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ARTICLE INFO ABSTRACT

Keywords: Wildlife surveillance programs often use serological data to monitor exposure to pathogens. Diagnostic sensi-
Serology tivity and specificity of a serological assay quantify the true positive and negative rates of the diagnostic assay,
Nobuto strip respectively. However, an assay’s accuracy can be affected by wild animals’ pathogen exposure history and
:;:2223 quality of the sample collected, requiring separate estimates of an assay’s detection ability for wild-sampled

animals where an animal’s true disease status is unknown (referred to hereafter as sampling sensitivity and
specificity). We assessed the sampling sensitivity and specificity of a Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2) surrogate virus neutralization test (SVNT) and conventional virus neutralization
tests (cVNT) to detect antibodies for ancestral and Omicron B.1.1.529 variants of SARS-CoV-2 in wild white-
tailed deer (Odocoileus virginianus) and mule deer (Odocoileus hemionus). We studied the influence of sample
collection method using paired blood samples collected in serum separator tubes and on Nobuto strips from the
same animal. Mean estimates of sampling sensitivity and specificity ranged from 0.21-0.95 and 0.94-1.00,
respectively, varying by sample collection method, host species, and SARS-CoV-2 variant targeted by the assay.
Broadly, sampling sensitivity was estimated to be higher for 1) sera collected in tubes, 2) detecting pre-Omicron
SARS-CoV-2 variants, and 3) sVNT relative to cVNT assays. Sampling specificity tended to be high for all tests.
We augmented our study with SARS-CoV-2 spike protein sequences derived from sampling locations and times
coincident with white-tailed deer captures, finding common amino acid mutations relative to the sVNT Omicron
antigen variant. The mutations may indicate that the SARS-CoV-2 variants circulating in cervids from 2021
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through 2024 may be better adapted to cervid hosts and more closely related to variants that circulated in
humans prior to Omicron variants. We conclude our study with an inter-test comparison of sVNT results,
revealing that 40 % inhibition is an optimal threshold for test positivity when testing deer sera for responses to
Omicron variant B.1.1.529, compared to the 30 % inhibition recommended for ancestral variants.

1. Introduction

Serosurveillance is the monitoring of specific antibodies in host
populations to identify the signature of infection from a target pathogen
(s). Serological monitoring affords an extended temporal window for
monitoring pathogen exposure because antibodies are often present in
hosts longer than pathogens, which can have short infection periods.
Thus, serosurveillance is often used to understand the geographic dis-
tribution of a pathogen in wild animals (Gilbert et al., 2013) and can
provide important information about outbreak dynamics and epidemi-
ology even after an outbreak (Pepin et al., 2019; Wilber et al., 2020).
However, interpreting serological data in animal species can be
complicated due to several factors. Sample availability and collection
methods, host-specific assay sensitivity and specificity, individual-level
variation in immune responses, and poor knowledge of animal ecology
can all impact serosurveillance data (Gilbert et al., 2013). Diagnostic
sensitivity quantifies the probability that an animal with targeted anti-
bodies is correctly identified (i.e., the true positive rate; Jia et al., 2020).
Similarly, diagnostic specificity quantifies the probability that an animal
without targeted antibodies is correctly identified (i.e., the true negative
rate; Jia et al., 2020). However, assay detection rates are affected by
additional sources of error not captured by diagnostic sensitivity and
specificity when samples are collected from wild animals. For example,
field conditions can lead to non-ideal sample collection and storage
conditions, and wild animals have more complex pathogen exposure
histories than captive animals in controlled experimental conditions
where infection histories are usually known (World Organisation for
Animal Health, 2018, Chapter 2.2.7). These field-induced complexities
require integrated estimates of assay detection rates that incorporate
diagnostic sensitivity and specificity and account for sampling methods.
One approach is through latent class statistical analyses on paired
serosurveillance data, where the animal’s true disease status is unknown
(World Organisation for Animal Health, 2018; Jia et al., 2020), hereafter
referred to as sampling sensitivity and specificity. In the case of emerging
pathogens in new host species, rapid evolution can also obscure inter-
pretation of serological results through changes in host-specific diag-
nostic sensitivity and specificity (Cao et al., 2022). In particular, Severe
Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) exposure in
wild animals has been reported for a variety of animal species using
serological analysis (Chandler et al., 2021; Robinson et al., 2023; Cab-
allero-Gomez et al.,, 2024). The most widespread detection of
SARS-CoV-2 antibodies in a free-ranging species has been in North
American white-tailed deer (Odocoileus virginianus, WTD; Bevins et al.,
2023). In light of the recent infections of wild cervids with SARS-CoV-2
and concerns regarding their role as reservoir hosts, we estimate in-
fluences on sampling sensitivity and specificity for common serological
assays used to detect SARS-CoV-2 antibodies in cervids to better inter-
pret SARS-CoV-2 serosurveillance data.

