (2022) and others. For each assemblage shown in Table 2, we simulated 50
datasets, assuming 4 visits to each of 100 sites. Each of the 50 datasets was subjected to
three validation designs. The first of these was a simple random sample (SRS) of 50% of all
recordings. The second scenario followed the “fixed effort” (FE) design used for validation of
the Oregon/Washington bat acoustic data, but with 50% of recordings from the first visit to a
site validated. We also explore a stratified-by-species validation design (Stratified), where the
most common species received 30% validation, the second most common species received
50% validation, and rare species autoIDs were always validated.

For simulation study 2, we held the classifier constant and used values based on testing by
the Montana Natural Heritage Program of classifiers using hand-released bats (written com-
munication from Dan Bachen, Montana Natural Heritage Program, 2024). The empirically
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motivated classifier for simulation study 2 is given by

AutoID=1 AutolD=2 AutolD=3

True=1 0.91 0.01 0.08
O= Tue=2 0.15 0.54 0.31
True = 3 0.11 0.03 0.86

In both studies, we simulated a complete dataset then randomly sampled according to the
validation design. All observations that were not selected into the validation set had their
true species label masked, simulating an ambiguous detection. For each simulated dataset,
we tracked the runtime required to fit the model, the posterior mean, 95% posterior interval
width, evidence of convergence for each parameter, and whether the 95% posterior interval
captured the true data-generating value. All MCMC algorithms were implemented in NIM-
BLE (de Valpine et al. (2017, 2022)) in R (version 4.3.2, R Core Team (2021)). Although not
necessary for fitting our model, we chose to expedite our simulation studies by performing
computations on the Tempest High Performance Computing System, operated and supported
by University Information Technology Research Cyberinfrastructure at Montana State Uni-
versity. We assigned each validation scenario to a node, with three cores used per node to fit
chains in parallel. All nodes had 256 CPUs and 1024 GB of memory available, which is far
beyond the requirements of fitting this model. We provide code to fit the ODL model on a
desktop computer in Supplementary Material B (Oram et al. (2025)).

3. Simulation results.

3.1. Comparison of complete-data and the observed-data likelihood. Our first simula-
tion study compared coverage and average estimation error obtained from the observed-data
likelihood (ODL) model with that from a complete-data model that uses data augmentation
to draw missing true-species labels of recordings not selected into the validation set (i.e.,
the “CDL model”). In general, the ODL model achieved near-nominal coverage and mini-
mal estimation error in all validation scenarios, including under a simple random sample of
50% of all recordings (Figure 1). Additionally, the ODL model matched or outperformed
the CDL model, even when observations were selected for validation according to an SRS.
‘We noted an increase in model performance (i.e., coverage that was closer to nominal lev-
els and decreased estimation error) using the observed-data likelihood especially when the
classifier was poor (i.e., under ®,; refer to Supplementary Material A, Oram et al. (2025),
Figures 4-6).

‘We observed particularly large estimation error and an associated decrease in coverage for
large relative activity parameters (e.g., A; and A3) under the CDL model as the level of effort
decreased across validation scenarios 14 (Figure 1). In contrast, the ODL model exhibited
minimal estimation error, with similar posterior interval widths and near-nominal coverage.
For relative activity parameters with smaller true values, such as A, and As, inference was
nearly identical under the two models, with little variation among validation scenarios (Sup-
plementary Material A, Oram et al. (2025), Figures 1 and 3). These findings are consistent
with the two-species and one morphospecies simulation studies conducted by Spiers et al.
(2022), which set small values for relative activity parameters, and with the simulation re-
sults reported in the Supplementary Material of Koslovsky et al. (2024).

Underestimation of relative activity parameters by the CDL model corresponded with a
proportionally large overestimate of that species’ probability of occurrence. For instance, in
validation scenario 4 (25%, Figure 1), which had the lowest overall effort, we observed severe
underestimation of A3 and substantial overestimation of 3. We noted that validation scenar-
ios with the most severe estimation error for (A1, v¥1) and (A3, ¥3) were often accompanied by
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FIG. 1. _Average posterior means and 95% posterior intervals for relative activity parameters under the well-
behaved classifier (01). Circles and triangles indicate the average posterior means for the complete-data (CDL)
and observed-data likelihood (ODL) models, respectively. The x-axis corresponds fo the validation design. Per-
centage labels on the x-axis correspond to the % of calls validated for species 2. 3 and 5 under the stratified
design, where the level of effort for species 1 (“common” species) is fixed at 10% and the level of effort for
species 4 (“rare” species) is fixed at 100%. Background error bars show posterior intervals from an individual
fit of a simulated dataset that showed evidence of convergence (i.e., Gelman—Rubin statistic R<11 Jfor the ODL
model and R < 1.2 Jfor the CDL model). Large ervor bars indicate average posterior intervals across all simulated
datasets that converged, with color indicating coverage. The dotted lines indicate the true parameter values for
each parameter.

