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Age bins are frequently used in serological studies of infectious diseases in wildlife to deal with uncertainty in the age of sampled animals. This study analyzed how age binning and targeted sampling in serological surveillance affect the width of the 95% confidence interval (CI) of the estimated force of infection (FOI) of infectious diseases. We indicate that the optimal target population with the narrowest 95% CI differs depending on the expected FOI using computer simulations and mathematical models. In addition, our findings show that we can substantially reduce the number of animals required to infer transmission risk by tailoring targeted, age-based sampling to specific epidemiological situations.
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Introduction

Serological surveillance monitors how fractions of individuals in a population have been infected with a specific infectious disease in the past or present. Serological tests analyze the level of pathogen-specific antibodies in the serum of individuals. Seroprevalence, the relative frequency of seropositive individuals in the population, helps us understand the epidemiology of the infectious disease, especially when the disease is asymptomatic or mildly symptomatic (1, 2). The data from serological surveillance are used to study the epidemiology of infectious diseases in humans (3), livestock (4), pet animals (5), and wildlife (6).

With mathematical models, seroprevalence data are analyzed to make an epidemiological inference. The basic reproduction number (R0) is one of the most vital epidemiological quantities, defined as the average number of secondary cases arising from a single infectious individual when it is exposed to a susceptible population (7). The force of infection (FOI) is another key epidemiological quantity, defined as the per capita rate at which susceptible individuals acquire infection (7). Various approaches have been applied to evaluate the FOI of endemic infectious diseases. Examples include the catalytic model assuming constant FOI within a homogeneously mixed population (8) and linear infection model with FOI changing linearly with age (9), the polynomial infection model that generalizes the linear infection model (10), and the exponentially damped linear model assuming an initially increasing FOI and an exponentially damping FOI with age (11). Using these models, the calculation of FOI requires the numbers of seropositive and seronegative individuals coupled with their age.

Currently, the age of domestic animals can be obtained in most countries. In contrast, the age of animals is inferred from age-dependent characteristics. For example, the age can be estimated by assessing animals' teeth (12–16). These approaches are applied after anesthetizing or killing the animals, and it is challenging to apply them to endangered animal species for their conservation. Some of their ages were obtained by tracking the animals from birth (17). Furthermore, measurement of size, weight, gum line recession, wear of a tooth, and tail length (18, 19) can be used to estimate the age of animals. Some studies have inferred animal age using the length of telomere (20) or the percentage of methylated DNA in specific genes (21).

Age binning is used in epidemiological studies of wildlife. It can be considered stratified sampling, which divides the population into homogeneous groups called stratum and collects samples from the strata (22). It is known that the variances of estimated quantities from stratified sampling are smaller than that from random sampling, especially when each stratum becomes homogeneous concerning the quantities under study. D' Amato et al. indicated that stratified sampling could reduce uncertainty in the mortality projections under a log bilinear Poisson Lee-Carter model (23). Age groups in wildlife studies are designed so that animals in the same age group share the same characteristics, such as physiology, behavior, and feeding, which affect disease transmission. The stratification of animals using their age may reduce the uncertainty in FOI since animals in the same bin are expected to have the same seroprevalence. Many studies use stratified sampling across animal ages for serological surveillance (24–27). Nevertheless, there is no preceding theoretical work studying the effect of stratified sampling on the confidence interval of FOI in serological surveillance.

This study analyzed how age binning and targeted sampling in serological surveillance affect the width of 95% CIs of the FOI of infectious diseases. We optimized the age group from which samples were drawn to minimize the width of 95% CI of the FOI. We assumed a situation where the exact ages of sampled animals are unknown and/or the age group from which sampling is allowed is limited. We show that using computer simulations and mathematical models, the optimal target population with the narrowest CI differs depending on the FOI. Moreover, we concluded by discussing the situations where surveillance targeting a specific age group is most beneficial.



Materials and methods


Model of seroprevalence

This study used a simple catalytic curve to model the seroprevalence of infectious diseases under endemic equilibrium (28). The catalytic model may not be common in the serological study of wildlife infection. Since our purpose is to investigate the effect of age binning on the CI of estimated FOI, we used this model to keep our mathematical model simple. The model assumes that (1) the population is homogeneously mixed, (2) FOI λ is constant over all age groups, and (3) infected individuals acquire a lifelong immunity (28). The proportion of seropositive individuals at age a, p(a), is approximated by a simple catalytic curve,
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Let L be the lifespan of the target animal under surveillance. An age group of animals can be represented by G (qL, rL), where qL and rL are the lower and upper bound ages of the age group, such that 0 ≤ q ≤ r ≤ 1. We set lifespan L to 150 weeks for the simulations and numerical analysis in this study. We assumed that all infected animals recover from their infections and none of them die of the infection. We also assumed that all animals die at an expected lifespan, called the Type 1 survival model. Therefore, the ages of animals in the population are uniformly distributed from 0 to L. Although these assumptions do not hold for wildlife populations, this simple model provided an analytically tractable means to evaluate the effect of targeted sampling on the CIs of estimated FOI.



Simulation of serological surveillance

Serological surveillance focusing on an age group G (qL, rL) was simulated using samples made up of N animals whose ages were randomly chosen from a uniform real distribution ranging from qL to rL. Animal i at age ai was set to be positive with probability p (ai) and negative with probability 1−p (ai) according to Eq. (1). We assume no error in diagnosis, that is, there is no false-positive or false-negative detection of pathogen-specific antibodies.