Two common assays for detecting serological responses to SARS-
CoV-2 exposure include the conventional virus neutralization test
(cVNT) developed and validated at the Cornell Animal Health Diag-
nostic Center (Cornell AHDC; Palmer et al., 2021) and the commercially
available Genscript cPass surrogate virus neutralization test (sVNT;
Genscript, 2024). The cVNT uses live SARS-CoV-2 virus, requiring
biosafety level 3 containment, and measures the amount of virus
neutralized by antibodies in sera samples (Palmer et al., 2021). In
contrast, the sVNT does not require live virus and can be completed in
biosafety level 2 conditions. The sVNT detects neutralizing antibodies in
sera by screening for antibody-mediated blockage of the interaction

between the primary host-cell receptor and the receptor-binding domain
(RBD) from the SARS-CoV-2 spike protein (Tan et al., 2020). The cVNT
quantifies results as antibody titers, whereas sVNT quantifies the
“percent inhibition” of a known quantity of antigen at a fixed sample
dilution. The cVNT and sVNT assays have also been adapted to better
assess exposure from Omicron and other variants. The initial use of
SVNT for serological detection of SARS-CoV-2 in humans showed
percent inhibitions greater than 30 % were indicative of SARS-CoV-2
antibodies with high sensitivity and specificity (Tan et al., 2020). Re-
agents used in the sVNT assay are not host species-specific, allowing for
application to cervid sera without any further assay optimization (Tan
et al., 2020; Chandler et al., 2021). Early research using sVNT in cervids
showed sVNT percent inhibitions in white-tailed deer were rarely
observed to be greater than 30 % before the pandemic (Chandler et al.,
2021).

However, it is unclear how the sampling sensitivities and specificities
of cVNT and sVNT assays are influenced by sVNT thresholds, sample
type and field sampling conditions, and the variations in natural SARS-
CoV-2 infection among wildlife species. Low sVNT percent inhibition
thresholds increase sensitivity and high thresholds increase specificity,
but the exact relationship must be informed by data. Sampling sensi-
tivity and specificity may also change over time, as pathogens evolve
and mutate. Sampling sensitivity and specificity arise from the impact of
non-laboratory factors on an assay’s diagnostic sensitivity and speci-
ficity. Therefore, sampling sensitivity and specificity are difficult to
quantify using standardized standard laboratory practices (Jia et al.,
2020), such as the World Organisation for Animal Health’s (WOAH)
assay development pipelines (World Organisation for Animal Health,
2018, Chapter 1.1.6). The WOAH pipelines acknowledge that
field-based experiments using latent class statistical analyses can pro-
vide useful estimates of sensitivity and specificity when applicable lab-
oratory evaluations of diagnostic assays are not available (World
Organisation for Animal Health, 2018, Chapter 2.2.7, Section 1.2.2).
Latent class statistical analyses have been applied to many disease sys-
tems (cf. Drewe et al., 2010; Wyckoff et al., 2015; Picasso-Risso et al.,
2022).

Not knowing the sampling sensitivity and specificity of diagnostic
assays as they are applied in different species and populations makes
interpreting results from serosurveillance programs challenging. In
cervid species, the 30 % sVNT inhibition threshold was used for wild
white-tailed deer (Odocoileus virginianus), per the manufacturer’s in-
structions (Chandler et al., 2021; Genscript, 2024). Chandler et al.
(2021) focused on serological analysis of SARS-CoV-2 during the early
phases of the pandemic (e.g., ancestral variants of SARS-CoV-2) before
the emergence of Omicron and other variants that may elicit serologi-
cally different responses (Liu et al., 2022; Simon-Loriere and Schwartz,
2022). As more variants have emerged and transmission in additional
species (e.g., mule deer (Odocoileus hemionus)) has been identified
(Porter et al., 2024), it is important to continue to evaluate the inter-
pretation of qualitative and quantitative diagnostic assay results to
ensure adequate documentation of SARS-CoV-2 exposure in wildlife
hosts and understanding of viral transmission dynamics.

