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Periodic shifts in viral load increase risk of Hendra virus

spillover from Pteropus bats
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Prediction and management of zoonotic spillover requires an understanding of infection dynamics within reser-
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voir host populations. Spillover risk is commonly inferred from infection prevalence based on detection of viral
genomic material, yet detection alone does not indicate the presence of infectious virus or a sufficient dose for
transmission. We undertook a comprehensive investigation of Hendra virus shedding in its primary reservoir,
Pteropus bats, analyzing quantitative PCR with reverse transcription (RT-qPCR) data from 6151 pooled urine sam-
ples collected across five sites over 3 years. We assessed longitudinal associations between viral prevalence (pro-
portion of positive pooled urine samples), viral load proxies, and equine spillover, using generalized additive
models and a permutation analysis. Peak prevalence periods associated with spillover events (N = 5) had a higher
proportion of samples with high viral loads than periods without spillover. Prolonged periods of low viral load and
low prevalence likely reflect noninfectious RNA or doses insufficient for cross-species transmission. Incorporating
viral load metrics alongside prevalence can improve prediction of spillover risk.

INTRODUCTION

Spillover of zoonotic infections with epidemic potential is a public
health concern. A major challenge for the design and implementation
of preemptive strategies emerges from the complex, multilayered na-
ture of cross-species transmission (I). The pathogen, its reservoir
host(s), environment, and potential novel hosts are connected dy-
namically in space and time, with intermittent opportunities for
cross-species transmission when conditions align. The dynamics of
pathogen circulation in reservoir host populations are an important
determinant of spillover risk and are usually assessed through the
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prevalence of infection in space and time. Although viral load is con-
sidered crucial, it is rarely included in empirical spillover studies (2).

Estimation of prevalence based on binary detection/nondetection
of genomic material—without accounting for biological processes
(3-5)—may decouple pathogen presence from infectiousness, and
thereby risk of transmission (6). Viral shedding can be noninfectious
in two key ways: Either the shed viral load is too low to overcome
dose barriers, or the shed virus itself is no longer capable of causing
infection. In the latter case, the immune response may neutralize the
virus without eliminating degraded nucleic/ribonucleic acid (6). For
example, lysed or aggregated viral particles may be shed as nonenvel-
oped, relatively stable nucleoprotein complexes, lacking active infec-
tion or the production of infectious virions (7). Because assays target
specific RNA segments, even extensive immune-mediated degrada-
tion may have minimal impact on RNA detection. Diagnostic assays
typically use thresholds designed to maximize detection sensitivity
[e.g., a cycle threshold (Ct) value of 40 is traditionally used for quan-
titative polymerase chain reaction assays]. However, such thresholds
may not distinguish between infectious virus and residual or degrad-
ed viral RNA, which complicates efforts to assess and predict infec-
tious virus excretion and the potential for spillover.

Viralload in humans has been used to estimate transmissibility (e.g.,
HIV) (8) and to predict patient outcome (e.g., Ebola virus disease) (9).
Recent research prompted by the COVID-19 pandemic has further
demonstrated the utility of viral load proxies in predicting trajectories
of epidemics in epidemiological modeling (10). Integrating viral load
proxies with prevalence in wildlife epidemiological studies may better
represent infected versus infectious states, virus distribution across
landscapes, and the doses available for recipient hosts (I). Quantitative
measurement of viral shedding intensity—particularly using genome
copy numbers as a proxy of viral load—is a valuable but underexplored
addition to models predicting spillover risk from wildlife.

Hendra virus is a bat-borne paramyxovirus (genus: Henipavirus)
that causes severe disease and death in horses and humans in eastern
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Australia (11). Equine cases have been reported annually with clusters
in some years (12). A total of 68 spillover events, involving 110 con-
firmed or suspected cases in horses, and 7 confirmed human cases,
have been reported since the virus was first detected in 1994, in-
cluding two detections of a recently found variant (HeV-g2) in horses
(12, 13). Because of high virulence and recurrent spillover, the World
Health Organization has classified henipaviruses as “high priority” for
future research (14).

