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Abstract

Estimation of the true prevalence of infected individuals involves the application of a
diagnostic test to a population and adjusting according to test performance, sensitivity
and specificity. Bayesian latent class analysis for the estimation of herd and animal-level
true prevalence, has become increasingly used in veterinary epidemiology and is
particularly useful in incorporating uncertainty and variability into analyses in a flexible
framework. However, the approach has not yet been evaluated using simulated data
where the true prevalence is known. Furthermore, using this approach, the within-herd
true prevalence is often assumed to follow a beta distribution, the parameters of which
may be modelled using hyperpriors to incorporate both uncertainty and variability
associated with this parameter. Recently however, the authors of the current study
highlighted a potential issue with this approach, in particular, with fitting the
distributions and a tendency for the resulting distribution to invert and become
clustered at zero. Therefore, the objective of the present study was to evaluate
commonly specified models using simulated datasets where the herd-level true
prevalence was known. The specific purpose was to compare findings from models
using hyperpriors to those using a simple beta distribution to model within-herd
prevalence. A second objective was to investigate sources of error by varying
characteristics of the simulated dataset. Mycobacterium avium subspecies
paratuberculosis infection was used as an example for the baseline dataset. Data were
simulated for 1000 herds across a range of herd-level true prevalence scenarios, and
models were fitted using priors from recently published studies. The results
demonstrated poor performance of these latent class models for diseases characterised
by poor diagnostic test sensitivity and low within-herd true prevalence. All variations of

the model appeared to be sensitive to the prior and tended to overestimate herd-level
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true prevalence. Estimates were substantially improved in different infection scenarios
by increasing test sensitivity and within-herd true prevalence. The results of this study
raise questions about the accuracy of published estimates for the herd-level true
prevalence of paratuberculosis based on serological testing, using latent class analysis.
This study highlights the importance of conducting more rigorous sensitivity analyses

than have been carried out in previous analyses published to date.

1. Introduction

Prevalence is an important measurement of disease (or infection) occurrence.
Estimation of the true prevalence (Pr) within a population involves the application of a
diagnostic test to calculate apparent prevalence (Pa) and adjusting according to test
performance, sensitivity (Se) and specificity (Sp) (Rogan and Gladen, 1978).

However, there is often uncertainty regarding Se and Sp, and published values may
vary. Much of this variation can be attributed to differences among reference
populations and sampling strategies that have been used for the test validation
procedure (Greiner and Gardner, 2000). In addition, Se and Sp may vary according stage
of infection (Nielsen and Toft, 2008), prevalence (Brenner and Gefeller, 1997) and
between herds (Greiner and Gardner, 2000). It may therefore be unreasonable to
assume a fixed, constant, Se and Sp over different populations (Berkvens et al., 2006).
Consequently, the relationship between Pt and Pa can also be expected to vary between

populations.

The use of Bayesian latent class analysis for the estimation of herd (HTP) and animal-
level (ATP) true prevalence has become increasingly frequent in veterinary

epidemiology (Branscum et al., 2004 ). Using this approach, all parameters are
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considered random variables that can be modelled using probability distributions.
Uncertainty and variability associated with estimates of test Se and Sp may therefore be
incorporated in the analysis. The resulting Bayesian posterior probability distribution
will provide inference on prevalence estimates, conditional on both currently observed

data and previous knowledge regarding the prevalence of infection.

To date, many of the studies that have estimated HTP using Bayesian latent class
analysis have examined cross sectional test data using models proposed by Hanson et
al. (2003). Using this approach, the number of animals testing positive in each herd is a
function of the within-herd ATP, and the performance of the test. However, to the
authors’ knowledge this approach has not yet been evaluated using simulated data for
which the HTP is known and this is a fundamental step to assess model performance

when no gold standard is available.