To address potential challenges with interpreting serological results
from serosurveillance studies of SARS-CoV-2 in deer, we estimated
sampling sensitivity and specificity for different assays (sVNT compared
to cVNT targeting specific neutralizing antibodies against ancestral and
Omicron variants), sample types (sera extracted from serum separator
tubes compared to Nobuto strips), and cervid species (white-tailed deer
and mule deer). Specifically, we compared: 1) antibody titer data from
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SVNT and cVNT assays for ancestral and Omicron variants, and 2)
samples that were collected using Nobuto strips compared to veni-
puncture. We use latent class statistical analyses to compare test results.
Our analysis evaluated how much variation in apparent seropositivity is
explained by host-specific factors, sampling, and diagnostic procedures,
providing knowledge for interpreting true seroprevalence.

2. Materials and methods
2.1. Sample collection

Targeted surveillance of deer provided paired serological samples
from wild mule deer from capture efforts in Colorado and Utah and
white-tailed deer from capture efforts in Colorado; Illinois; Minnesota;
New York; Pennsylvania; Tennessee; and Washington, District of
Columbia in the United States from October 2022 through January 2024
(Table 1). Live animal captures were conducted by collaborating uni-
versities and state agencies under approved capture protocols at the host
university (Supplementary Table 1). Capture methods included heli-
copter capture, Clover trapping, darting, and drop netting. All appro-
priate handling procedures were followed to prevent spillover of SARS-
CoV-2 into deer from capture crews at each field site. Sample collectors
wore disposable gloves and face masks, and all blood collection tools
were disposable and switched out between animals to avoid cross-
contamination. At some field sites, paired samples were collected post-
mortem from white-tailed deer harvested at the site by hunters.

Paired samples were collected from this national targeted surveil-
lance program that longitudinally samples individual locations and ac-
quires SARS-CoV-2 infection status data from live mule deer and white-
tailed deer. Each paired sample consists of whole blood 1) collected in a
serum separator tube and 2) onto two Nobuto filter strips from one
animal (see Supplement Section 1 for additional details regarding
Nobuto strip loading and evaluation). Whole blood was centrifuged by
field personnel before pipetting out the serum and storing frozen until
testing. Nobuto filter strips were air-dried, placed in individual enve-
lopes and stored in a (open, to avoid humidity) bag with desiccant at
room temperature. Blood samples were stored for comparative analysis
as sera extracted from whole blood (hereafter referred to as sera) and
sera extracted from Nobuto filter strips (hereafter referred to as Nobuto)
following procedures described in Bevins et al. (2023).

2.2. Serological testing

Sera and Nobuto strip samples were screened using the Genscript
cPass sVNT “wild type” kit and Omicron B.1.1.529 patch kit to test for
SARS-CoV-2 neutralizing antibodies (NAbs) to ancestral (hereafter
referred to as wild type per Genscript nomenclature) and Omicron vari-
ants of SARS-CoV-2 (Genscript, 2024). The Genscript sVNT kits were
used to evaluate presence or absence of SARS-CoV-2 NAb in sera
following procedures described in Tan et al. (2020). The Genscript sVNT

Table 1
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kits were used to evaluate Nobuto samples following procedures
described in Bevins et al. (2023). Sera samples were additionally eval-
uated with the cVNT assay developed and validated at the Cornell AHDC
(Palmer et al., 2021) using ancestral and Omicron B.1.1.529 strains of
SARS-CoV-2 for comparison of sVNT to a secondary assay type. The
cVNTs were performed following procedures described in Palmer et al.
(2021). In particular, the cVNT was implemented as a 100% plaque
reduction neutralization test (PRNT;¢). Nobuto samples were not sub-
mitted for cVNT testing.

2.3. Multisequence analysis

Genetic sequences of SARS-CoV-2 were obtained from white-tailed
deer sampled in a separate national surveillance program in white-
tailed deer (Feng et al., 2023). Sequences that spatially and tempo-
rally overlapped the targeted surveillance sampling were retained for
analysis. Protein sequences for SARS-Cov 2 were manually aligned to the
reference sequence for sVNT RBD provided by the manufacturer
(Genscript, 2024) using program Clustal Omega (Sievers et al., 2011).

2.4. Statistical analyses

2.4.1. sVNT consistency between sample types

We studied the impact that sVNT percent inhibition threshold choice,
sample type (i.e., sera and Nobuto), and variant (i.e., wild type and
Omicron) had on diagnostic interpretation (i.e., positive and negative).
For the sVNT assay, a threshold is used to interpret a sample’s test result
as “positive” when the percent inhibition exceeds the threshold, and
“negative” otherwise. Optimal threshold choice can be influenced by
sample type and variant because of their effects on sVNT percent in-
hibitions. We used Cohen’s « for both SARS-CoV-2 variants to help
choose thresholds that mitigate sample type and variant effects as much
as possible, to reduce the chance that samples analyzed from sera or
Nobuto strips have different SVNT test results. Cohen’s « is an explor-
atory summary statistic that measures inter-rater reliability between two
rating systems (i.e., consistency). Cohen’s « is large when two rating
systems agree with each other more frequently than chance (McHugh,
2012).