estimation error in #,3, the probability that a recording generated by species 1 was classified
as species 3 by the ML algorithm (Supplementary Material A, Oram et al. (2025), Figure 3).
All other misclassification parameters were estimated with minimal error and near-nominal
coverage by both models (Supplementary Material, Oram et al. (2025), Figures 4-6).

The severity of estimation error under the CDL model varied with the characteristics of
the classifier. In general, we observed much larger estimation error under the poor classifier
(®3) than under the well-behaved classifier, especially for problematic parameter pairs such
as (Y1, A1) and (y¥3, A3). Although we consistently observed far greater error in estimates
obtained using the CDL model under the poor classifier, there was little change in interval
widths, resulting in coverage far below nominal levels for some relative activity and occur-
rence parameters (e.g., (Y1, A1) and (3, A3); Figure 1). Estimates obtained from the ODL
model, in contrast, were not as strongly affected by the accuracy of the classifier; performance
gains (in terms of coverage and estimation error) were marginal with the well-trained classi-
fier (comparing Figure 1 with Supplementary Material A, Oram et al. (2025), Figures 4-5).
For example, in Scenario 4 (25%), which had the lowest total validation effort, we docu-
mented a decrease in the CDL model’s coverage of As from 0.96 under the well-trained
classifier to 0.63 under the poor classifier (Supplementary Material A, Oram et al. (2025)).
For this same parameter, the ODL model’s coverage changed from 0.96 to 0.9, indicating



2970 J.K. ORAM ET AL.

the ODL model is less affected by large off-diagonal elements in ® than the CDL model for
fixed validation effort.

In our simulations, we found that the ODL model converged quickly (within 2000 iter-
ations), while the CDL model often required substantially more MCMC iterations to reach
convergence (> 20,000). This result aligns with existing knowledge that integrating out la-
tent variables from complex models can improve the efficiency and stability of MCMC algo-
rithms (Liu, Wong and Kong (1994), Yackulic et al. (2020)). In our case, even with a 10-fold
increase in MCMC iterations, many more of the CDL model fits failed to meet our conver-
gence criterion and were excluded (Table 1, Supplementary Material A, Oram et al. (2025)).
We excluded all model fits that did not reach MCMC convergence. The low convergence rates
in the CDL model were primarily driven by A3, which often exhibited substantial autocorre-
lation in traceplots and correspondingly small effective sample sizes. Often, all parameters
in a2 CDL model fit would have R ~ 1 except for A3, even after a vast number of MCMC
iterations. For the sake of comparing results across the two models, we softened the thresh-
old required for a CDL model fit to be considered “converged” from 1.1 to 1.2. Although we
did not observe a substantial difference in the number of MCMC iterations per minute, the
reduced number of iterations required of the ODL model to reach R < 1.1 for all parameters
substantially reduced computation time (e.g., &~ 5 minutes versus ~ 56 minutes for a dataset
of /2 13,000 observations).

For practitioners, the results of our first simulation study have two main implications.
First, the ODL model provides minimal estimation error and near-nominal coverage with a
stratified-by-species validation design at much lower levels of effort than the CDL model.
For example, the performance of the CDL model was substantially worse, especially for 1,
and A3, unless at least 75% species 2, 3 and 5 autoIDs were validated (Figure 1). Second,
the difference in performance is expected to increase if the classifier frequently misclassifies
common species as rare ones, as in ©;.

3.2. Comparing across assemblages with the ODL model. Our second simulation study
focused on comparing results across different species assemblages within each of three val-
idation designs: a stratified sample, with 100%, 50% and 30% validation for rare, medium
and common species, respectively; a fixed effort design, wherein the first sampling occa-
sion (visit) of each sampling unit (site) had a fixed percentage (50%) validated; and a simple
random sample of 50% of all observations validated.