Estimation of λL

From the ages of seropositive and seronegative animals, FOI λ can be estimated by maximizing the following likelihood function,
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where a1, …, ak are ages of seropositive animals and ak+1, …aN are ages of seronegative animals.

Let p (qL, rL) be the probability that an animal in G (qL, rL) is seropositive. From the uniform assumption on the age distribution, p (qL, rL) is given by
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Let k be the number of seropositive samples among a total of N samples. The FOI λ can be estimated by maximizing the likelihood function of λ given by
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In the case we draw samples from m age groups, the likelihood function is represented as a product of Eq. (4) as follows:
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where, qi and ri are the ratios of the lower and upper bound ages of the ith age group to L.

When we assume that all samples are collected at the age of lifespan L, Eq. (1) can be used instead of Eq. (3), and we get
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The likelihood function is represented by Eq. (4).

Note that the basic reproduction number, R0, can be calculated from the estimate of λ according to the formula given by Anderson and May (7) as follows:
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If λL is large enough, Eq. (7) can be reduced to R0 = λL.



Sampling strategies

To investigate how age binning and targeted sampling affect the width of 95% CIs of FOI in serological surveillance, we compared CIs of λ estimated under seven different sampling strategies (Table 1). We assume that the ages of animals in the target population do not affect the probability of animals being sampled for each strategy. Strategies 0, 1, and 2 collect samples randomly from the entire population, and q and r are set to zero and one. Strategy 0 represents the ideal surveillance, under which the exact age of each sampled animal is provided. Since the likelihood function in Eq. (2) needs the result of the serological test of animals coupled with their ages, Eq. (2) can be used to estimate λ from samples only for Strategy 0. In strategies 1 and 2, samples are drawn from the entire population, but the results of serological tests of sampled animals are summed up in the age group they belong. Strategy 1 divides the population into two groups at half of their lifespan. This strategy can be considered the standard approach using two age bins adopted for serological surveillance in wildlife. The likelihood function in Eq. (5) gives the likelihood function for Strategy 1 because it collects samples from two age groups. Strategy 2 treats the entire population as a single age group and does not provide age information for the animals sampled. Equation (4) with q = 0 and r = 1 gives the likelihood function for Strategy 2.


TABLE 1 Seven sampling strategy models.
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Strategies 3, 4, 5, and 6 collect samples only from animals with a specific age or a specific age group. Strategy 3 samples only animals with an age range from zero to 0.5L. Strategy 4 samples only animals at the age of 0.5L. Strategy 5 samples only animals whose age ranges from 0.5L to L. Strategy 6 samples only animals at the age of L, animals that are dying. Values of q and r for each strategy are shown in Table 1. Equation (5) with q = 0 and r = 0.5 gives the likelihood function for Strategy 3, and Eq. (5) with q = 0.5 and r = 1 gives that for Strategy 5. Equation (2) with ak= 0.5 for 1 ≤ k ≤ N gives the likelihood function for Strategy 4 and Eq. (2) with ak= 1 for 1 ≤ k ≤ N gives that for Strategy 6.

For each strategy, 1,000 simulations of serological surveillance were conducted for λL= 1.5, 3.0, and 6.0. Values of λL at 1.5, 3.0, and 6.0 are selected to represent a slightly transmissible infectious disease, for example, hepatitis E virus (29), moderately transmissible one, for example, African swine fever (30), and a highly transmissible one, for example, Bovine herpes virus 1 (31). The value of λL and its 95% CI was estimated from the numbers of seropositive and seronegative samples drawn from target age groups. The estimates of λL were calculated by maximizing the likelihood, and their CIs were calculated using profile likelihood method (32). More precisely, we calculated the intervals by finding λL of which profile likelihood is log(maximum likelihood)−(χ2(1−0.05))/2 where the degrees of freedom of χ2 statistic is one. The width of CI was calculated by subtracting the lower bound of CI from the upper bound of CI. The width of 95% CI can be infinity and CI width of infinity were excluded from the calculation of average. We used three values for λ, 0.01, 0.02, and 0.04, of which λL were 1.5, 3, and 6, respectively, to investigate the effect of λ on CI width of estimation.



Effects of the target age group on estimation

We simulated serological tests using different values of q and r to examine the effect of q and r on the estimation of λ. We changed q from zero to one and r on q to one by a step of 0.02, where 0 ≤ q ≤ r ≤ 1. Estimates of λL and their 95% CI width were estimated from samples and averaged over the 1,000 simulations. The upper and lower bounds of the 95% CI of λL are calculated using the profile likelihood technique. The average width of the 95% CI was set to be undefined when more than 5% of 95% CI contained infinity.



Age group that minimizes the expected width of 95% CI of λL

Parameter q or r was modified under the three constraints in Table 2 to evaluate the link between λL and the target age group that minimizes the breadth of the 95% CI. The first constraint restricts the age of the target population to the animal at a specific age by q = r and changes q(= r). The second constraint fixes the lower bound q at zero and changes the upper bound r. The third constraint changes lower bound q under fixed upper bound r. Under constraints 1 and 3, we looked for the value of q having the narrowest width of 95% CI of λL for 0 ≤ λL ≤ 10. Under constraint 2, we looked for the value of r having the narrowest width of 95% CI. N is the number of animals sampled, and it is set to 50, 100, or 200.