Despite the alignment of flying-foxes and horses across most of
eastern Australia, spillovers have only been detected in coastal New
South Wales and Queensland (fig. S1). Most occur in winter in the
subtropics and in clusters that occur with interannual variation
(12). In part, this may be explained by increased prevalence in bats
(as measured by the proportion positive for Hendra virus shed-
ding) in winter, and the varying magnitude and timing of shedding
prevalence (15, 16). Previous work also suggests periods of low off-
season prevalence in roosts from subtropical Australia and con-
sistent low-prevalence shedding from roosts in tropical Australia
(15, 17). Why these prolonged periods of shedding do not translate
to spillover has been a persistent puzzle. It is also unclear whether
cumulative, low-level shedding over a long time presents a similar
risk as high-level shedding over a short time (17). We hypothesize
that incorporating viral load proxies into longitudinal studies of vi-
rus excretion will improve predictions of periods and places of high
spillover risk.

We tested whether temporal variation in viral load is more predic-
tive of spillover risk than prevalence alone. We sampled five flying-
fox roost sites in subtropical Australia for 3 '/, years (Fig. 1), and
screened for excretion of Hendra virus (HeV-g1). We incorporated
viral load proxies (Ct and genome copy numbers) to estimate the
amount of infectious virus shed, and used a permutation analysis to
test whether Ct values were nonrandomly distributed over time. We
focused on roosts with ecological characteristics linked to high risk
of spillover (12, 16) (Table 1) and used an optimized pooled sampling
method (18) to improve the accuracy of prevalence estimates. To-
gether, this dataset and multifaceted analyses provide insights into
observed but unexplained patterns of shedding and spillover and will
contribute to the future management of viral spillover risk.

RESULTS

We tested 6151 unique pooled urine samples from 152 sampling ses-
sions collected from July 2017 through September 2020 for the pres-
ence of prototypic Hendra virus (HeV-g1), the variant responsible for
97% (66 of 68) of known spillover events. For 4657 of these samples, at
least one black flying-fox was recorded above the collection sheet,
with a median of three flying-foxes above each sheet per session.
Herein, we use the latter subset of 4657 samples, as black flying-foxes
are the primary reservoir for the prototypic Hendra virus variant
tested. Using the conventional Ct 40 threshold, 361 of 4657 samples
were positive for Hendra virus (8%) with a mean viral load of 22,000
genome copies/ml. For the samples with available data, the GPS-
estimated distance between sheets was a median of 2 to 10 m.

We observed seasonal and interannual patterns in shedding preva-
lence. To facilitate comparison across Ct thresholds, we calculated the
normalized pooled prevalence as the proportion of samples testing
positive, normalized by the maximum prevalence across the dataset
for each threshold. With high Ct threshold values, viral excretion
typically peaked in the winter season (Jun to Aug), but low-prevalence
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Fig. 1. Location of winter-occupied flying-fox roosts (gray circles) and Hendra
virus spillover events (black stars) in the study area, per study year (2017-
2020). Tessellation boundaries show the nearest winter-occupied flying-fox roost
for any given location. Roosts sampled for the present study are shown in yellow.
Note that the roost site “Sunnybank” was not occupied over winter in 2017. The lo-
cation of the roost is shown as a hollow circle on the 2017 and 2018 panels for refer-
ence. Flying-fox roost locations obtained from Eby et al. (12).

shedding was apparent throughout the rest of the year. Using lower Ct
thresholds, pooled prevalence was minimal outside of winter. Large
peaks in prevalence were not observed every year, and this was consis-
tent across all thresholds (Fig. 2).