We computed Cohen’s x using sVNT interpretations for sera as the
first rating system, and the sVNT interpretations for Nobuto samples as
the second rating system. One Cohen’s x value was computed for each
combination of cervid species, SARS-CoV-2 variant, sera threshold, and
Nobuto threshold. The Cohen’s k values helped choose sVNT thresholds
used to subsequently study sensitivity and specificity more formally,
using multiple-population statistical methods.

2.4.2. Sampling sensitivity and specificity estimates

We adapted multiple-population methods to estimate sampling
sensitivity and specificity of samples collected from wild cervids.
Multiple-population methods assume differences in population

Summary information about captures and testing for each species, including the total number of times samples were taken from animals across sites (N), the total
number of samples tested for different combinations of specimen and assay type (in parentheses), and the proportion of seropositive test results in the data.

Wild type Omicron
N sVNT/Sera sVNT/Nobuto cVNT SVNT/Sera sVNT/Nobuto cVNT
Mule Deer
Colorado 38 0% (34) 6 % (16) 0% (36) 0% 21 0% (15) 0 % (36)
Utah 482 11 % (472) 5% (169) 8% (472) 5% (419) 9 % (191) 5 % (472)
White-tailed Deer
Colorado 28 19 % (21) 0% (10) 17 % (24) 12% 17) 0% (€)) 8 % (24)
District of Columbia 44 ) 11 % 44) 0) 0) 7 % (43) 0)
Illinois 61 8% (38) 4% (56) 0% 37) 20 % (30) 0% (56) 3% (37)
Minnesota 281 21 % (190) 13 % (204) 18 % (191) 16 % (172) 11 % (204) 12 % (191)
New York 83 25 % (83) ) 15 % (79) 18 % (51) ) 9 % (79)
Pennsylvania 47 42 % 24) 11 % (45) 12 % 24) 22 % (23) 0% (45) 17 % (24)
Tennessee 132 0% (25) 5% (107) 0% (26) 0% 1) 1% (107) 0 % (26)
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seroprevalence, sensitivity, and specificity are the main factors that
create differences in the observed proportion of positive tests within and
between populations (Hui and Walter, 1980; Enge et al., 2000). The
methods assume exposure rates to the pathogen varies between pop-
ulations, but sensitivity and specificity is constant for each test type. The
assumptions imply 1) sensitivity and specificity create
within-population differences in paired test results, and 2) prevalence
creates between-population differences in test results. Importantly, the
assumptions imply sampling sensitivity and specificity can only be sta-
tistically identified with field data from multiple populations having
unequal pathogen exposure.

In our study, a “population” refers to a collection of individuals who
have the same, fixed probability for antibody presence (i.e., seropreva-
lence). We assumed cervids sampled from the same site and 2-week
period comprised a distinct population since SARS-CoV-2 prevalence
varies over space and time (Hewitt et al., 2024). Samples from Utah
were from eight geographically separated locations, which we modeled
via eight sites. Samples from the other 7 states (including Washington,
D.C.) were from one geographic location each, representing 7 distinct
sites. Formally, we specified a hierarchical Bayesian model to estimate
sampling sensitivity and specificity, jointly for all tests. Model imple-
mentation and estimation used Markov Chain Monte Carlo methods via
the R package nimble (de Valpine et al., 2023). We modeled data
separately for each species. Full model details and uninformative prior
specifications are presented in Supplement Section 2.

Preventive Veterinary Medicine 241 (2025) 106522

3. Results
3.1. Samples collected

Samples were collected from 676 white-tailed deer and 520 mule
deer across all sites. There was a wide range of sample sizes and
apparent positivity from 0 % to 42 % (i.e., raw proportion of positive
tests; Table 1). In particular, there were greater percentages of sVNT-
positive wildtype sera samples compared to Nobuto samples in four of
the five states having both sera and Nobuto samples for white-tailed
deer, and one of the two states for mule deer (Table 1). Similarly,
there were greater percentages of sVNT-positive Omicron sera samples
compared to Nobuto samples in four of the five states having both sera
and Nobuto samples for white-tailed deer, but neither of the two states
for mule deer. Across all states where paired sVNT and cVNT testing was
conducted, there were greater-or-equal percentages of sVNT-positive
sera samples compared to cVNT-positive sera for both wild type and
omicron targeted-tests, and for both white-tailed and mule deer.