Furthermore, using this approach, the ATP within infected herds is assumed to follow a
beta distribution, the parameters of which are estimated from hyperpriors. This method
aims to account for both the uncertainty and variability in within-herd ATP between
herds (Hanson et al,, 2003). Hyperpriors are fitted as beta (i) and gamma (/)
distributions to model within-herd ATP in the form Beta (py, y(1-n)) (Hanson et al,,
2003). However, McAloon et al. (2016) reported a potential issue when using
hyperpriors to estimate HTP of paratuberculosis in Irish dairy herds. This related to
issues fitting the hyperprior, and a tendency for the resulting beta distribution to invert
and become clustered at zero, which is counterintuitive given that it is used to model
true prevalence within infected herds, i.e. when prevalence is > 0 by definition. The

authors in that study therefore opted to use a simple beta distribution to model within-
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herd true prevalence which incorporated both the uncertainty and the variability
associated with the parameter, assuming an average within-herd ATP distribution over
all herds. More recently, other authors have used a logit-normal distribution to model

within-herd ATP of digital dermatitis infection in dairy cattle (Yang et al., 2017).

The consequences of using one approach to model within-herd ATP over another is not
clear since HTP remains unknown. However, testing each method against simulated
data with a known and fixed HTP would facilitate comparison of these methods whilst
also providing an evaluation of the overall method. The first objective of this study
therefore was to evaluate a Bayesian latent class analysis model for the estimation of
HTP, using simulated datasets over a range of known HTPs and to compare findings
from models using beta hyperpriors, logit-normal hyperpriors and those using a simple
beta distribution to model within-herd ATP. Model inputs for the base model were
based on estimation of paratuberculosis HTP as an example. Paratuberculosis infection
is characterised by a poor test Se and generally low within-herd ATP. The second study
objective was to investigate how different infection characteristics and test
performance influence the accuracy of the model by increasing Se and within-herd ATP

in the simulated datasets and in the priors for the corresponding estimating models.

2. Materials and Methods

2.1. Study population - data simulation

Table 1 shows the list of abbreviations used in the manuscript. Diagnostic test data
were simulated for a range of known or actual HTP (aHTP), i.e. the proportion of herds
with 1 or more infected cows. At each aHTP, data were simulated for 1000 herds as

follows. The number of animals in each herd was drawn from a gamma distribution
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(rounded to the nearest integer) which had been fitted to herd sizes from an earlier
study (McAloon et al,, 2016) using the “fitdistrplus” package in R (R Core Team, 2015),
and each herd size was rounded to the nearest integer. The number of animals testing
positive from each herd was then simulated with the following model;

Nposi ~ Binomial (Pai, herdsize;)

Pai = Se x ATPi + (1-Sp) x (1-ATPj)

ATPi = HTPi x CWHP;

HTPi ~ Bernoulli (aHTP)

CWHP; ~ Beta(alphacwup, betacwnp)

Se ~ Beta(alphase, betase)

Sp ~ Beta(alphasp, betasp)

Herdsizei ~ Gamma(S1, S2)

Where Nposi was the number of test positive animals in the i-th herd; Nposi was drawn
from a binomial distribution with a probability equal to the within-herd Paj, and n trials
equal to the herdsizei; Pa was determined by the ATP in the i-th herd, and the test Se
and Sp. Herdsizei was drawn from a gamma distribution rounded to the nearest integer.
ATP was a combination of the HTP and the Conditional Within-Herd Prevalence
(CWHP), defined as the within-herd ATP conditional on the herd being infected, i.e.
when HTP > 0. HTP for the i-th herd was drawn from a Bernoulli distribution with a
probability equal to the ‘actual HTP’ (aHTP). In the first instance, datasets were
simulated across 3 different HTP scenarios: low HTP, with aHTPs of 0.10, 0.20, 0.30 and
0.40; medium HTP with aHTPs of 0.35, 0.45, 0.55 and 0.65; and high HTP, with aHTPs of
0.60, 0.70, 0.80 and 0.90. The use of these different HTP scenarios facilitated the use of

low, medium and high priors to be used in the estimating model.
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Datasets were simulated for a CWHP beta distribution with a mode of 0.05, and a 95th
percentile of 0.15. Parameters of the input distributions are shown in Table 2 and R-
code for the simulation of the datasets is provided as Supplementary Material 1.