TABLE 2 Three constraints for calculating the expected width of 95% CI of λL.
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Analytical approach to the expected width of 95% CI

Under the three constraints in Table 2, we can calculate the expected values of the 95% CI width of estimated λL using the normal approximation of the binomial distribution. Suppose the number of seropositive animal observations follows a binomial distribution with sample size N and seroprevalence p. Assuming that N is the number of samples and large enough, the number of seropositive animals, k, can be approximated by a normal distribution with a mean of Np and variance of Np (1−p). In total, 95% of k will be within the following range:
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Let [image: image]be empirical seroprevalence estimated from samples, and then we obtain the following relationship:
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If Inequality (9) is rearranged for p, we obtain the following relationship:
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The seroprevalence, p, at a specific age (an age group under Constraint 1) is calculated from Eq. (1). The estimated value of λL can be calculated as follows:
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From Inequality (10) and Eq. (11), we get the following relationship:
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The width of 95% CI of λL can be estimated by subtracting the lower boundary of 95% CI of λL from the upper boundary of 95% CI of λL below:
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Since the expected value of [image: image] is p, then the expected value of 95% CI width of λL is as follows:
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Substituting p with 1−exp(−λLq) the expected width of 95% CI is represented as
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The seroprevalence, p, at a specific age group under constraints 2 and 3 is calculated from Eq. (3). However, the analytical derivation of an explicit form of λL from Eq. (3) is complicated, and we get λL using numerical analysis of Eq. (3). The expected width of 95% CI of λL was estimated using Eq. (10) in the same way as Constraint 1.




Results


Estimation by different strategies

Table 3 displays estimates of over 1,000 repeats of serological surveillance simulations, estimations of λL with 95% CIs, and the width of 95% CIs. When λL is 1.5, all strategies estimated λL close to the true value of 1.5. However, the average width of their CI showed variations among strategies. Strategies 0, 1, and 2, all sampled from the entire population, had different CI widths. This difference is attributed to the difference in information given to each strategy. Strategy 0, given the complete age information of samples, had the narrowest CI width among the three. Strategy 2, given no age information of samples, had the widest CI width. Strategy 1 was given incomplete age information, whether each animal was younger (or older) than half of their lifespan, and ranked the second of the three.


TABLE 3 Estimated values of λL and their 95% CIs for seven sampling strategies.
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Among all strategies, Strategy 6, which takes samples only from animals at the age of death, had the narrowest 95% CI of 0.751. The second narrowest value was 0.784 with Strategy 5, which takes samples only from animals whose ages are older than half of their lifespan. These results are counter-intuitive because CI estimated from a subpopulation was narrower than Strategy 0; random sampling from the entire population with complete age information resulted in a width of 0.895. The maximum average width of CI of λL was 1.182 with Strategy 3, which takes samples only from animals whose ages are younger than half of their lifespan. When λL = 3.0, the seven tested strategies estimated λL close to the true value of 3.0. Again, the average widths of their CI were different depending on strategies (Table 3), but the tendency was different from when λL = 1.5. Among strategies, Strategy 4, which takes samples only from the animal at the age of half of the lifespan, had the narrowest 95% CI of 1.500. The second narrowest is Strategy 5, which takes samples only from old animals older than half of their lifespan. Again, these findings are counter-intuitive because the CIs are narrower than those of Strategy 0. In sampling Strategy 2, the largest average width of CI of λL was 2.204.

When λL = 6.0, all strategies except Strategy 6 estimated λL close to the true value of 6.0 (Table 3). Among all strategies, Strategy 4, which takes samples only from the animal at half of the lifespan, again had the narrowest 95% CI of 3.796. The second narrowest is Strategy 0, which takes samples from animals at any age with complete age information. Seroprevalence in the old population is close to one, and the information from animals in the old population becomes uninformative. For this reason, the FOI estimated by Strategy 6 became inaccurate. Moreover, the width of CI of λL of the Strategies 5 and 6 was not available for some simulations because λL is estimated to be infinity when only seropositive animals are sampled.



Effect of target age group on estimation

Figure 1 shows the estimates and widths of 95% CI of λL estimated from samples drawn from different age groups in serological surveillance simulations. The top left corner, where q = 0 and r = 1 in each panel, represents Strategy 2 in Table 1. The point at the middle of the left edge, where q = 0 and r = 0.5, represents Strategy 3, and the point at the center of the top edge, where q = 0.5 and r = 1, represents Strategy 5. The top right corner, where q = 1 and r = 1, represents Strategy 6, and the point in the center of the panel, where q = 0.5 and r = 0.5, represents Strategy 4.
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FIGURE 1
 Effect of the target age group on the estimate of λL and its 95% CI width. The color of a cell in (A,C,E) represents the value of λL estimated from samples of the target age group defined by age parameters q and r on the x- and y-axis. A cell in (B,D,F) represents the width of 95% CI of λL estimated from the samples as (A,C,E), respectively. Values of λL and 95% CI width were estimated from 100 samples drawn from the target population. Serological surveillance was simulated 1,000 times under settings where λL = 1.5 (A,B), λL = 3.0 (C,D), and λL = 6.0 (E,F). The color of a cell represents the averaged value in 1,000 repetitions, and the color key next to each panel shows colors associated with the values. The black cells in (B,D,F) represent widths above the 95th percentile of all widths of CI. The white cells represent the combination of sampling age parameters. The results are not available to estimate 95% CI of λL by the profile likelihood method in more than 5% of repetitions.