3.2. Sample collection method impacted sVNT assay performance

The sVNT data were observed to differ between sVNT variants.
Among paired samples, 80 % of mule deer and 75 % of white-tailed deer
had sVNT wildtype percent inhibitions less than 20 % for both sera and
Nobuto samples (Fig. 1). By comparison, 0 % of mule deer and 10 % of
white-tailed deer had sVNT Omicron percent inhibitions less than 20 %
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Fig. 1. Comparison of sVNT percent inhibitions in paired samples for A and C) mule deer (Odocoileus hemionus) and for B and D) white-tailed deer (Odocoileus
virginianus), for sera and Nobuto. Paired samples tested for Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) antibodies A and B) Omicron variant,
and C and D) wild type variant. Plot panels include a dark grey 1:1 reference line with light grey lines indicating + 10 % higher and lower than the reference line.
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for both sera and Nobuto samples. Instead, 91 % of mule deer and 93 %
of white-tailed deer had sVNT Omicron percent inhibitions less than
40 % for both sera and Nobuto samples.

The sVNT data were also observed to differ between sample collec-
tion methods. Among paired samples with either a sera or Nobuto sVNT
wildtype percent inhibition greater than 20 %, we observed 100% of
mule deer and 93 % of white-tailed deer had sera percent inhibitions
that were at least 10 % larger or smaller than their corresponding
Nobuto percent inhibition (Fig. 1). Similarly, among paired samples
with either a sera or Nobuto sVNT Omicron percent inhibition greater
than 40 %, we observed 94 % of mule deer and 90 % of white-tailed deer
had sera percent inhibitions that were at least 10 % larger or smaller
than their corresponding Nobuto percent inhibition.

Percent inhibitions were observed to be up to five times greater for
sera samples compared to Nobuto (Fig. 1). For Nobuto, sVNT percent
inhibitions were also observed to be 10 % points greater for the sVNT
Omicron variant compared to the wild type variant. The sVNT percent
inhibitions only tended to be large for sera (i.e., greater than 20 %) when
corresponding, paired Nobuto samples had wild type sVNT percent in-
hibitions greater than 20 %, or Omicron sVNT percent inhibitions
greater than 40 %.

Differences in sVNT percent inhibitions influenced test in-
terpretations. Cohen’s « values less than one (i.e., perfect agreement)
indicated sVNT results for sera would have led to different diagnostic
interpretations than Nobuto in some cases (i.e., presence or absence of
SARS-CoV-2 antibodies; Fig. 2). Disagreement rates for the sSVNT Omi-
cron variant in white-tailed deer samples were minimized (i.e., Cohen’s
x maximized) when using percent inhibition thresholds between 40 and
60 % for sera and Nobuto. Disagreement rates for the sVNT wild type
variant in white-tailed deer samples were minimized when using percent
inhibition thresholds between 30 and 60 % for sera and between 20 and
40 % for Nobuto. Disagreement rates for the SVNT Omicron variant in
mule deer were similar when using percent inhibition thresholds be-
tween 40 and 60 % for sera and between 40 and 50 % for Nobuto.
Disagreement rates for the sVNT wild type variant in mule deer were
similar when using percent inhibition thresholds between 40 and 60 %
for sera and between 30 and 45 % for Nobuto.

Preventive Veterinary Medicine 241 (2025) 106522
3.3. Relationship between sVNT and cVNT

The sVNT percent inhibitions were observed to increase along with
cVNT titers (Fig. 3). Percent inhibitions from the sVNT were observed to
span all values between 0 and 100 % for both wild type and omicron
variants. Among samples identified via cVNT as containing SARS-CoV-2
antibodies, percent inhibitions for the sVNT wild type variant tended to
be much larger than percent inhibitions for the sSVNT Omicron variant.
The sVNT-cVNT relationship tended to be similar for mule deer and
white-tailed deer.

