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Abstract
Pathogen transmission studies require sample collection over extended periods, which can be chal-lenging and costly, especially in the case of wildlife. A useful strategy can be to collect pooled samples,but this presents challenges when the goal is to estimate prevalence. This is because pooling can intro-duce a dilution effect where pathogen concentration is lowered by the inclusion of negative or lower-concentration samples, while at the same time a pooled sample can test positive even when some ofthe contributing samples are negative. If these biases are taken into account, the concentration of apooled sample can be leveraged to infer the most likely proportion of positive individuals, and thusimprove overall prevalence reconstruction, but few methods exist that account for the sample mixingprocess. We present a Bayesian multilevel model that estimates prevalence dynamics over time usingpooled and individual samples in a wildlife setting. The model explicitly accounts for the completemixing process that determines pooled sample concentration, thus enabling accurate prevalence esti-mation even from pooled samples only. As it is challenging to link individual-level metrics such as age,sex, or immune markers to infection status when using pooled samples, the model also allows theincorporation of individual-level samples. Crucially, when individual samples can test false negative, apotentially strong bias is introduced that results in incorrect estimates of regression coefficients. Themodel, however, can account for this by leveraging the combination of pooled and individual samples.Last, the model enables estimation of extrinsic environmental effects on prevalence dynamics. Usinga simulated dataset inspired by virus transmission in flying foxes, we show that the model is able toaccurately estimate prevalence dynamics, false negative rate, and covariate effects. We test modelperformance for a range of realistic sampling scenarios and find that while it is generally robust, thereare a number of factors that should be considered in order to maximize performance. The modelpresents an important advance in the use of pooled samples for estimating prevalence dynamics in awildlife setting, can be usedwith any biomarker of infection (Ct values, antibody levels, other infectionbiomarkers) and can be applied to a wide range of host-pathogen systems.
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Introduction
When monitoring and studying pathogen transmission over time, it is essential to estimateprevalence dynamics. Prevalence, defined as the proportion of individuals in a population thattests positive for the current (e.g., presence of a pathogen or its genetic material) or past (e.g.,antibody presence) presence of an infectious organism, is a key metric, yet can be difficult to es-timate. The reason for this is that it is almost never feasible to test every individual in population,which means prevalence needs to be estimated from a population subset. As a result, methodsare needed to estimate prevalence from imperfect data due to constraints in the number andquality of samples.Sampling will depend on constraints (logistical, technical, individual availability, monetary),and different sampling strategies can be used to maximize the number of individuals being sam-pled (Restif et al., 2012; Truscott et al., 2019). One such strategy is to pool samples, either bycombining samples collected from different individuals (which reduces resource investments intesting and collection; Dorfman, 1943), or by collecting samples that already consist of materialfrom multiple individuals (e.g., monitoring of SARS-CoV-2 in sewage; McMahan et al., 2021). Instudies of wildlife disease this latter approach is relatively common, for example when collectingfecal droppings in a den or cage containing multiple animals (Truscott et al., 2019), or when col-lecting water samples in a lake or in wastewater (Dalu et al., 2011). An important drawback ofthe latter approach to pooling is that the sample cannot be linked to individual-level data, exceptindirectly under certain controlled conditions (McMahan et al., 2017).Individual samples provide the highest-resolution information, as they allow additional indi-vidual-level data to be collected, including body measurements, estimates of sex and age class,and a wide range of biomarkers such as antibodies, blood proteins or other infections. Theseadditional data are highly valuable as they can be used to learn more about correlates and dri-vers of infection. Depending on the study system, however, there can be several challenges tocollecting and interpreting individual samples. A first is that the collection and processing ofindividual samples can be costly — in terms of effort, time or monetary resources — which lim-its sample sizes and temporal/spatial resolution. It can also be difficult to capture and sampleindividuals, for example when dealing with species that are elusive or live in low-density popu-lations. Another challenge can arise when individuals do not shed a pathogen continuously butintermittently because of fluctuating pathogen concentrations. For example, the rodent Masto-mys natalensis is known to shed arenavirus in varying concentrations (Borremans et al., 2015).Intermittent shedding means that it is possible to collect a negative sample or a sample withan undetectable pathogen concentration even though the individual can be considered infec-tious, leading to false negative results with regards to determining whether or not an individualis infectious.A powerful study approach is to optimize the trade-off between sampling cost and data res-olution by collecting both pooled and individual-level samples. This is commonly done in batpathogen studies, where samples are collected from individual bats using net captures — whichenables the collection of high-quality samples and associated individual variables — as