Figures 1A,B indicates that the estimates have the narrowest 95% CI in the area around the top right corner when λL is 1.5. This indicates that sampling from an old population is reliable when λL is 1.5. The reliable area changes when λL is 3.0 or 6.0. Estimates have the narrowest 95% CI in the area around the center of the diagonal line when λL is 3.0 (Figures 1C,D). The reliable area shifts to the lower left when λL is 6.0 (Figures 1E,F). The width of 95% CI became large for some combinations of q and r (black cells in Figures 1B,D,F. The widths of 95% CI were not available for other combinations (white cells in Figures 1B,D,F). These points are addressed in the discussion.

Table 4 shows the combination of q and r, which resulted in the minimum width of 95% CI of λL when λL is 1.5 or 3.0 or 6.0 in serological surveillance simulations. These results suggested that the narrowest 95% CI can be achieved by surveillance targeting the old population when λL is small and surveillance targeting the young population when λL is large. Estimations and 95% CI for combinations of q and r when λL were 1.5, 3.0, and 6.0 are provided in Supplementary Tables 1–3, respectively.


TABLE 4 Combinations of q and r resulted in the narrowest 95% CI of λL.
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Figure 2 shows the relationship between λL and the sampling age parameter that resulted in the narrowest 95% CI. We call such a parameter value an optimum age parameter value. The optimum age parameter values for all three Constraints were one when λL is small (Figures 2A–C). The range of λL at the height of one indicates that the inclusion of the oldest members of the population is needed to minimize the width of 95% CI of λL when λL is small. For all Constraints in Table 2, the optimum age parameter values decreased as λL increased (Figures 2A–C). Table 5 shows the values of λL and their widths of 95% CI when the optimum age parameter value is 0.5 for each Constraint. The optimum age parameter value for each Constraint is older than half of the lifespan if λL is less than the value indicated in Table 5 and vice versa.


TABLE 5 The value of λL and the width of 95% CI of estimated λL when the optimum age parameter values are 0.5.
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FIGURE 2
 The relationship between λL and the optimum age parameter value for Constraints 1 (A), 2 (B), and 3 (C). In each panel, the solid line represents N = 50, the dashed line represents N = 100, and the dotted line represents N = 200. The horizontal line in (A) represents r = q = 0.5 for Constraint 1. The horizontal line in (A) represents r = 0.5 for Constraint 2. The horizontal line in (A) represents q = 0.5 for Constraint 3. The open circles in (A–C) denote the points where the optimum sampling age parameters are 0.5. Vertical panel lines (A–C) are drawn at λL = 1.5, λL = 3.0, and λL = 6.0, which are the values used in the sampling simulation in Table 3.


Figure 3 shows the relationship between λL and the narrowest width of 95% CI of estimated λL. The narrowest 95% CI of λL monotonically increases as λL increases for all Constraints regardless of the sample number N (Figure 3). Among the three constraints, Constraint 1 (solid line) has the narrowest width of 95% CI for all λL regardless of N. Comparing Constraints 2 (dashed line) and 3 (dotted line), Constraint 2 has a narrower width of 95% CI than Constraint 3 when λL ≤ 3.43, λL ≤ 4.05, and λL ≤ 4.52 for N = 50, 100, and 200, respectively. Constraint 3 has a narrower width of 95% CI than Constraint 2 when λL > 3.43, λL > 4.05, and λL > 4.52 for N = 50, 100, and 200, respectively. The slope of the curve of Constraint 3 increases by a large amount compared with that of constraints 1 and 2. This result indicates that Constraint 3, where r = 1, should be carefully selected to estimate λL when λL > 3.43, λL > 4.05, and λL > 4.52 for N = 50, 100, and 200, respectively.
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FIGURE 3
 The relationship between λL and the narrowest 95% CI of λL for each constraint is shown in Table 2 under different N = 50 (A), N = 100 (B), and N = 200 (C). In each panel, the solid line represents Constraint 1, where q = r; the dashed line represents Constraint 2, where q = 0; and the dotted line represents Constraint 3, where r = 1. The filled circles in (A–C) denote the point where the narrowest 95% CI of λL under Constraints 2 and 3 has the same value. Vertical panel lines (A–C) are drawn at λL = 1.5, λL = 3.0, and λL = 6.0, which are the values used in the surveillance simulations in Table 3.


Supplementary Figure 1 shows the relationship between the age parameter q [panels (A–C) and (G), (H), and (I) ]or r [panels (D), (E), and (F)] and the expected width of 95% CI of λL. The narrowest width of 95% CI of λL decreases as λL decreases. Supplementary Figure 1 shows how the sample number affects the width of 95% CI of λL. The expected width of 95% CI of estimated λL decreased as the number of samples increased.