We undertook a permutation analysis to test whether viral load
and prevalence were associated (i.e., whether Ct values were non-
randomly distributed) over time. For this, Ct values from positive
samples (Ct < 40) were randomly shuflled across sessions, so that
prevalence at the Ct < 40 threshold within any given sampling ses-
sion was preserved but the Ct value of positive samples within that
session was randomized. Prevalence was then reestimated as in-
creasingly conservative Ct thresholds were reapplied. Across con-
servative thresholds, divergence between observed and permuted
normalized prevalence curves identifies periods when the observed
data contain more or fewer positives than expected under a random
distribution of viral loads, indicating shifts in shed viral loads.

The permutation analysis of normalized pooled prevalence showed
strong support for a Ct distribution shift toward disproportionately
lower values (higher viral loads) during high-prevalence periods, and
toward disproportionately higher values (lower viral loads) during
low-prevalence periods (Fig. 2), as shown by divergence between ob-
served and permuted prevalence curves. Across Ct thresholds, high
quantiles coincided with high-prevalence periods (i.e., observed prev-
alence being higher than most permuted prevalence values) and low
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Table 1. Ecological and feasibility criteria for roost selection.

Category Criterion

Continuous occupation by black flying-foxes (Pteropus alecto; the primary reservoir for the prototypic

Ecological characteristics associated with Hendra virus variant HeV-g1)
spillover risk (72, 16) Recently established as overwintering roost

Highly restricted access to native winter food sources

Roost population consistently large enough for sufficient sample sizes (N > 500)

Suitable access and sampling conditions

Feasibility : ; :
Not a site of high human-bat conflict

Long-term sampling permissions obtainable
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Fig. 2. Permutation analysis at different Ct thresholds. Ct values for all samples (Ct < 40) were permuted 500 times, and prevalence was reestimated using a new Ct
threshold (Ct < 40). Permuted curves are shown as thin gray lines, and observed prevalence is shown as a bold black line. For each time point, the quantile of observed
prevalence was calculated as the proportion of permuted prevalence values that was smaller than the observed value, and these quantiles are visualized using the back-
ground colors. When Ct distributions are similar over time, prevalence quantiles are expected to be around 50%, whereas changing Ct distributions are expected to result
in low and high quantiles. Prevalence is pooled for all sites and normalized to allow comparison between thresholds. Note that points in the normalized time series reach
one, but that the prevalence curves are smoothed, meaning they do not necessarily pass through one. Cases of spillover are shown with crosses.
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quantiles coincided with low-prevalence periods, but only for thresh-
olds below Ct 38.

Cases of spillover aligned with peaks in normalized pooled preva-
lence estimated using lower Ct threshold values (Fig. 2). When the
time series was subdivided based on season and spillover, normalized
prevalence was highest for peak seasons in which a spillover event
was observed, and this was consistent for all Ct threshold values
(Fig. 3) (effect size + SE: peak season and spillover = 13.7 + 1.43, peak
season and no spillover = 2.33 + 1.34, P < 0.0001, df = 2, > = 53.2).
For peak season with spillover events, normalized prevalence trended
higher for lower Ct threshold values, excluding the two lowest values
where sample sizes of positives were very small (e.g., 16 positive sam-
ples at Ct 28, and 26 at Ct 29, compared with 160 at Ct 35) (Fig. 3).

P =0.30, df = 1, y* = 1.12). These results were further supported
by the permutation analysis, as the association between normalized
pooled prevalence and spillover was stronger for threshold values be-
low Ct 38. This was shown by the low Akaike information criterion
(AIC) quantiles for generalized linear models (GLMs) linking nor-
malized pooled prevalence to number of spillover events and, to a
lesser degree, for GLMs linking normalized pooled prevalence to
occurrence of spillover events (Fig. 4). Results were consistent when
repeated using the Clunes-only dataset (Supplementary Materials;
figs. S17 and S18). Note that these models are not intended for for-
mal (absolute) inference due to limited statistical power. Instead,
they offer a consistent comparative framework for evaluating how
changes in prevalence, under different Ct thresholds, relate to spill-