well asfrom multiple bats simultaneously using plastic sheets placed under roosts (Burroughs et al.,2016; Field et al., 2015; Giles et al., 2021). This approach is particularly useful when the goal isto estimate prevalence dynamics.When estimating prevalence, the use of pooled samples presents twowell-known challenges,both resulting from the fact that multiple individuals contribute to the same sample. The firstchallenge is that a pooled sample can test positive regardless of how many of the contributingindividual are actually positive. As a result, the proportion of positive pooled samples can be bi-ased upwards, leading to over-estimates of prevalence (Giles et al., 2021). The second challengeis the opposite of the first, and is the fact that a pooled sample can test negative even whenone or multiple contributing individuals are positive. This can arise when the sample is dilutedby negative samples, causing the concentration of the positive sample(s) to lower and fall be-low a detection threshold (which is called the dilution effect in pooled/group/composite testingliterature; Wein and Zenios, 1996). Assay sensitivity will be an essential factor in how low the
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diluted concentration can be before it can no longer be detected. Several approaches have beensuggested to deal with these two challenges (Cleary et al., 2021; Wein and Zenios, 1996), themost recent of which presents a Bayesian mixture model approach that can account for both atthe same time under certain conditions (Self et al., 2022). Most studies on the analysis of pooledsamples focus on testing protocols for cost reduction, with the goal of eventually identifying thepositive individuals (Aldridge et al., 2019; Dorfman, 1943; Mutesa et al., 2021). Perhaps for thisreason, fewmethods have been developed for explicitly using pooled samples to estimate preva-lence in the population (Cleary et al., 2021; Colón et al., 2001; Giles et al., 2021; Hoegh et al.,2021; Scherting et al., 2023), and even fewer have attempted to use the actual concentrationof the infectious agent (or another biomarker like antibody concentration) in the pooled sampleto estimate how many of the contributing individuals are positive (Cleary et al., 2021; Self et al.,2022; Zenios andWein, 1998). A particular challenge arises when the underlying distribution oftest values does not follow a standard-family (e.g. Gaussian) distribution, even though this is themost common situation, especially for wildlife populations (Edson et al., 2019; Nhat et al., 2017).Few methods exist that can incorporate such distributions, and to our knowledge none providea method for numerically calculating the full probability distribution of test values, instead usingapproximation methods (Self et al., 2022; Zenios and Wein, 1998). Leveraging the informationpresent in the concentration of the infectious agent in pooled samples instead of only usingbinary negative/positive information can lead to significant improvements in the estimation ofprevalence, particularly in the case of disease surveillance in wildlife populations.We present a multilevel Bayesian modeling approach to estimate infection prevalence simul-taneously from both individual and pooled samples, explicitly using the concentration of the in-fectious agent in pooled samples and thereby accounting for the biological mixing process thatgenerates pooled sample concentrations. The model presents two key advances: first, the abilityto estimate the false negative rate ensures that the effect coefficients of infection covariatescan be estimated correctly, as these can otherwise be strongly affected by the presence of falsenegative samples. The second is the introduction of an algorithm that enables the full numericalcalculation of the probability density function of concentrations in pooled samples.Model use and performance is presented using simulated data inspired by a bat-pathogenstudy system, but we highlight that this approach can be used for any situation in which preva-lence fluctuations are estimated from pooled samples with a known (or estimated) number ofcontributing individuals, especially when combined with individual samples. To illustrate thebroader relevance, and test how the model performs under different conditions, we included rel-evant scenarios that each resemble a realistic biological situation. The approach presented hereis particularly useful when the goal is not to identify which specific individuals are positive but todetermine prevalence in the population, because there is no need to re-test de-pooled samples.Examples includemonitoring SARS-CoV-2 prevalence (Cleary et al., 2021; Scherting et al., 2023),estimating prevalence in wastewater if the number of contributing individuals can be estimated(Dalu et al., 2011), assessing pathogen prevalence in the animal production industry (Evers andNauta, 2001), or estimating pathogen prevalence in wildlife populations (Fontoura-Goncalveset al., 2023). Note that while the example presented here focuses on infection prevalence, themodel can also be applied to other biomarkers such as antibodies.
Methods

Themain goal of this study is to estimate the true, unknown, proportion of pathogen-positiveindividuals over time, from both pooled and individual samples. Each of these types of samplespresents a challenge for estimating prevalence, but also an opportunity, as outlined in Table1. Note that the focus is on "naturally" pooled samples, where collection was not done directlyfrom individuals, as opposed to "technically" pooled samples that were pooled intentionally aftercollection from individuals.Here, we simulated data inspired by existing studies on flying foxes for research on temporalvirus dynamics (Burroughs et al., 2016; Field et al., 2015; Giles et al., 2021). For the reasonsmentioned above, bat virus studies often use field sampling designs that rely heavily on the
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