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A B S T R A C T   

Toxoplasma gondii infection in pigs is commonly diagnosed using serological tests that detect IgG antibodies 
targeted against the parasite. Such tests include enzyme-linked immunosorbent assay (ELISA), modified agglu-
tination test (MAT), and western blot (WB), which are commercially available as rapid test kits. In this study, we 
evaluated the manufacturer recommended cut-off of ELISA-PrioCHECK test kit and determined a new optimal 
cut-off for identifying T. gondii infections in pigs. Assessment of the commercial ELISA kit was done by including 
data from two additional serological tests, MAT, and WB, applied to seven pig population categories with varying 
prevalences. A total of 233 plasma samples that were previously used in other studies for investigating T. gondii 
seroprevalence in pigs in Denmark were randomly selected for inclusion, including 95 samples that had previ-
ously been analysed with all three tests and an additional 138 samples that were analysed using the three 
serological tests for this study. In the absence of a gold standard test, a latent class model was fit to the data to 
obtain estimates of sensitivity and specificity for each of the tests along with prevalence in each of the pop-
ulations. A cut-off that maximized the sensitivity and specificity of the ELISA test was then selected. The optimal 
cut-off value for percent of positive control (PP) in ELISA-PrioCHECK was estimated to be 27.7 PP, which is 
higher than the cut-off value of 20 PP that is recommended by the manufacturer. At this cut-off, the estimated 
sensitivities of ELISA, MAT and WB were 99.2% (96.3–100.0%), 96.3% (88.0–100.0%), and 89.8% 
(80.0–98.0%), respectively. The estimated specificities of ELISA, MAT and WB were 95.2% (92.5–97.6%), 99.6% 
(97.5–100.0%), and 98.2% (95.9–100.0%), respectively. Our findings have broad relevance to the use of the 
ELISA-PrioCHECK test kit for detecting Toxoplasma gondii infection in pigs.   

1. Introduction 

Zoonotic transmission of Toxoplasma gondii via cysts in meat is a 
worldwide food-safety concern (EFSA, 2018). Like other warm-blooded 
animals, pigs may become infected with T. gondii and carry infective 
cysts in their tissues (Dubey, 2009). Eating infected undercooked or raw 
pork is one of the ways in which humans become infected with T. gondii 
(Tenter et al., 2000). Therefore, control measures are recommended to 
reduce infections on pig farms and the amount of cyst-infested pork 

reaching consumers (Kijlstra and Jongert, 2009; Olsen et al., 2020). 
Direct detection of T. gondii parasite can be achieved through e.g., 

polymerase-chain-reaction (PCR) tests or via cat or mouse bioassays, 
where the bioassays have a higher sensitivity (Garcia et al., 2006; 
Dubey, 2009). The bioassay in cats is considered a reference standard for 
confirming the presence of viable infective parasites in the meat sam-
ples; but although this test is highly sensitive and specific, it is not a 
perfect test (Se ≥ 95%, Sp =100%) (Gardner et al., 2010). These 
methods are also expensive and time consuming and therefore cannot be 
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used in routine surveillance. At present, there is no gold standard test for 
diagnosing T. gondii infection in pigs. However, indirect detection using 
rapid serological tests that find antibodies produced against the parasite 
are commonly used (Dubey, 2009). Serological tests are preferred over 
other methods in T. gondii screening as they are cheaper and easier to use 
and have a high accuracy (Gardner et al., 2010). In pigs, IgG antibodies 
against T. gondii parasite become detectable by 10–17 days following an 
infection with the parasite (Lind et al., 1997). Moreover, it is possible to 
detect high-risk farms through serological testing of samples at the ab-
attoirs (Olsen et al., 2020). The European Food Safety Authority (EFSA) 
recommends both the use of housing system (indoors vs outdoors) as an 
indicator as well as the use of serological tests in future surveillance 
programs for T. gondii (EFSA, 2011). However, the serological tests are 
imperfect, so the sensitivity and specificity must be validated before the 
test can be used as part of routine serological surveillance. 

In the absence of a gold standard test against which the serological 
test can be estimated, the diagnostic sensitivity and specificity should be 
estimated along with the true prevalence using a latent class model (Hui 
and Walter, 1980; Gardner et al., 2010; Lewis and Torgerson, 2012; 
Kostoulas et al., 2017). Such models can be fitted using maximum 
likelihood estimation methods or Bayesian modelling frameworks, and 
both methods are widely used today in veterinary and medical sciences 
(Nielsen et al., 2002; van Smeden et al., 2013; Mathevon et al., 2017) 
including for zoonotic diseases (Nielsen et al., 2004; Lahuerta-Marin 
et al., 2018; Aminu et al., 2020). 