Our results were remarkably consistent across assemblages with high convergence rates,
near-nominal coverage for 95% posterior intervals, and minimal estimation error for ecologi-
cally relevant parameters such as relative activity rates and occurrence probabilities (Figure 2
and Figure 7, Supporting Information 1, Oram et al. (2025)). Uncertainty interval widths for
relative activity parameters appear to change across assemblages in Figure 2; however, across
assemblages these results are consistent in the sense that the relative activity parameter that
exhibited the widest uncertainty intervals always belonged to the species with the lowest
probability of occurrence.

Often, greater uncertainty (relative to the same parameter value in other assemblages) in
model estimates of A4 was matched by greater uncertainty in the misclassification parameters
0 (Figures 810, Supplementary Material A, Oram et al. (2025)). This is to be expected be-
cause rareness in a species’ occurrence means there are fewer opportunities to observe calls,
providing less information to estimate the rate at which that species generates recordings
and the rate at which those recordings are subsequently misclassified. The patterns observed
across assemblages persisted regardless of whether observations were validated according to
a simple random sample, stratified random sample or a fixed effort design. We illustrate the
use of our method on real data using a fixed-effort validation design in the following section.
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4. Application: Bat acoustic data in Oregon and Washington. We applied our method
to the motivating acoustic dataset obtained from Oregon and Washington during summertime
surveys in 2019. These data were gathered following the NABat spatially balanced master
sample (Reichert et al. (2021)). In brief, the study region was divided into nonoverlapping
10 x 10 kilometer grid cells, which were then assigned a priority ordering according to the
Generalized Tessellation Randomized Stratified sampling (GRTS) algorithm (Stevens and
Olsen (2004)). An advantage of the GRTS algorithm is that any subset of grid cells, when
visited in priority order, will yield a spatially balanced sample—a desirable quality when
monitoring a species over large spatial extents. In our case, the empirical data were obtained
from the first 10 grid cells in Washington, and the first 10 grid cells in Oregon. One grid
cell in Oregon had no recordings with single-species autoIDs and was discarded. Within each
grid cell, between 2 and 4 acoustic detectors were deployed according to NABat protocols
(Rodriguez et al. (2019)); these detectors typically remained in place for one night. When
detectors were deployed at the same location for more than one night, we modeled only the
first and last night to reduce temporal correlation in nightly detections. With this scheme, a
site-night corresponds to a detector night at a specific location within a GRTS cell. When
acoustic surveys were complete, raw audio files were filtered and classified to species using
the proprietary classification software SonoBat (Sonobat (2019)). A fixed-effort validation
design was attempted, with 20% of the call files from the first recording night at each grid cell
randomly selected for validation. Additionally, researchers ensured that at least 50 recordings
were validated from the first detector night at each grid cell; if fewer than 50 recordings
were obtained on the first detector night, all recordings received validation. The true species
identity of many selected calls could not be confirmed, leading to between 2 and 70% of
recordings with known true-species labels at sites with Y;;. > 10 recordings. We treated these
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TABLE 3
Species codes for the eight focal species. Any observed bat species not listed here was given a label of OTHER

Species code Latin name Common name

EPFU Eptesicus fuscus Big brown bat

LACI Lasiurus cinereus Hoary bat

LANO Lasionycteris noctivagans Silver-haired bat
MYCA Myotis californicus California Myotis
MYCI Myotis ciliolabrum ‘Western small-footed bat
MYEV Myotis evotis Long-eared Myotis
MYLU Myotis lucifugus Little brown bat

MYYU Myotis yumanensis Yuma Myotis

recordings as ambiguous data, effectively assuming confirmability is independent of the true-
species label. Throughout, we refer to species using their four-letter abbreviations, which
are shown in Table 3. Although our derivations and simulations in Sections 2 and 3 have
advocated for a stratified-by-species validation design, the Oregon/Washington data comprise
the only published bat acoustic dataset that contains partial verification of recordings within a
detector night because model formulations prior to Spiers et al. (2022) limited the flexibility
of validation designs available to researchers.