3.4. Antibody cross-reactivity between SARS-CoV-2 variants

The sVNT percent inhibitions for wild type and Omicron variants
were largely similar for sera. Roughly half of samples had an sVNT
percent inhibition for the Omicron variant that was no more than 60 %
different from its SVNT percent inhibition for the wild type variant.
However, samples with large sVNT percent inhibition differences over-
whelmingly tended to have higher percent inhibitions for the wild type
variant (Fig. 4). Genetic sequences of SARS-CoV-2 from 29 white-tailed
deer sampled separately via hunter harvest with Nobuto in Pennsylvania
were available to explore potential drivers for the relationship in Fig. 4.
Sera were not available for the 29 white-tailed deer with genetic
sequence data, so they were not included in Fig. 4. However, 27 of the 29
white-tailed deer had from 9 to 12 amino acid mutational differences
relative to the sVNT Omicron variant. In particular, 26 of the 29 white-
tailed deer had the same 9 amino acid mutations.

3.5. Estimates for sampling sensitivity and specificity

Sampling sensitivity and specificity were estimated for all combi-
nations of assay, variant, and species. Informed by our results in Section
3.2, we interpreted sVNT percent inhibitions as positive for SARS-CoV-2
antibodies when percent inhibition was greater than 30 % for the wild
type variant and 40 % for the Omicron variant. Specificity estimates
were high for all tests (i.e., greater than 85 %). Sensitivity estimates
were more variable (Fig. 5, Table 2). The Bayesian multiple-population
methods analysis of the data provided statistically significant evidence
via 95 % highest posterior density intervals (HPDI) for pairwise
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Fig. 2. Cohen’s k values calculated from paired samples for A and C) mule deer (Odocoileus hemionus) and for B and D) white-tailed deer (Odocoileus virginianus) to
explore inter-test reliability when using sVNT percent inhibitions as evidence for presence or absence of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-
CoV-2) antibodies. Paired samples tested for A and B) Omicron variant, and C and D) wild type variant. Inter-test reliability was explored by using different
combinations of thresholds to interpret sVNT percent inhibitions as positive or negative for SARS-CoV-2 antibodies. Cohen’s x values within each curve used the same
SVNT percent inhibition threshold to interpret tests that used sera. The sVNT percent inhibition threshold for tests that used Nobuto increases along the x-axis.
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Fig. 4. Comparison of sVNT percent inhibition across variants for sera from A) mule deer (Odocoileus hemionus) and B) white-tailed deer (Odocoileus virginianus),

highlighting the relationship for white-tailed deer sampled in Pennsylvania.

differences that sensitivity and specificity depended on test type.
Sensitivity for SARS-CoV-2 Omicron variant in mule deer using sVNT
with sera was lower than using cVNT (difference and 95 % HPDI: —0.41,
—0.66— —0.14). In contrast, sensitivity for SARS-CoV-2 wild type variant
in mule deer using sVNT with sera was higher than using sVNT with
Nobuto (difference and 95 % HPDI:.74,.55-.92) or using cVNT (differ-
ence and 95 % HPDI:.25,.10-.40). Specificity for SARS-CoV-2 Omicron
and wild type variants in mule deer using sVNT with sera was higher
than using sVNT with Nobuto (difference and 95 % HPDI for
Omicron:.07,.04-.11; wild type:.05,.01-.09). Sensitivity for SARS-CoV-2
wild type variants in white-tailed deer using sVNT with sera was higher
than using sVNT with Nobuto (difference and 95 % HPDI:.54,.39-.70) or
using cVNT (difference and 95 % HPDI:.28,.13-.42). Sensitivity esti-
mates were higher for SARS-CoV-2 Omicron antibody detection in
white-tailed deer than in mule deer. Additionally, for both species, sSVNT
sensitivity estimates tended to have high uncertainty using Nobuto
samples. For both species, sensitivity was highest for sVNT using sera.
Sensitivity was lowest for sVNT using Nobuto.

3.6. Net impacts on seroprevalence estimates

Accounting for sampling sensitivity and specificity impacted data
interpretation for population-level seroprevalence. Posterior mean
seroprevalence estimates, ranging from 4 % to 20 % across species and
variants, tended to be higher than the proportion of positive sVNT sera
tests (i.e., “apparent” seroprevalence estimates), ranging from 0 % to
42 %, and the proportion of cVNT tests, ranging from 0 % to 18 %, since
the posterior seroprevalence estimates accounted for false negative rates
in testing (i.e., sensitivity; Fig. 6). Uncertainties for apparent seropre-
valence estimates were directly linked to the number of sVNTs and
cVNTs conducted at each site, respectively, via frequentist confidence
intervals for proportions. Uncertainty for Bayesian posterior seropre-
valence estimates depended on the total number of tests conducted at
each site in addition to the paired sample results, so more fully reflected
all available data and sources of uncertainty in seroprevalence
estimates.

4. Discussion

Estimating sampling sensitivity and specificity for antibody



J. Hewitt et al.

A.