Discussion

This study analyzed how age binning and targeted sampling affected the accuracy of the estimation of the FOI, λ. Assuming that infectious diseases are endemic in a homogeneously mixed population with constant λ over age under lifelong immunity, we found that the age group that minimizes the width of 95% CI of λL was different depending on the value of λ and the number of samples N.

Using simulations of serological surveillance, we found that surveillance targeting a specific age or age group resulted in a narrower 95% CI of estimated λL than the standard age-binned sampling from the entire population (Strategy 1) in particular situations (Table 3). Surveillance targeting animals older than half of their lifespan (Strategy 5) had a narrower 95% CIs than not only a standard wildlife surveillance approach targeted the entire population using two age bins (Strategy 1) but also well-informed surveillance that targeted the entire population with precise age (Strategy 0) and when λL = 1.5 (Table 3). Surveillance targeted animals younger than half of their lifespan (Strategy 3) had a narrower 95% CIs than Strategy 1 when λL = 6.0 (Table 3). These results indicated a chance to narrow down the 95% CI by serological surveillance targeting a particular age group.

Even when animals' actual ages were provided (Strategy 0), surveillance targeting the entire population did not always guarantee the calculation of the narrowest width of the 95% CI of λL (Table 3). These results are related to the properties of stratified sampling. Targeted serological surveillance sampling can be considered a special case of stratified sampling. Stratified sampling can reduce uncertainty compared with a random sampling of the entire population (22). Seroprevalence in the young population is mostly zero, and seroprevalence in the old population is more informative than that in the young population when FOI is small. When FOI is large, on the other hand, the seroprevalence in the old population is close to one, and the seroprevalence in the young population is more informative than that in the old population. Therefore, more samples from the old population can be used by Strategies 5 and 6 than by Strategy 0 or 1. This is why, when FOI is modest, tailored sampling outperforms fully informed sampling from the entire population.

Constraint 1, surveillance targeting animals at a given age, was found to have the smallest 95% CI of λL regardless of λL and three tested N among the three constraints in Table 2. Nevertheless, it is difficult to conduct surveillance targeting only animals of a specific age in wildlife. When Constraint 2, surveillance targeting animals younger than specific age, and Constraint 3, surveillance targeting animals older than specific age, are compared, the choice between Constraints 2 and 3 depends on the value of λL. For example, when the sample number N = 100, surveillance based on Constraints 2 and 3 intersects at λL = 4.05. Constraint 3 has a narrower 95% CI than Constraint 2 when λL is less than the intersection and vice versa. Moreover, note that the width of the narrowest 95% CI of Constraint 3 is much wider than that of Constraint 2 in the right area of Figure 3B. These findings showed that surveillance targeting animals older than a specified age (Constraint 3) is a good choice when the value of λL is less than the intersection point. Still, it is not a good decision when the value of λL is greater than the intersection point.

Extremely broad confidence intervals, including ones with infinite breadth, are produced by some combinations of λL and target age groups. The estimate of λL becomes infinity when all samples are seropositive in a surveillance simulation. As a result, the 95% CI of estimated λL can have an infinite width. This phenomenon was observed as white cells in the upper right corner in Figure 1F, where old animals were sampled when λL = 6.0. Alternatively, most samples can be seronegative when λL is small and surveillance targets the young age group. As a result, the 95% CI of estimated λL becomes wide. The confidence interval can also be wide; this phenomenon was observed as black cells at the lower left corner in Figures 1B,D, where young animals were sampled when λL = 1.5 or λL = 3.0. These phenomena can also be observed in Supplementary Figure 1.

Generally, the width of 95% CI of λL can be narrowed down by increasing the number of samples. However, collecting serum samples from wildlife is limited, particularly for endangered species. Our results indicated that the width of the 95% CI of FOI can be narrowed down by increasing the number of samples in specific age ranges. Setting the age group to be sampled at the design step of surveillance can reduce the number of sampled animals in particular situations. For example, the standard sampling strategy using two age bins from the entire population (Strategy 1) with 100 serum samples had a 95% CI width of λL of 0.924 on average under λL = 1.5 (Table 3). Surveillance only from animals older than half their lifespan (Strategy 5) with 73 samples resulted in a 95% CI of 0.924 (Supplementary Figure 2). Switching the sampling strategy from strategies 1 to 5 can decrease the number of sampled animals in this situation.

In this study, we assumed that the age distribution in the population was uniform, which is rarely true for wild animals. A non-uniform age distribution can affect Eq. (3) and its subsequent derivations. However, we think the uniform age assumption does not affect our main results, as long as the seroprevalence remains similar. In addition, we assumed that all animals recovered from the infectious disease without dying of infection. The model can be used to analyze infectious diseases in which the lethality is limited if the seroprevalence is not affected by fatal infections. This non-fatal assumption may be critical if a fatal infectious disease is analyzed because the seroprevalence of old animals does not increase in the same way as a non-fatal infectious disease. This is a common difficulty in analyzing seroprevalence data of a fatal infectious disease, and our presented method does not apply to serological surveillance of fatal infectious diseases.

We used the simplest model of seroprevalence called the catalytic model, which assumes that FOI is constant over age in a homogeneously mixed population acquiring lifelong immunity (8). However, several models assume that the FOI can depend on age. Among them are the catalytic linear infection model (11), the catalytic polynomial infection model (10), and the exponentially damped linear model (9). Furthermore, FOI could be represented using the Who Acquires Infection From Whom matrix, which represents transmissibility among age groups (7, 33, 34). Optimizing targeted sampling in serological surveillance under these models remains our future work.