However, this trend was not statistically supported (effect size = 0.90,  over risk.
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Fig. 3. Normalized pooled prevalence for different Ct threshold values across off-season months (September to May) with no cases of spillover, and peak season
(June to August) without and with cases of spillover. Boxplots show the 25th, 50th, and 75th percentiles, lines indicate the smallest and largest values within 1.5 times
the interquartile range, and dots indicate values beyond that. Normalization is intended to show the relative changes in prevalence across the time series (therefore, how
the dynamics of prevalence vary), for each Ct threshold. If prevalence is predictive of spillover, there will be relatively low prevalence values in months with no spillover,
and relatively high prevalence values in months with spillover (as seen). If different thresholds are more or less predictive of spillover, there will be a systematic trend in
relative prevalence values across the Ct threshold values, such that there will be more differentiation between prevalence estimated using more conservative Ct values,
between the no-spillover and spillover months (also as seen; i.e., prevalence values trend lower for months with no spillover, and higher in months with spillover, for in-
creasingly conservative Ct values).
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Fig. 4. Akaike information criterion (AIC) values for models with normalized pooled prevalence as the predictor variable and either number or occurrence of spill-
over events as the outcome variable, for a range of Ct thresholds. (A and B) show results for spillover number and spillover occurrence, respectively. AIC values are shown
in blue for permuted data and red for observed data. Insets show the proportion of permuted AIC values that is larger than the observed value. Low quantile values provide
statistical support for a shift in the distribution of Ct values that results in a better correlation between prevalence and spillover. Note that while AIC values for the lowest Ct
thresholds are shown for consistency, they are not reliable due to the very low number of positive samples remaining after applying the most stringent thresholds.
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DISCUSSION

We demonstrate periodic shifts in the viral load shed by Pteropus bat
populations, skewing toward higher viral loads of Hendra virus dur-
ing high-prevalence periods. These results support the hypothesis that
spillover risk increases disproportionately when both prevalence and
individual viral loads are elevated. While our sampling resolution was
insufficient to determine the fine scale temporal sequencing of these
events, prior modeling studies in humans [e.g., (10)] predict that viral
load peaks before prevalence. In addition, using more conservative
Ct thresholds generated prevalence estimates that more strongly
correlated with spillover risk. Collectively, these findings suggest
that conventional detection of Hendra virus RNA at Ct 40 may not
be the best threshold for predicting spillover.

The Hendra virus RT-PCR (TaqgMan) assay was developed to diag-
nose Hendra virus infection specifically and rapidly, to allow prompt
implementation of control measures on infected properties (19). The
priority—to identify infected but not necessarily infectious animals—
balances the need for a high detection rate with a small proportion of
false positive results (19). In clinical settings where the consequences
of a missed assessment are great, a high probability of detection with
few misses is appropriate. Detection of Hendra virus RNA for exclu-
sion testing uses a Ct 40 threshold for this reason (15). Wildlife epide-
miological studies, by contrast, preemptively identify spatiotemporal
patterns of risk to inform future management. Modeling tools often
assume that RNA detection equates to infectiousness (susceptible,
infectious, recovered models) (20). In these scenarios, identification
of hosts that are actively infectious is an appropriate priority. Though
the precise functional relationship between infectivity and viral load
is currently unknown for even the most well-studied viruses (e.g.,
SARS-CoV-2), it is widely accepted that individuals with higher viral
loads are more likely to be infectious (10, 21, 22).