2.2. Prevalence estimation

The estimated Herd-level True Prevalence (eHTP) was then found using Bayesian latent
class analysis from these datasets. The model had the following model structure;

Nposi ~ binomial (Pai, herdsizei)

Pai = Se x ATP; + (1-Sp) x (1-ATPj)

ATPi = HTPi x CWHP;

HTPi ~ Bernoulli (eHTP)

Se ~ beta(alphase, betase)

Sp ~ beta(alphasp, betasp)

CWHP was modelled in four different ways to compare the outcomes. The first model,
represented as BETA, used a simple beta prior distribution (McAloon et al., 2016)
whereas the second and third used beta hyperpriors from recently published studies,
called BETA-HYP1 (Verdugo et al,, 2015) and BETA-HYP2 (Pozzato et al,, 2011). These
distributions were in the form; Beta (s, y(1-p)) where p is a beta distribution used to
model the mean CWHP and { is a gamma distribution used to model the variation
between herds. In this model structure, the degree of variation between herds is
inversely proportional to Y (Hanson et al., 2003); that is, with higher values of {, herds

will have more similar CWHP.

Although BETA-HYP1 and BETA-HYP2 were both originally used as priors to estimate
the prevalence of paratuberculosis, they were chosen to reflect the knowledge available

on those specific populations at a specific time. For this study, they were chosen as they
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were relevant to paratuberculosis characteristics i.e. representing low CWHP, however,
they also represented two variations of CWHP: one in which the prior for mean CWHP
was quite precise, with moderate variation between herds (Verdugo et al., 2015) and
the second in which the prior for mean CWHP was imprecise with a greater level of
between-herd variation, i.e. with a higher mean { (15.8; Pozatto et al., 2011). The fourth
model used a logit-normal distribution in the form logit(CWHP;) = 8 + ai, where 8 is the
logit-mean CWHP and ai is a herd-level random effect modelled as a normal distribution
with a mean of 0 and precision t. This model structure was designated LOGIT-N. The

form of each method is shown below and model priors are shown in Table 2.

Model - BETA

CWHP; ~ beta(alpha, beta)

Model - BETA-HYP1/BETA-HYP2
CWHP; ~ beta (i, Yi(1-ui))
ui ~ beta(alpha, beta)

Pi ~ gamma(S1,52)

Model - LOGIT-N
logit(CWHP:) = B +

ai ~norm(0, 1/ )

2.3. Sensitivity analysis

Sensitivity analysis was conducted by simulating and analysing a number of scenarios.

2.3.1. eHTP prior
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In each case, aHTPs were simulated across 3 different HTP scenarios (low, medium and
high) as described above. For each of these scenarios, two different eHTP priors were
trialled: firstly, a uniform beta(1,1) distribution was used as the prior for eHTP. Next, a
beta prior which corresponded to the HTP scenario being simulated was also trialled. In
the low HTP scenario, a beta prior with a mode of 0.25 was used, in the medium HTP
scenario, a beta prior with a mode of 0.50 was used, and in the high HTP scenario a beta

prior with a mode of 0.75 was used (Table 2).

2.3.2. CWHP simulation method

In the base dataset, CWHP was simulated using a simple beta distribution. To assess the
sensitivity of this method to the method used to simulate the data, alternative datasets
were simulated in which CWHP was modelled using exactly the same model structure
and inputs as the analytical model used for the estimation. For example, when assessing
the accuracy of BETA-HYP1, this model was trialled on a dataset in which CWHP was
simulated using a simple beta distribution, and a second dataset in which CWHP was
modelled using the same model structure as the analytical model. In each case pand ¢
were specified as distributions for the overall population. The CWHP for the i-th herd
was then simulated by first drawing separately from these two distributions. These
drawn values were used to generate parameters for a beta distribution, from which a
single value was simulated as the CWHP of the herd. The datasets generated using the
simple beta distribution and the dataset simulated according to the form of the
estimating model were designated “Simple” and “Model Form” datasets respectively.
The same approach was taken for BETA-HYP2 and LOGIT-N.