Using the ODL model formulation, we obtained posterior estimates for occurrence prob-
abilities and relative activity with sufficiently narrow posterior interval widths to be practi-
cally useful for researchers (Figures 3 and 4). The results obtained from our comparatively
simple model, which assumes that occurrence probabilities and relative activity rates are con-
stant across sites and visits, are generally consistent with other published results and domain
knowledge. For example, using data gathered in British Columbia, Canada, Stratton et al.
(2022) found similar estimates for occurrence probability of Lasiurus cinereus, Myotis evotis
and Myotis lucifugus (abbreviated as LACI, MYEV and MYLU, respectively; Table 3) using
a unique dataset with all true and autoID labels known. We estimated higher probability of

Other =

MYYU

MYLU =

MYEV o

MYCl o

Species

MYCA o

LANO =

LACI«

EPFU

02 0.4 06 0.8 1.0
Posterior probability of occurrence

FIG. 3. Posterior infervals for occurrence probabilities rj. obtained from the 2019 Oregon/Washington, USA,
bat acoustic data. Thick lines are 50% posterior intervals, thin lines are 95% posterior intervals and points are
posterior mean estimates.
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FIG. 4. Posterior intervals for relative activity rates Ay for each focal species considered in the 2019 Ore-
gon/Washington, USA. bat acoustic data. Nonfocal species were modeled using the “other” category. Thick lines
are 50% posterior intervals, thin lines are 95% posterior intervals and points are posterior mean estimates.

occurrence for their fourth focal species (Myotis ciliolabrum or MYCI; 0.24 vs. 0.42 in our
analysis), but variation in some species’ parameter estimates is expected because our data are
from different regions within each species’ range.

Our estimates of relative activity are also in line with existing results. For instance, we
found that MYEV and LACT had the lowest relative activity levels, consistent with Strat-
ton et al. (2022). We also found that the species with the highest relative activity level was
Eptesicus fuscus (EPFU; Figure 4), which others have documented as a highly active species
(Christophersen and Kuntz (2003), Miller (2010)). Of note, naive counts of EPFU autoIDs
are not particularly large, with the exception of one GRTS cell. However, we found that there
was a nontrivial probability (0.53) that recordings from EPFU were mistakenly classified as
Lasionycteris noctivagans (LANO; Figure 5), which did have a large number of autoIDs.
The high estimates for off-diagonal classification parameters underscore the importance of
modeling the ML classification process; if we did not account for misclassification and only
used naive counts, we would severely underestimate the relative activity rate for EPFU. The
high value for 6,3 is expected because LANO and EPFU often share call characteristics,
potentially making them hard to distinguish for automated algorithms (Bachen et al. (2018)).

5. Discussion. To assist the population monitoring efforts of bat researchers, we have
introduced an observed-data model that displays computational and estimation advantages
compared to relying on a data augmentation approach to handle the unobserved true-species
labels. Although either approach should accommodate ignorable validation designs, the ODL
framework facilitates monitoring programs to iterate more quickly on model-building and
sensitivity checks as computational time was decreased in our simulations.

Our ODL model specification provides an opportunity for researchers to use optimal de-
sign criteria to obtain validation designs that meet the goals and objectives of their study. As
a first step in this process, the researcher would define the design space and the study goal in
terms of an optimal design criteria, such as minimizing the volume of the 95% credible re-
gion ellipsoid for model parameters (i.e., Bayesian D-optimality; Huan, Jagalur and Marzouk
(2024)) or expected information gain (Bernardo (1979), Rainforth et al. (2024)). The design
space in the case of acoustic bat monitoring would be a set of possible validation designs



2974 J.K. ORAM ET AL.

EPFU

LACI 4

LANO 4
Posterior Mean
MYCA -

0.75

MY Cl ~
0.50

True Species

MYEV < 0.25

MYLU

MYYU o

OTHER -

EPFU  LACI LANO MYCA MYCI MYEV MYLU MYYU OTHER
AutolD

FIG.5. Posterior means for classification parameters. Lighter colors correspond with higher probabilities. Refer
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that induce missingness at random and meet budget constraints, together with the number of
sites and balanced visits to be sampled. Some care would be needed in defining the design
space, however, because the optimal design may change depending on the characteristics of
the species assemblage and the classifier. By providing researchers with unbiased estimates
and near-nominal coverage of target parameters from flexible and cost-effective validation
designs inducing missingness at random, we anticipate that the ODL model will substantially
lower the barriers that have prevented widespread adoption of the count-detection modeling
framework.