Using lower Ct thresholds, pooled prevalence was minimal outside
of peak season, and large peaks of infectiousness were not observed
every year. In addition, normalized pooled prevalence estimated using
lower Ct thresholds was higher than the conventional estimate dur-
ing peak seasons where spillover events were observed, but lower during
peak seasons where no spillover events were observed, or during the
off season. Collectively, these results suggest that prolonged low-
intensity shedding of Hendra virus outside of winter months—detected
only when using the conventional threshold—may reflect either pro-
longed shedding of noninfectious RNA or viral loads too low to over-
come dose barriers to spillover infection. In other words, while these
low viral loads may contribute to transmission and maintenance of
Hendra virus within the natural bat reservoir host, they appear to pose
minimal risk for cross-species transmission. More broadly, this ob-
servation may reflect a general pattern among Hendra virus variants.
Specifically, the comparatively lower prevalence and viral loads re-
ported for Hendra virus genotype 2 in wild flying-fox populations,
relative to genotype 1, may partially contribute to a lower spillover
risk for this variant. However, this pattern should be interpreted with
caution until large-scale surveillance of both genotypes is undertaken
simultaneously, under the same conditions (23).

Various mechanisms have been proposed to explain patterns in
Hendra virus infection in subtropical Australia, including the tempo-
ral availability of eucalyptus blossom—the preferred food of flying-
foxes (12, 24). Low food availability and utilization of alternative diet
sources may lead to increased viral shedding via reduced immuno-
competence and reactivated infection (16, 25), a mechanism demon-
strated in experimental systems of other bat pathogens (26). In winter,
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few species of eucalyptus reliably produce nectar (27); this period of
food scarcity coincides with the higher levels of Hendra virus shed-
ding in subtropical regions reported here and elsewhere (15, 17). This
mechanism may also explain the stronger predictive power of models
that used number of spillovers rather than occurrence (Fig. 4). While
Hendra virus circulates endemically within Pteropus bat populations,
clusters of spillover events (>3 events) follow severe climate-driven
food shortages that are not mitigated by subsequent winter flowering
pulses. Outside of these conditions, spillovers occur as isolated events
in most years (12). This highlights the potential role of nutritional
stress in periods of elevated risk. Further analyses will be required to
assess whether food availability and nutritional composition explains
the distributional shifts in viral load, and the link to spillover frequen-
cy, as shown here.

Note that our study intentionally focused on roosts with highly
restricted access to native winter food sources, as this attribute is
linked to spillover, and that replication of roosts was limited (five
roosts). Observed patterns of actual prevalence values and dynamics
may not be generalizable to roosts that do not experience acute food
shortages, and will not be generalizable over space and through time.
However, we do expect the interplay between prevalence and Ct cut-
offs to be generalizable across roosts, as this was observed consis-
tently over time. We observed consistent patterns over time for the
five roosts, including when the data were analyzed as an aggregate of
the five roosts, or as the singular roost that was spatially linked with
spillover events. This suggests that there are predictable periods when
a higher proportion of individuals shed large viral loads, and vice
versa, which can be detected using different Ct thresholds.

To further explore the relationship between viral load proxies and
infectiousness, future studies could formally test a serial dilution rela-
tionship between RNA detection (genome copy numbers) and in vi-
tro infectiousness [median tissue culture infectious dose (TCIDs5)] of
henipaviruses on different cell lines, or in vivo infectiousness (infec-
tious dose) for nonhuman primate or small animal models (5, 28).
As this relationship becomes clearer, future models of bat-pathogen
transmission dynamics may also consider RNA shedding along with
antibody responses to incorporate within-host infection dynamics
into spillover risk estimates.

Our exploration of alternate Ct thresholds is intended to empha-
size detections relevant for transmission—i.e., higher viral loads that
are more likely to be functionally infectious (10, 21, 22). We would
note that multiple factors contribute to whether a single Ct value or
viral load detected within an individual ultimately results in trans-
mission and, therefore, that there is no perfect threshold for infectiv-
ity. While lower Ct thresholds generally improved the association
between prevalence and spillover, we found no specific optimal value
or a clear trend toward stronger correlations for lower values. While
more conservative thresholds are more likely to represent infectious
virus, we acknowledge that infectious virus could also be possible
above a given threshold. The intention of our approach is to explore
whether different thresholds alter the observed viral dynamics in
ways that are meaningful for interpretation of viral transmission dy-
namics and spillover, rather than find an optimal Ct value for use in
Hendra virus epidemiology. Future studies that seek to compare Ct
values with results in this study should also consider that Ct values
alone are not directly comparable across laboratories (28).