2.3.3. Test and disease characteristics
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For the second objective, we investigated how the accuracy of the prevalence estimates
changed according to CWHP and test performance. The steps above were repeated
under alternative infection scenarios with medium (mode, 0.5, 95% less than 0.6) and
high (mode 0.8, 95% greater than 0.7) test Se; and for medium and high CWHP. For the
CWHP sensitivity analysis, the distributions dictating the variability between herds, i.e.
the gamma components for BETA-HYP1, BETA-HYP2 and LOGIT-N, were maintained
from the base model, and only the parameters dictating the mean of the overall
distribution were varied, i.e. the beta distributions for BETA-HYP1 and BETA-HYP2 and

the normal distribution for LOGIT-N (Table 2).

Models were implemented in WinBUGS 4.3.1 (Lunn et al., 2000) with the first 5,000
iterations discarded as burn in and 15,000 iterations used for posterior inference.
Convergence was assessed by visual inspection of the time series trace plots and by
running multiple (n = 3) chains from different starting values. In all cases, chains
reached stationary distributions within 5,000 iterations. A number of models were also

run for 100,000 iterations check for identifiability issues.

3. Results

Figure 1 shows the distributions of CWHP simulated from each of the model structures.
BETA-HYP2 in particular demonstrates significant clustering at zero as occurs when the

alpha parameter of the beta distribution is <1.

Figure 2 plots the range of aHTP against the estimated HTP (eHTP) for low, medium and
high HTP scenarios. Four main conclusions can be drawn from these figures: 1, in

general, models were poor at estimating aHTP; 2. this estimation was not substantially
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improved by varying the method used to model CWHP in the analytical model; 3, using
exactly the same model structure to simulate CWHP as that used for the analytical
model did not improve estimates, in fact, in many cases it appeared to make the
estimates worse; and 4, the estimates tended to be quite sensitive to the HTP prior used,
particularly with high HTPs. In the low HTP scenario, all the models tended to
overestimate HTP, with the exception of the BETA model which underestimated
prevalence for HTPs of 0.3 and 0.4, regardless of the prior used. Similarly, in the
medium HTP scenario, all models with the exception of the BETA model overestimated
HTP. In the high HTP scenario, estimates tended to cluster close to the HTP prior when
this was used, leading to overestimation of lower HTPs and under estimation of the 0.8

and 0.9 HTPs.

Figures 3 and 4 show the effect of varying the diagnostic test to medium and high Se
respectively. In general, accuracy of estimates are improved considerably with
increasing Se across all of the methods used to model CWHP. Both figures show
substantially improved HTP estimates and a much-reduced sensitivity to the prior for
HTP. Overall, there is still a tendency for models to overestimate HTP, particularly
models BETA-HYP1 and BETA-HYP2 and this tendency is reduced as test Se is
increased. The accuracy of the models are substantially improved at higher aHTPs,
particularly in the simple dataset. In contrast to the base model, there appears to be a
small improvement in using the same model structure for the simulation.

Figures 5 and 6 show the effect of increasing CWHP on the accuracy of the model. In
general, estimates were improved relative to the base scenario. However, in the
medium CWHP scenario, some large positive deviations in eHTP relative to aHTP may

be observed. This appears to be particularly evident at low aHTPs in the BETA-HYP2
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model and in the model form scenarios, which could be related to the fact that the
CWHP distributions used to model this scenario include a large amount of between-

herd variability in CWHP.

4. Discussion

The use of simulated data to assess and compare the effectiveness of mathematical
models is a useful method of model evaluation that is commonly used within the field of
genetics (Stephens and Donnelly, 2003; Wilson and Rannala, 2003; Faubet et al., 2007))
and has gained increasing popularity with the field of veterinary epidemiology
(Denwood et al,, 2010; Singleton and Breheny, 2016). Similarly, in veterinary
epidemiology, the use of Bayesian models to estimate prevalence has also increased in
recent years and is often used to estimate the prevalence of paratuberculosis, because
of uncertainty around the performance of diagnostic tests (Liapi et al., 2011; Pozzato et
al,, 2011; Verdugo et al.,, 2015; McAloon et al., 2016). However, to the authors’
knowledge this is the first study that has used simulated data to evaluate the overall
accuracy of Bayesian latent class analysis for the estimation of HTP, and to evaluate the
effect of varying components within the model, for example the use of hyperpriors for

modelling CWHP.