The results in this study are based on computer simulations of serological surveillance. Justifying our method using real datasets of serological surveillance is another direction of our future work. When applying our technique to real datasets, the number of samples, sampling times, and types of pathogens, such as bacteria and viruses, are all significant considerations.

In the serological surveillance of endemic disease, we discovered that tailored sampling could lower the width of the 95% CI of FOI. To take full advantage of the targeted sampling, however, it is necessary to know the expected value of FOI of the target infectious disease in advance. Estimating FOI itself is the purpose of serological surveillance, and it is difficult to know the expected value of FOI. One realistic solution to this problem is to apply targeted sampling after estimating FOI using preliminary serological surveillance with few samples. FOI estimated from previous research can be used for deciding the target range of samples for current surveillance. This approach can be considered adaptive surveillance (35), where surveillance is designed based on the results of previous modeling studies. Annual serological surveillance of infectious diseases would take advantage of the targeted sampling if we can assume that the FOI of target diseases remains similar over time.

To summarize, the optimal target population with the narrowest 95% CI differs depending on the expected FOI. Therefore, sampling should be targeted at the younger age groups to minimize the 95% CI in estimating large FOI. However, sampling should be targeted at the old age groups in estimating small FOI. Our future study will be to justify our strategy using an actual dataset of serological surveillance.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

KK conducted simulations and the analysis of data. KK and KI wrote the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the Japan Agency for Medical Research and Development (grant number JP21wm0125008) and Japan Society for the Promotion of Science (grant number 21H03490).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fvets.2022.754255/full#supplementary-material



References

 1. Stagno S, Reynolds DW, Tsiantos A, Fuccillo DA, Long W, Alford CA. Comparative serial virologic and serologic studies of symptomatic and subclinical congenitally and natally acquired cytomegalovirus infections. J Infect Dis. (1975) 132:568–77. doi: 10.1093/infdis/132.5.568

 2. Leung NH, Xu C, Ip DK, Cowling BJ. The fraction of influenza virus infections that are asymptomatic: a systematic review and meta-analysis. Epidemiology. (2015) 26:862–72. doi: 10.1097/EDE.0000000000000340

 3. Morgan-Capner P, Wright J, Miller CL, Miller E. Surveillance of antibody to measles, mumps, and rubella by age. BMJ. (1988) 297:770–2. doi: 10.1136/bmj.297.6651.770

 4. Remond M, Kaiser C, Lebreton F. Diagnosis and screening of foot-and-mouth disease. Comp Immunol Microbiol Infect Dis. (2002) 25:309–20. doi: 10.1016/S0147-9571(02)00028-0

 5. Carman PS, Povey RC. The seroprevalence of canine parvovirus-2 in a selected sample of the canine population in ontario. Can Vet J. (1984) 25:259–62.

 6. Gilbert AT, Fooks AR, Hayman DT, Horton DL, Muller T, Plowright R, et al. Deciphering serology to understand the ecology of infectious diseases in wildlife. Ecohealth. (2013) 10:298–313. doi: 10.1007/s10393-013-0856-0

 7. Anderson RM, May RM. Infectious diseases of humans: dynamics and control. Oxford: Oxford university press. (1992). 

 8. Muench H. Derivation of rates from summation data by the catalytic curve. J Am Stat Assoc. (1934) 29:25–38. doi: 10.1080/01621459.1934.10502684 

 9. Griffiths DA. A catalytic model of infection for measles. J R Stat Soc Ser C Appl Stat. (1974) 23:330–9. doi: 10.2307/2347126 

 10. Grenfell BT, Anderson RM. The estimation of age-related rates of infection from case notifications and serological data. J Hyg (Lond). (1985) 95:419–36. doi: 10.1017/S0022172400062859

 11. Farrington CP. Modelling forces of infection for measles, mumps and rubella. Stat Med. (1990) 9:953–67. doi: 10.1002/sim.4780090811

 12. Brown WAB, Chapman NG. The dentition of red deer (Cervus elaphus): a scoring scheme to assess age from wear of the permanent molariform teeth. J Zool. (1991) 224:519–36. doi: 10.1111/j.1469-7998.1991.tb03783.x 

 13. Landon DB, Waite CA, Peterson RO, Mech LD. Evaluation of age determination techniques for gray wolves. J Wildl Manage. (1998) 62:674–82. doi: 10.2307/3802343 

 14. Gipson PS, Ballard WB, Nowak RM, Mech LD. Accuracy and precision of estimating age of gray wolves by tooth wear. J Wildl Manage. (2000) 64:752–8. doi: 10.2307/3802745 

 15. Marti I, Ryser-Degiorgis M-P. A tooth wear scoring scheme for age estimation of the Eurasian lynx (Lynx lynx) under field conditions. Eur J Wildl Res. (2018) 64:1–13. doi: 10.1007/s10344-018-1198-6 

 16. Herrman JM, Morey JS, Takeshita R, De Guise S, Wells RS, McFee W, et al. Age determination of common bottlenose dolphins (Tursiops truncatus) using dental radiography pulp:tooth area ratio measurements. PLoS One. (2020) 15:e0242273. doi: 10.1371/journal.pone.0242273

 17. Reynolds JJH, Carver S, Cunningham MW, Logan KA, Vickers W, Crooks KR, et al. Feline immunodeficiency virus in puma: estimation of force of infection reveals insights into transmission. Ecol Evol. (2019) 9:11010–24. doi: 10.1002/ece3.5584

 18. Ashman DL, Christensen GC, Hess ML, Tsukamoto GK, Wichersham MS. The mountain lion in Nevada. Reno (NV): Nevada, Department of Wildlife 1983. p. 75. 