In addition, although we took steps to estimate true prevalence
from pooled samples, we acknowledge potential error in overhead
counts, and cannot fully exclude bat movement among sheets or
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overestimation from a “superspreader” However, counting errors
are expected to be minimal (see Supplementary Text) with limited
impact on prevalence as per sensitivity analyses in Borremans et al.
(29). Bat movement is likewise expected to be minimal (see Supple-
mentary Text) with any movement likely only to create random
noise, rather than systematic bias in prevalence estimates. Conse-
quently, we consider these factors unlikely to affect interpretations
as presented.

In conclusion, we challenge the current paradigm that higher
prevalence of viral shedding in reservoir hosts is a lone driver of spill-
over from wildlife to humans. We show that there is a temporal shift
in the distribution of Hendra virus load proxies in Pteropus bat pop-
ulations and that accounting for viral load generates prevalence es-
timates that more strongly correlate with observed Hendra virus
spillovers. We suggest that estimates of prevalence that ignore de-
clining viral load can decouple the presence of virus from the risk of
transmission, and that previously reported low-prevalence shedding
of Hendra virus does not align with spillover risk. Our study provides
a key insight into the processes that facilitate spillover and offers a
foundation for further investigations in other systems and experi-
mental studies to explore the mechanisms driving high viral shed-
ding in bats, as well as their potential generalizability across species,
regions, and viruses. Obtaining data to refine Ct thresholds that more
accurately indicate infectiousness remains a priority for advancing
this field.

MATERIALS AND METHODS

We conducted our study from July 2017 through September 2020 at
five roosts spanning southeast Queensland to northeast New South
Wales (“Redcliffe,” “Sunnybank,” “Toowoomba,” “Burleigh,” and
“Clunes”; Fig. 1). Roosts were selected for attributes associated with
spillover (12, 16) and feasibility (Table 1).

The commencement of sampling was staggered across sites, with
all sites incorporated by April 2018. Roosts were sampled approx-
imately monthly, with most sampled within the same week each
month. Analyses were performed on approximately monthly sam-
pling sessions from aggregated roost sites, with clusters of sessions de-
fined so that all sessions within each cluster occurred within 14 days of
one another. Given the high mobility of black flying-foxes (30), and
that all study roosts share ecological characteristics and similar lati-
tudes within a subtropical climate zone (~170 km north to south), we
assume that individuals mix among roosts experiencing broadly com-
parable conditions. This supports the aggregation of data for the anal-
yses. Five Hendra virus equine spillover events occurred in the study
area during our sampling period, with two falling within the foraging
radius of our study sites (a single study site, Clunes) (12).

Sample collection

At each site, we collected pooled urine samples from beneath roosts
using plastic sheets (0.9 X 1.3 m) distributed before sunrise (~4 a.m.
to 6 a.m. AEST), following an optimized sampling approach (Sup-
plementary Text). Sheet placement (and downstream analyses) tar-
geted black flying-foxes (Pteropus alecto), but gray-headed (Pteropus
poliocephalus) and, rarely, little red flying foxes (Pteropus scapulatus)
were also sampled. Sample collection began once bats had returned
to the roost and concluded within 6 hours. The number and species
of individuals roosting over the sheet were recorded. We pooled urine
on each sheet into a single sample (roughly 20 urine droplets to a
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volume of ~2 ml), and aliquoted up to three cryovials for Hendra
virus testing containing AVL buffer (Qiagen) (target 140 pl of urine
into 560 pl of buffer), viral transport medium (VIM) (28) (between
200 and 1000 pl of urine into 1000 pl of VTM), and no buffer (NB).
Samples were transported in a CryoShipper (<—80°C) and stored at
—80°C. An average of 40 pooled samples were collected per session.
Urine was not collected from sheets if the urine had completely evap-
orated or was contaminated with feces (~0.7% of samples). Rain-
affected sampling events were abandoned and rescheduled.