This study raises substantive concerns about the effectiveness of conventional Bayesian
latent models to estimate paratuberculosis HTP and this may apply to other infections
or diseases with similar diagnostic test characteristics and where within-herd
prevalence is often very low. Irrespective of the method used to model CWHP, our
models tend to overestimate HTP. The HYP1, HYP2 and LOGIT-N models produced

estimates with larger probability intervals, whereas the BETA model produced median
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values that were closer to aHTP, but with much narrower probability intervals. There
was little difference between the two hyperprior methods of modelling CWHP, however,
HYP2 tended to produce less predictable estimates in response to increasing aHTP in

comparison to HYP1 (Figure 5).

Importantly, when used in the paratuberculosis scenario, all models appeared to be
overly sensitive to the prior used for HTP, particularly when a high HTP prior was used.
Interestingly, in the worked example in Branscum (2004), we note that the median and
95th percentile of the posterior estimate for HTP (0.58, 0.83 respectively) were also
notably close to the median and 95t percentile from the prior distribution (0.59, 0.85
respectively). Similarly, in published examples of the method, Pozatto (2012) found that
the HTP (median, 95% credible intervals) in 2 regions in Italy was 0.70, 0.50-0.87 and
0.71, 0.54 - 0.87, whilst the prior distribution used for HTP in this study was 0.69, 0.50-
0.84. Liapi et al., (2011) used a prior of 0.65 with a 5th percentile of 0.40 and found a
posterior estimate of 0.61 and 0.42 respectively. In Bayesian analyses, when posterior
estimates closely reflect prior distributions, there is cause for concern that the data are
having little impact on the results, which suggests models may not be appropriately
specified. A greater difference between prior and posterior estimates was found in
Verdugo et al. (2015) who reported posterior estimates for HTP of 0.92 (0.87-0.96),
0.78 (0.74-0.83) and 0.75 (0.71-0.78) with a prior of 0.86 (0.59 - 0.95), however this
model used a different approach which allowed for an age-specific sensitivity for each
animal which were higher than the Se estimates used in other analyses. This study was
based on a larger sample size, however, our analyses have shown that the problems
identified with this method cannot be overcome by increasing sample size (data not

shown).
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Figures 5 and 6 show large deviations of eHTP relative to aHTP at specific aHTP values,
for example in the BETA-HYP2 model on the Model Form dataset, under the low HTP
scenario (Figure 5). In these cases, the posterior distribution for eHTP was very high
relative to the aHTP, whereas the posterior estimate for Se was very low, approaching
zero. Repeat analysis with multiple chains showed stability of separate chains at two
different parameter spaces suggesting a problem with model identifiability. These
issues were not resolved by running the model for more (n=100,000) iterations or by
reducing the uncertainty around the Se prior but could be ‘fixed’ by varying the initial
starting values. In practice it may not be possible to know what the ‘true’ model is,
therefore for future studies, it is particularly important that multiple chains are run
from a variety of initial values, to check for identifiability issues. In addition,
examination and reporting of the posterior distributions for the rest of the parameters
in the model is also recommended, including those parameters that are not specifically

of interest.

Studies using simulation to assess model accuracy often generate a reasonably large
number of datasets from a particular model with particular parameters. Each of these
datasets is analysed, and the results used to examine the performance of the estimation
method. For example, Singleton et al. (2016) used simulated data to assess the utility of
a non-linear hierarchical model applied to experimental infection data. Three sample
sizes were chosen, and 5,000 datasets generated for each set of parameters with each
dataset analysed by the proposed model. In the case of our study, the outcome of
interest at each aHTP was a known point prevalence which would not change if

additional datasets were generated. For each aHTP however, 1,000 herds were
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simulated for each set of parameter values, representing the replicated datasets to

assess the method.