100.0% o

97.5%

95.0%

92.5% - ,

90.0% o

C.

Specificity

100.0% =

97.5%

95.0%

92.5% =

90.0%

T
25%

T T
50% 75%

T T
100% 25%

Sensitivity

T
50%

T
75%

T
100%

Preventive Veterinary Medicine 241 (2025) 106522

Test

cVNT

sVNT (Nobuto)

sVNT (Sera)
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Omicron variant, and C and D) wild type variant.

Table 2
Posterior mean and 95 % highest posterior density intervals (HPDIs) for diagnostic sensitivities and specificities of tests evaluated.
Wild type Omicron
sVNT/Sera sVNT/Nobuto cVNT sVNT/Sera sVNT/Nobuto CcVNT
Mule Deer
Sensitivity .95 (.88-1.00) .21 (.05-.39) .70 (.56-.84) .36 (.19-.56) .29 (.04-.57) .77 (.54-1.00)
Specificity .98 (.97-1.00) .94 (.90-.97) .99 (.98-1.00) .99 (.99-1.00) .92 (.88-.96) 1.00 (.99-1.00)
White-tailed Deer
Sensitivity .95 (.88-1.00) .41 (.27-.56) .67 (.55-.81) .58 (.37-.79) .40 (.19-.66) .60 (.38-.82)
Specificity .98 (.95-1.00) .96 (.93-.99) .98 (.97-1.00) .99 (.97-1.00) .99 (.97-1.00) .98 (.96-1.00)
A. B.
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Fig. 6. Apparent seropositivity rates for each type of sample/assay (orange, purple, pink) compared with posterior estimates for time-averaged seroprevalence
(green), split by state, species, and variant for A and C) mule deer (Odocoileus hemionus) and for B and D) white-tailed deer (Odocoileus virginianus). Panels grouped by
A and B) Omicron variant, and C and D) wild type variant. The proportion of positive cVNT tests tended to be much higher than seroprevalence estimates due to test

screening procedure.
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detection in addition to other characteristics of serological tests used in
wildlife serosurveillance studies provides critical information for inter-
preting serosurveillance data. True and false positive rates may differ
between sample collection methods and may also lead to underestima-
tion of disease prevalence without informed adjustment. Estimates
based on field data may be less precise than estimates based on captive
animal studies (World Organisation for Animal Health, 2018, Chapter
2.2.7). However, it can be challenging to coordinate captive animal
studies with broad scale serosurveillance programs for emerging dis-
eases, potentially leaving gaps in scientific understanding (Jia et al.,
2020).

Our study used targeted serosurveillance of wild deer populations to
balance the need to carefully evaluate diagnostic methods in focal spe-
cies (i.e., by collecting paired serological data) with the need to surveil
disease characteristics in a range of wild populations. The disease
biology of SARS-CoV-2 in wild deer is complex and not well resolved.
Deer live in close proximity to humans and may be a potential reservoir
for both novel and existing SARS-CoV-2 variants of concern (Caserta
et al.,, 2023; McBride et al., 2023). The effectiveness of diagnostic
methods needs to be routinely monitored as at-risk populations shift and
pathogens change in ways that may evade diagnostic tests. We estimated
sampling sensitivity and specificity for common serological assays used
to detect SARS-CoV-2 exposure in deer, additionally providing several
areas for further investigation of detection probability and seros-
urveillance of variant trends in wild populations.

We showed that the sampled white-tailed deer and mule deer tended
to have lower antibody titers to the post-Omicron surrogate sequences
and variants. The difference may potentially be explained by a larger
evolutionary distance between the SARS-CoV-2 RBD sequences
observed in cervids and the post-Omicron sequences used in the sVNT.
The sVNT’s post-Omicron sequences are developed from SARS-CoV-2
variants sampled from humans, rather than cervids. Other Omicron se-
quences could potentially be used in sVNT protocols. Pre-Omicron
SARS-CoV-2 variants are known to have widely infected white-tailed
deer and evolved in white-tailed deer (Caserta et al., 2023; Feng et al.,
2023; McBride et al., 2023). Recent SARS-CoV-2 variants circulating in
cervids may be better adapted to cervid hosts and more closely related to
earlier variants that circulated in humans prior to Omicron variants.
Accordingly, it may be important to update diagnostic assays to improve
sensitivity in cervids rather than exclusively relying on assays developed
for humans.