Screening of Hendra virus using quantitative PCR with
reverse transcription (RT-qPCR)

We used the QIAamp Viral RNA Kit and QIAcube HT automated
system (Qiagen) to extract RNA. RNA was eluted in 150 pl of TE
buffer. A Hendra virus genotype 1 (HeV-gl) duplex RT-qPCR assay
was used for the detection of viral RNA (targeting the P gene, prim-
er, and probe sets given in the Supplementary Materials; table S2).
This assay specifically targets HeV-g1 and does not detect HeV-g2
(23). In the RT-qPCR, 10 pl of RNA and 900 nM and 250 nM final
concentrations of primer and probe, respectively, were tested with
10 pl of TagMan Fast Virus 1-Step master mix on a QuantStudio 6
flex Real-Time PCR instrument (Applied Biosystems). Thermocy-
cling conditions are given in the Supplementary Materials (table S3).
Positive standards (with known genome copy numbers previously
quantified using droplet digital PCR) were run in parallel with sam-
ples at 10-fold dilutions to construct a standard curve and calculate
genome copy numbers per milliliter of each positive sample (Sup-
plementary Materials; table S4).

Higher viral loads are more likely to be functionally infectious
(10, 21, 22). We considered genome copies and Ct values from pooled
samples to be proxies for the viral load available to recipient spillover
hosts, as is common practice in epidemiological studies (10, 21, 22).
We use the term “viral load” throughout to refer to these proxies,
though we note that the term “viral load” is used beyond the histori-
cal virological definition [which only uses TCIDs or plaque-forming
units (PFU) to describe viral load]. Note that the Ct value is the num-
ber of cycles needed to amplify enough target nucleic acid to be de-
tected. Thus, Ct values are inverse to the amount of target nucleic acid
in a sample; a lower Ct value corresponds to more target nucleic acid
(higher viral load). Traditionally, amplification within 40 cycles is
used to declare a sample positive. However, it is important to note
that the exact threshold is set during assay validation and reflects
both practical limits and the primary objectives of the assay (for ex-
ample, avoiding false-negative results in diagnostics).

Statistical analysis

We analyzed pooled urine samples with at least one (but not ex-
clusively) black flying-fox recorded above the sheet (4657 of 6151
samples, 75.7%). We assessed whether viral loads were randomly
distributed relative to time and prevalence, or whether there were
periods during which the proportion of individuals shedding high
loads was larger, using a permutation analysis. First, we estimated a
proxy for prevalence as the proportion of pooled urine samples pos-
itive for Hendra virus (with Ct < 40), with temporal dynamics esti-
mated from a generalized additive model fitted to time. Models used
a binomial distribution with a logit-link, with prevalence modeled
as a natural cubic spline with 8 degrees of freedom. Model fits were
repeated for different Ct thresholds that determine sample positivi-
ty, ranging from Ct 28 (~100,000 genome copies/ml) to Ct 39 (~100
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genome copies/ml). Ct 40 is not reported because the permuted prev-
alence dynamics at this threshold are identical to those observed in
the original data (see explanation of the permutation process be-
low). To allow comparison between Ct threshold values, prevalence
was normalized by dividing by maximum prevalence across the da-
taset for each threshold. Normalized prevalence should be interpret-
ed as a relative value, where high values indicate when prevalence is
high relative to other values in the time series for each Ct threshold.
For nonnormalized prevalence values at each Ct threshold, see the
Supplementary Materials (figs. S12 to S15).