 19. Laundré JW, Hernández L, Streubel D, Altendorf K, González CL. Aging mountain lions using gum-line recession. Wildl Soc Bull. (2000) 28:963–6. doi: 10.2307/3783855 

 20. Olsen MT, Robbins J, Bérubé M, Rew MB, Palsbøll PJ. Utility of telomere length measurements for age determination of humpback whales. NAMMCO Sci Pub. (2018) 10. doi: 10.7557/3.3194 

 21. Wright PGR, Mathews F, Schofield H, Morris C, Burrage J, Smith A, et al. Application of a novel molecular method to age free-living wild Bechstein's bats. Mol Ecol Resour. (2018) 18:1374–80. doi: 10.1111/1755-0998.12925

 22. Deaton A. The analysis of household surveys: a microeconometric approach to development policy. Washington, DC: World Bank Group (2018). ISBN: 9781464813313. 

 23. D'Amato V, Haberman S, Russolillo M. The stratified sampling bootstrap for measuring the uncertainty in mortality forecasts. Methodol Comput Appl Probab. (2012) 14:135–48. doi: 10.1007/s11009-011-9225-z 

 24. Bondo KJ, Pearl DL, Janecko N, Boerlin P, Reid-Smith RJ, Parmley J, et al. Epidemiology of Salmonella on the paws and in the faeces of free-ranging raccoons (Procyon Lotor) in Southern Ontario, Canada. Zoonoses Public Health. (2016) 63:303–10. doi: 10.1111/zph.12232

 25. Fakour S, Naserabadi S, Ahmadi E. The first positive serological study on rift valley fever in ruminants of Iran. J Vector Borne Dis. (2017) 54:348–52. doi: 10.4103/0972-9062.225840

 26. Moreira TR, Sarturi C, Stelmachtchuk FN, Andersson E, Norlander E, de Oliveira FLC, et al. Prevalence of antibodies against Toxoplasma gondii and Neospora spp. in equids of Western Para, Brazil Acta Trop. (2019) 189:39–45. doi: 10.1016/j.actatropica.2018.09.023

 27. Loi F, Cappai S, Laddomada A, Feliziani F, Oggiano A, Franzoni G, et al. Mathematical approach to estimating the main epidemiological parameters of African swine fever in wild boar. Vaccines (Basel). (2020) 8:521. doi: 10.3390/vaccines8030521

 28. Dietz K. Transmission and control of arbovirus diseases. Epidemiology. (1975) 104:104–21. 

 29. Andraud M, Dumarest M, Cariolet R, Aylaj B, Barnaud E, Eono F, et al. Direct contact and environmental contaminations are responsible for HEV transmission in pigs. Vet Res. (2013) 44:102. doi: 10.1186/1297-9716-44-102

 30. Guinat C, Gubbins S, Vergne T, Gonzales JL, Dixon L, Pfeiffer DU. Experimental pig-to-pig transmission dynamics for African swine fever virus, Georgia 2007/1 strain. Epidemiol Infect. (2016) 144:25–34. doi: 10.1017/S0950268815000862

 31. Hage JJ, Schukken YH, Barkema HW, Benedictus G, Rijsewijk FA, Wentink GH. Population dynamics of bovine herpesvirus 1 infection in a dairy herd. Vet Microbiol. (1996) 53:169–80. doi: 10.1016/S0378-1135(96)01245-X

 32. Venzon DJ, Moolgavkar SH A. method for computing profile-likelihood-based confidence-intervals. J R Stat Soc Ser C Appl Stat. (1988) 37:87–94. doi: 10.2307/2347496

 33. Diekmann O, Heesterbeek JA, Metz JA. On the definition and the computation of the basic reproduction ratio R0 in models for infectious diseases in heterogeneous populations. J Math Biol. (1990) 28:365–82. doi: 10.1007/BF00178324

 34. Farrington CP, Kanaan MN, Gay NJ. Estimation of the basic reproduction number for infectious diseases from age-stratified serological survey data. J R Stat Soc Ser C Appl Stat. (2001) 50:251–92. doi: 10.1111/1467-9876.00233 

 35. Miller RS, Pepin KM. Prospects for improving management of animal disease introductions using disease-dynamic models. J Anim Sci. (2019) 97:2291–307. doi: 10.1093/jas/skz125 





OPS/images/math_11.gif
=

an





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Targeted sampling reduces the uncertainty in force of infection estimates from serological surveillance



		Introduction



		Materials and methods



		Model of seroprevalence



		Simulation of serological surveillance



		Estimation of λL



		Sampling strategies



		Effects of the target age group on estimation



		Age group that minimizes the expected width of 95% CI of λL



		Analytical approach to the expected width of 95% CI







		Results



		Estimation by different strategies



		Effect of target age group on estimation







		Discussion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/math_10.gif
(10)





OPS/images/math_13.gif
!
1

(,(

1—p+196,/p (1-) /N

1—p—196/p(1— ) /N

))

(13)





OPS/images/math_12.gif
(12)






OPS/images/math_1.gif
p(a)~1—exp(—Aia).