The use of hyperpriors to model within-herd ATP is commonly advocated in the use of
latent class estimation of HTP. Using this method, hyperpriors are fitted as beta (1) and
gamma () distributions to model within-herd ATP in the form Beta (uy, Y(1-u))
(Hanson et al,, 2003). The potential advantage of this method is that it facilitates the
incorporation of both uncertainty regarding the parameter as well as the between-herd
variability. The distributions are fitted through the elicitation of expert opinion, who are
asked to specify the mean and confidence intervals of the within-herd ATP across herds,
which is fitted as a beta distribution (). Then, conditional on the mean, experts are
asked to specify the value below which they are 95% sure that 90% of the within-herd
ATP are below. These values are then used to fit the gamma distribution (). However,
whilst this method has obvious theoretical advantages, we argue that the data required
from expert elicitation may be restrictively complex. Furthermore, McAloon et al.
(2016) highlighted inconsistencies in published literature between values elicited from
experts and those same percentiles based on simulation of the hyperprior distributions.
Finally, given that within this method, distributions are fitted conditional on a mean,
rather than mode, the distribution often becomes inverted, and very often the median
prevalence within infected herds may be less than 0.01. This is potentially problematic
with small to medium herd sizes as herds may be deemed infected yet have less than 1
infected cow in the herd. We hypothesised that this may result in overestimation of
HTP. The present study seems to suggest that the use of beta hyperpriors does appear

to overestimate the HTP more so than the BETA or LOGIT-N models. This
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overestimation is particularly evident with priors that incorporate increased variability

in CWP, for example the BETA-HYP1 model.

A possible explanation for this finding is that this method fits the 90t percentile
conditional on a fixed mean. However, given a beta distribution with a fixed mean,
increasing the variance in order to increase the 90t percentile leads to a shift in the
median in the opposite direction creating an increasing skewed distribution. If the mean
is low as is the case in paratuberculosis, the median moves very close to 0 as the alpha
parameter becomes < 1. With very low CWHP, the probability of herds being infected
with an AP of 0 increases potentially leading to this herd being “infected” across more
iterations. In contrast, the LOGIT-N method, facilitates increased variation but still
retains a distribution shape that is possibly more reflective of the likely distribution
(Figure 1). However, the overall effect of this problem with the method of modelling
CWHP was relatively minor when compared with the problems associated with the
overall use of the model to estimate HTP of paratuberculosis, with relatively poor Se
and low CWHP. Increasing the Se to 0.5 and 0.8 led to increases in the accuracy of the
estimates. Similarly, increasing the mode of the distribution used to model mean CWHP
to 0.3 and 0.7 also led to increased accuracy of the estimates and a decreased sensitivity
to the HTP prior used, across all of the models used. Therefore, these models may be
reasonably accurate when used to estimate prevalence for infections or diseases with

poor Se or low CWHP but not when both of these are present.

In addition, it is important to note that during the simulation stage of this study, the
“design” aHTP used to generate the simulated dataset may have differed from the actual

proportion of herds in the simulated dataset with one or more infected animals. This
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occurred because herds were first simulated as infected by drawing from a Bernoulli
distribution with a probability equal to the aHTP. Within those herds deemed infected,
the number of infected individuals was then drawn from a binomial distribution with a
probability equal to CWHP drawn for that herd. However, with moderate herd sizes and
low CWHP, the probability of drawing zero infected individuals in an “infected” herd is
>0 and increases with decreasing CWHP. Within the low CWHP datasets, the difference
between the design and actual datasets was greatest for the BETA-HYP1 and BETA-
HYP2 models compared to the BETA and LOGIT-N models, probably because of the
greater tendency for this model structure to become clustered at zero. All of the models
in general tended to overestimate aHTP, and aHTP may be an overestimate of the actual

proportion of infected herds.

5. Conclusion

Our results suggest poor accuracy of commonly specified Bayesian latent class models
for paratuberculosis herd-level true prevalence estimation. All variations of the model
appeared to be sensitive to the prior and tended to overestimate herd-level true
prevalence, raising questions about whether previous estimates of paratuberculosis
HTP reported in the literature may be inaccurate. Estimates were substantially
improved in different infection scenarios by increasing test sensitivity and within-herd
true prevalence. This study highlights the importance of conducting more rigorous
sensitivity analyses than have been carried out in previous analyses published to date.
In addition, we advocate increased use of simulation as an initial stage in conducting
future analyses and also suggest that new model methodologies be explored, to
determine whether alternative approaches might perform better than conventional

latent class models.
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