‘We showed in Section 3 that for some validation designs (such as the stratified-by-species
approach in Section 3.1), using the observed-data likelihood improves the efficiency of man-
ual verification. The increased efficiency is visible in Figure 1 because reliable estimates of
model parameters can be obtained for substantially lower effort when using the ODL model
compared to the CDL model. Across all of our simulation scenarios, the ODL model outper-
formed the CDL model: the average widths of posterior intervals were comparable for the two
models, but with substantially less estimation error when using the observed-data likelihood.
This combination of characteristics led to near-nominal coverage of posterior intervals with
the ODL model, even when the number of validated records was low. In contrast, the CDL
model exhibited very low coverage (even zero in some scenarios) for larger relative activity
parameters (e.g., A; and A3). We noted persistent estimation error for the CDL model even
when a simple random sample was taken (i.e., scenario SRS in simulation 1). We did not
expect these results because Stratton et al. (2022) did not document estimation error when
validating all calls from a simple random sample of site-nights, but note that Koslovsky et al.
((2024), Supplementary Material A, Section 3) used a simple random sample to select record-
ings and found the greatest estimation error occurred for large relative abundance parameters
in their model framework.

In comparing data augmentation with the ODL model, it is evident that with a stratified-by-
species validation design, the ODL model requires far fewer recordings to accurately estimate
occurrence probabilities and relative activity levels. For instance, assuming a well-behaved



THE ODL FOR MACHINE LEARNING AND BIOACOUSTICS 2975

classifier like @1, if reliable inference is desired for a species with characteristics similar to
species 3 in our assemblage, we would need to use a design similar to simulation scenario 1,
where all recordings with autoIDs other than the extremely common and active species are
validated (Table 1). For our assumed assemblage, this corresponded to around 4200 record-
ings, a high enough level of validation effort to ensure that recordings from all sites are
validated, which helps to ensure occurrence probabilities and relative activity levels are iden-
tifiable. In contrast, with the ODL approach, we could obtain comparable inference under
simulation scenario 4, which requires only 25% of recordings with autoID labels 2, 3 and
5 be validated. This level of effort decreases the required number of validated recordings to
approximately 1900 recordings. If one assumes that it is not more costly or time-consuming
to validate rare species autoIDs than very common autoIDs, then using the observed-data
likelihood with stratified-by-species validation can roughly halve the costs incurred by cou-
pled classification. Clearly, this is an attractive feature for monitoring programs that would
like to use coupled classification because it allows for validation to be assigned according
to program objectives while simultaneously reducing the effect of the validation step and
increasing the overall efficiency of the program.

Our second set of simulations found that our results do not change substantially with the
characteristics of the species assemblage (Section 3.2). Although we did not alter the hierar-
chical form of the model, we varied the characteristics of the parameter values because pre-
liminary simulations indicated that some combinations of parameters (e.g., low occurrence
probability ¢, and high relative activity Ax) were particularly challenging when imputing
missing true-species labels. Although we did not investigate alternative model forms in this
paper, altering our ODL approach to fit other model specifications would be straightforward
in principle as long as the validation design is ignorable.

We applied our method to the motivating bat acoustic data obtained from Oregon and
Washington in 2019. Ours is the first published analysis of these data using the count-
detection framework, largely because the Poisson formulation of the likelihood introduced
by Wright et al. (2020) and further investigated by Stratton et al. (2022) could not accom-
modate the partial verification of autoID labels within a given site-night. By adopting the
individual-level model proposed by Spiers et al. (2022) and marginalizing over the missing
true-species labels, we successfully estimated occurrence probabilities and relative activity
rates for eight species of interest. The model we fit in our application is comparatively sim-
ple because it assumes that the occurrence probabilities for each species are constant across
sites. We also assume that the relative activity rates for each species do not vary across sites
or visits; modeling these data with a generalized linear model framework would allow for
mapping of each species distribution across space. In addition, one could consider exploring
an efficient validation design that selects recordings according to the confidence score output
by the ML algorithm. However, many bat acoustic classifiers do not make this information
available to users. If confidence scores are available, one could model species occupancy and
relative activity using a model similar to Rhinehart, Turek and Kitzes (2022) while selecting
recordings according to confidence scores. In this case, it would likely be necessary to include
the confidence scores in the model, even if they are not of scientific interest to researchers
(Collins, Schafer and Kam (2001), Nakagawa (2015), Rabe-Hesketh and Skrondal (2023)).
Similar caution is warranted if only high-quality recordings are retained for manual review,
as often happens with other bat acoustic datasets where the goal is to identify “voucher”
recordings indicative of species presence (Reichert et al. (2018)).