OPS/images/inline_2.gif
s









OPS/images/crossmark.jpg
@ Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Veterinary Science





OPS/images/fvets-09-754255-t002.jpg
Constraint

Constraint 1
Constraint 2

Constraint 3

Minimum
sampling age

L
0
L

Maximum
sampling age

qL
rL
L





OPS/images/fvets-09-754255-t003.jpg
AL Strategy q* 1 Age Estimated L CI width
category  (95% CI)

15 0 [ o 1512 (1.112,2.007) 0895
1 [ ot 1,510 (1.102,2.026) 0924
2 01 1 1514 (1.078,2.105) 1027
3 0 05 1 1,512 (1009, 2.191) 1182
4 05 05 1 1512 (1136, 1.973) 0837
5 05 1 1 1512 (1.159, 1.942) 0784
6 o 1 1.525 (1186, 1.936) 0.751
30 0 [ 3 3.019 (2.300, 3.994) 1694
1 0 1 2 3.082 (2.288,4.136) 1848
2 [ 1 3.054 (2.174,4.378) 2204
3 0 05 1 3.026 (2.154, 4.206) 2052
4 05 05 1 3.048 (2370, 3.871) 1500
5 05 1 1 3.050 (2.334,3.979) 1645
6 [ 1 3.096 (2.310,4.229) 1920
60 0 01 o 6.194 (4.477,8.610) 4133
1 [ 2 6270 (4.328,9.717) 5.389
2 [ 1 6334 (4.116,10.724) 6609
3 0 05 1 6.173 (4.390, 8.862) 4472
4 05 05 1 6.149 (4.592, 8.388) 3796
5 05 1 1 5.850 (4.030,9.231)° 5.200
6 1o 1 4548 (3.112,7.319)% 4207

Simulations were repeated 1,000 times for each sampling strategy, and the estimated
nd the width of 95% CIs were averaged over repeated simulations.
*g: ratio of the minimunm boundary age of the sampled age group to lifespan.
+: ratio of the maximum boundary age of the sampled age group to lifespan.
§Thees on 0f 95% C1l was averaged only for 767 successful simulations out of 1,000.

 The estimation of 95% CI was averaged only for 201 successful simulations out of 1,000,

values, their 95%






OPS/images/fvets-09-754255-g003.gif





OPS/images/fvets-09-754255-t001.jpg
Strategy q o
0 0 1
1 0 1
2 0 1
3 0 05
4 0.5 05
5 0.5 1
6 1 1

g, ratio of lower boundary age of the sampled age group to lifespan.
17, ratio of upper boundary age of the sampled age group to lifespan.

Age category

100
100
100
100
100
100
100

Sampling target and age information

Animals of all ages, exact age provided

Animals of all ages, two age bins, no exact age provided
Animals of all ages, no exact age provided

Young animals, no exact age provided

Animals whose age is half of the lifespan

Old animals, no exact age provided

Animals at dying





OPS/images/inline_1.gif
P=kiN





OPS/images/fvets-09-754255-t004.jpg
098
048
022

098
048
026

Width of 95% CI of 1.L

0741
1485
2974





OPS/images/fvets-09-754255-t005.jpg
Constraints

Constraint 1 (g = 0.5, r=0.5)

Constraint 2 (¢ = 0, r = 0.5)

Constraint 3 (g =

.5, 7= 1)

50
100
200

50
100
200

50
100
200

AL

246
276
295

322
354
373

208
243
267

Width of 95% CI

1.846
1.408
1.041

3.183
2397
1756

1.649
1320
1.008





OPS/images/math_8.gif
Np— 1.96,/Np (1 — p) < k< Np+ 1.96,/Np (1 —p). (8)





OPS/images/cover.jpg
& frontiers | Frontiers in Veterinary Science

Targeted sampling reduces the
uncertainty in force of infection
estimates from serological
surveillance





OPS/images/math_7.gif
T—exp(—AL)





OPS/images/math_9.gif
p—196,/p(1—p)/N<p<p+196/p(1—p)/N. (9





OPS/images/fvets-09-754255-g001.gif





OPS/images/math_4.gif
L(A.:N.k):(‘:) (platr) (1 —p L) *. @





OPS/images/fvets-09-754255-g002.gif





OPS/images/math_6.gif





OPS/images/math_5.gif
L(A:Ny,....Nm ki, km)

=11 (‘Z‘) (ppos (it i) (1 = ppos (aitarit)) V)
AT





OPS/images/math_15.gif
(... (m(fuq) +1.96/(1 — exp (L)) exp tfuq)m))
exp (~Lg) — 1.96,/(1 —exp (~2Lg))exp (L) /N

(15)

1
7





OPS/images/math_14.gif
!
1

(,(

1= p+196/p(1—p) /N

1—p—196,/p(1—p) /N

))

(14)





OPS/images/math_3.gif
St
[ _ 4 SREPD - op(ar)
T





OPS/images/math_2.gif
L(san,...

)