Permutations randomly shuffled Ct values of positive samples
(with positivity determined using the “baseline” Ct threshold of 40)
to reestimate normalized pooled prevalence dynamics with ran-
domized time. Ct thresholds were applied after each permutation
procedure, meaning that after the random shuftling step, all samples
with a Ct value larger than the threshold value were considered neg-
ative. The observed and permuted prevalence curves would remain
similar if Ct values were randomly distributed over time, or random
relative to normalized prevalence, because the proportion of sam-
ples that remain positive would be similar regardless of the time
point, or whether normalized prevalence was high or low (i.e., the
observed values and permuted values are both random). If Ct values
were nonrandomly distributed, then the observed and permuted
prevalence curves would diverge when values are randomized by the
permutation. This is because the observed data at particular times
would contain relatively more, or relatively fewer, positive samples
than the (randomized) permuted data, which would present as rela-
tively higher peaks and lower troughs in the observed prevalence
curve relative to the permuted curves. Divergence between curves
should become more apparent with more conservative Ct thresholds,
as relatively more or fewer samples are retained as “positive” at those
time points when the underlying distribution of viral loads is skewed.
Permuted prevalence dynamics estimated using the conventional Ct
threshold (Ct 40) would be the same as for the observed data, as all
samples are retained as positive.

During the permutation process, we explicitly accounted for the
fact that the viral load of a pooled sample is the result of contribu-
tions from both positive and negative bats, where the number of
positive bats is unknown, as per Borremans et al. (29). We ensured
our results were robust to uncertainty in the number of positive bats
contributing to a pooled sample and interindividual variation in vi-
ral loads using simulated data and permutation tests (see Supple-
mentary Materials; fig. S2). The permutation process also accounts
for potential differences in preservative type (AVL, VTM, or NB), by
restricting shuffling to samples within the same preservative type.
Further, we used simulation tests to confirm our analyses with the
empirical data we collected were sufficient to detect changes in viral
load when that load varies with viral prevalence (see Supplementary
Materials; fig. S3).

We compared normalized pooled prevalence dynamics estimated
using original Ct values with 500 permuted prevalence curves. For
this, we calculated the proportion of permuted prevalence values that
were smaller than the observed prevalence value at each time point
(i.e., the observed prevalence quantile). If there was no change in the
distribution of Ct values over time, the quantiles would be relatively
constant around ~50%. If Ct values shifted toward low values (high
viral loads; e.g., during high-prevalence periods) and vice versa, the
quantiles would be high during high-prevalence periods and low
during low-prevalence periods.

Lunnetal., Sci. Adv. 12, eaea6654 (2026) 10 July 2026

To visualize whether lower Ct thresholds improved the associa-
tion between normalized pooled prevalence and spillover risk, we
divided the time series by off-season months (i.e., those with sea-
sonally low prevalence; September to May) (12) with no cases of
spillover, and peak-season months (i.e., those with seasonally high
prevalence; June to August) with and without cases of spillover (giv-
ing three time-series categories), and plotted the normalized pooled
prevalence estimated for each Ct threshold. We fitted GLMs (bino-
mial error distribution and logit link function) to test the correlation
between (i) monthly normalized pooled prevalence and time-series
category across Ct values, and (ii) monthly normalized pooled preva-
lence and Ct threshold value during peak season with spillover only.

To test whether lower Ct thresholds improved the association be-
tween normalized pooled prevalence and spillover risk, we also fitted
a GLM to the number of spillover events (Poisson error distribution
and log link function) and the occurrence of spillover events (bino-
mial error distribution and logit link function), repeated for each Ct
threshold. Predictor variables were either the monthly observed or
the monthly permuted (normalized) pooled prevalence estimates. A
measure of model fit (AIC) was then used to assess (i) whether mod-
el fit improved for lower thresholds, and (ii) whether model fit
improved relative to the permuted datasets. Analyses including spill-
over data were performed on sites aggregated across space, and for
the single study site (Clunes) spatially linked with spillovers during
the duration of the study (Supplementary Materials; fig. S16). All
analyses were undertaken in R version 4.2.2 using the “stats” (v4.2.2)
package (31).

Supplementary Materials
This PDF file includes:
Supplementary Text

Figs.S1toS18

Tables S1 to S4
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