Our work has connections to other developments in the ML and statistics literature. For
instance, coupled classification can be viewed as a special case of Bayesian Data Recon-
ciliation (Hanks, Hooten and Baker (2011)); we assume the ecological process is observed
through a rigorous gold-standard data source, which is then used to update inference made
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from less accurate data. In the case of coupled classification, validated recordings provide the
gold-standard data used to improve inference from the remaining, ambiguous subset of ob-
servations. Additionally, an ODL formulation of the Koslovsky et al. (2024) framework can
be obtained by partitioning the product in the likelihood for each individual recording into
observed and unobserved components as we do in equation (8). The true class labels can then
be marginalized out of the unobserved component to obtain the ODL (Oram et al. (2025)).
While not required in the framework of Koslovsky et al. (2024), they note that validated ob-
servations can improve estimation performance. By marginalizing out latent true class labels,
we anticipate that an ODL formulation could further increase the speed and stability of their
model (Liu, Wong and Kong (1994), Yackulic et al. (2020), Park and Lee (2022)).

In the ML literature, Angelopoulos et al. (2023) recently proposed prediction-powered in-
ference, a framework that uses a small auxiliary (or “gold-standard”) dataset to inform the
classification error from a pre-trained ML algorithm. The input for prediction-powered infer-
ence is a set of predicted and true-class labels for observations in the gold-standard dataset,
which are then used to bias-correct (or “rectify”) the predictions in a large unlabeled dataset
for which only the predicted labels are available. Finally, all of the observations in both
datasets are used to generate confidence intervals for quantities of interest that are centered
on the bias-corrected point estimate. Angelopoulos et al. (2023) acknowledge that to obtain
good results using prediction-powered inference, the features of the gold-standard dataset
must follow approximately the same distribution as those in the unlabeled dataset. In other
words, the auxiliary dataset must be representative of the sample in hand; if they are not, it is
possible that the unlabeled data suffer from “covariate shift.” Furthermore, if the proportion
of each label in the gold-standard dataset is different from the proportion of each label in the
unlabeled dataset, then there is said to be “label shift.”

In essence, the steps of prediction-powered inference are the same general approach as
used by Chambert et al. (2018), Wright et al. (2020) and Spiers et al. (2022). All of these
models rely on a large number of observations with potentially erroneous species labels gen-
erated by an imperfect classifier; these correspond to the unlabeled dataset in prediction-
powered inference. Where prediction-powered inference uses auxiliary gold-standard data to
rectify the point estimate and correct for bias induced by the imperfect classifier, the mod-
els of Chambert et al. (2018), Wright et al. (2020) and Spiers et al. (2022) instead introduce
a parametric model for the misclassification process that is informed by the auxiliary data.
These authors® models, as well as our ODL model formulation, can be used with coupled
classification to inform the validation set so that the gold-standard dataset is a subset of the
observed sample data. By using the sample in hand to model misclassification, coupled clas-
sification with a probabilistic validation design can help ensure that the gold-standard dataset
is representative of the unlabeled data, alleviating concerns of covariate shift. However, if the
validation design preferentially samples some labels, the validation design may induce label
shift, and consideration of the process giving rise to the validation set is necessary. When the
selection process is known and data are missing at random with respect to the model, ignor-
ing the validation design and using an ODL formulation such as the one we derive can yield
accurate inference.

Machine learning classification algorithms have immense promise for improving the effi-
ciency of scientific research. The methods presented here improve the efficiency of a specific
workflow designed for bat acoustic data in North America, so that validation effort can be
carefully tailored to the programmatic constraints and conservation priorities of a particular
monitoring program. However, the principles behind our methods—namely, using ignorable
validation designs and modeling the observed data—are broadly applicable to many scientific
domains. By thoughtfully incorporating machine-generated labels into statistical models, re-
searchers can leverage the high-thoroughput nature of ML workflows while simultaneously
modeling the misclassification process to obtain reliable inference regarding ecological pa-
rameters of interest such as species occurrence and relative activity.
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