While sVNT was estimated to have 95-100 % diagnostic sensitivity
and 99.93 % specificity for detecting SARS-CoV-2 antibodies in humans
(Tan et al., 2020), we evaluated sampling sensitivity and specificity for
deer since no laboratory validation studies are available. We found ev-
idence that sampling sensitivity and specificity for field data depends on
the sample collection and testing method, and SARS-CoV-2 variant. For
Nobuto, sampling sensitivity may also depend on the quality of the
Nobuto strip’s preparation (Supplement Section 3). We estimated sam-
pling sensitivity to be highest for sVNT using sera (posterior means be-
tween .36 and .95 across species and variants), followed by cVNT
(posterior means between .60 and .77 across species and variants).
Sampling sensitivity was estimated to be lowest for sVNT using Nobuto
(posterior means between .21 and .41 across species and variants).
Sampling specificity was generally estimated to be high for all test types
(posterior means above .97 for both tests). Future studies of SARS-CoV-2
in cervids can use sampling sensitivity and specificity estimates to
optimize sample sizes to obtain desired detection probabilities and
precision for prevalence estimates (cf. Humphry et al., 2004).

Similar to previous literature, we demonstrated that estimates for
sampling sensitivity and specificity can be used to estimate population-
level (sero-)prevalence from observed test positivity rates, by account-
ing for false positive and negative rates (cf. Enge et al., 2000).
SARS-CoV-2 seroprevalence was estimated to be up to 32 % for Omicron
variants and 42 % for wild type variants in the sampled populations.
Future, laboratory-based studies could be important to study potential
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cross-reactivity between assays. High seroprevalence estimates are
consistent with previous studies of SARS-CoV-2 in deer (Chandler et al.,
2021; Hale et al., 2022; Kuchipudi et al., 2022; Pickering et al., 2022;
Bevins et al., 2023; Caserta et al., 2023; Feng et al., 2023; Hewitt et al.,
2024).

The sensitivity estimates allowed for comparisons despite relatively
large estimation uncertainty due to the field sampling methods. Un-
certainty could be reduced via captive animal studies, for example.
However, the sensitivity for sVNT using sera could potentially be above
95 %. High sensitivity would be consistent with studies of sVNT in
humans and some companion animals (Tan et al., 2020; Perera et al.,
2021). Sensitivity for sVNT using Nobuto was estimated to be much
lower, which would be consistent with other studies that found sampling
sensitivity for Nobuto can be lower than sensitivity for sera (Kamps
et al., 2015). Nobuto preparation and storage procedures can also, in
general, impact sampling sensitivity (Bevins et al., 2016). We found
evidence that Nobuto saturation levels potentially impact positivity
rates. Further study in laboratory conditions could potentially relate
saturation levels to sensitivity more precisely. Sensitivity for cVNT was
also estimated to be potentially lower than sVNT using sera. However,
the cVNT procedure computed titers for 100 % virus neutralization in
samples, which represents a higher standard of evidence than was used
for the sVNT procedure.

We documented that sSVNT percent inhibitions tended to be larger for
wild type than Omicron variants among samples with non-zero cVNT
titers. We also documented that sVNT percent inhibitions tended to be
smaller for wild type than Omicron variants among samples with no
detected antibodies via cVNT. Interpreting SVNT results for the Omicron
variant as positive indications for SARS-CoV-2 antibodies when percent
inhibitions are greater than 40 % yielded greater consistency across
sample collection methods (i.e., sera compared to Nobuto) than the
30 % threshold that was initially developed to detect pre-Omicron var-
iants in humans and later applied to white-tailed deer (cf. Tan et al.,
2020; Chandler et al., 2021). The 30 % inhibition threshold still
appeared to be appropriate for detecting antibodies to pre-Omicron
variants in deer and yield consistent results across sample collection
methods. For sVNT, percent inhibitions greater than 30 % and 40 % for
sera were associated with non-zero wild type and Omicron cVNT titers,
respectively, which used live SARS-CoV-2 virus to detect antibodies.

The greater sVNT percent inhibitions for Omicron than wild type
versions of serological tests, overall, could suggest either ecological or
biological differences. Wild type SARS-CoV-2 variants may have been
more prevalent in sampled deer. Genetic sequences of SARS-CoV-2 from
white-tailed deer sampled from sites in Pennsylvania close to locations
where serological samples were obtained indicated most white-tailed
deer samples had 9 amino acid mutations relative to the sSVNT Omi-
cron variant that is based on dominant Omicron variants in humans.
This suggests that variants in deer may have been undergoing divergent
evolution from human sequences in the receptor binding proteins.
Comparison of recent variants isolated from deer to those from humans
in the same area using receptor binding studies in vitro or in silico would
be needed to test this hypothesis.
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