As stated above, diagnostic tests such as ELISA and MAT are 
commonly used in epidemiological surveys of T. gondii infections in pigs 
(Dubey, 2009; Olsen et al., 2019). Both ELISA and MAT are known to 
have a high diagnostic accuracy (Dubey, 2009; Gardner et al., 2010). 
However, due to ease of interpretability of results (which are read 
automatically) and short runtime with ELISA, this test is preferred over 
MAT (the results are subjectively interpreted after 17hrs) in a large-scale 
T. gondii screening. ELISA-PrioCHECK® Toxoplasma antibody test kit is 
one of the several rapid commercial ELISA tests used in T. gondii 
screening of pigs in the Nordic-Baltic region (Olsen et al., 2019). This 
commercial test kit is reported to have a high sensitivity (98.9%) and 
specificity (92.7%), as estimated at a cut-off of 15% of positive control 
(PP), assessed using a latent class model in a Bayesian framework fit to 
data from four different antibody tests (Basso et al., 2013). Until 2017, 
the manufacturer recommended a cut-off of 15 PP to confirm the 
T. gondii status in pigs (Basso et al., 2017). Since then, the manufacturer 
has recommended the use of a cut-off of 20 PP (Thermo Fisher Scientific, 
2020a). A recent study on Finnish indoor pigs, found the sensitivity and 
specificity of the ELISA-PrioCHECK test kit, evaluated using 15 PP and 
20 PP to be lower than previously estimated and recommended an in-
crease in the cut-off value to 30 PP to improve its accuracy in terms of 
the percentage of results that agree with the reference test (Felin et al., 
2017). However, this evaluation was done on meat-juice samples, which 
contain lower T. gondii specific antibodies than in plasma (Olsen et al., 
2020), and using an imperfect test (MAT) as a gold standard test, rather 
than using a latent class approach. 

To the best of our knowledge, the estimation of diagnostic accuracy 
of the ELISA-PrioCHECK test kit in pigs using Bayesian latent class 
analysis has only been done by Basso et al. (2013). The use of this 
commercial ELISA test in a potential future surveillance of T. gondii in 
pigs in Denmark has been considered (Olsen et al., 2020). However, as 
described above, there is a lack of clarity and consensus on the optimal 
cut-off point for the ELISA-PrioCHECK test kit. Hence, the main aim of 
our study was to determine an optimal cut-off value for the 
ELISA-PrioCHECK test kit using a latent class model that simultaneously 
estimates the sensitivity and specificity of the tests for our data. We 
follow the Standards for Reporting of Diagnostic accuracy studies that 
use Bayesian latent class models (STARD-BLCM) guidelines in reporting 
our methods and results (Kostoulas et al., 2017). 

2. Materials and methods 

2.1. Study population and sampling design 

For the analysis, 233 plasma samples from pigs originally collected 
for T. gondii investigation in other Danish studies were used. The sam-
ples originated from two separate studies i.e., a cross-sectional study and 
a longitudinal study, hereafter referred to as study A and study B, 
respectively. The data for study A were collected in the year 2017–2018 
and for study B in 2019–2020. The samples from these two studies were 
selected because of varying apparent seroprevalences (2–60% at 20 PP 
in ELISA- PrioCHECK) in the different subpopulations (Olsen et al., 
2020): varying prevalence between populations is an advantage when 
fitting Hui-Walter models (Toft et al., 2005). The total sample size was 
set to a maximum of 233 samples due to budgetary constraints. 

Six of the seven population categories consisted of data from study A 
as follows. Plasma samples (n=447 samples, from 59 herds) were taken 
for the original study A from four subpopulations i.e., conventional 
finishers, organic finishers, conventional sows, and organic sows at the 
slaughterhouses (Olsen et al., 2020). For the present study, 138 plasma 
samples were selected from the original study consisting of 447 samples, 
by picking two samples at random from each of the 59 pig herds. 
Therefore, these 118 random samples belonged to four population cat-
egories i.e., conventional finishers (CF, n=30), conventional sows (CS, 
n=32), organic finishers (OF, n=30), and organic sows (OS, n=26). In an 
attempt to specifically increase the amount of data with PP values in the 
range of 20 PP and 30 PP (the anticipated range of the cut-off value), all 
the remaining samples from the OF and CS population categories with 
values of ≥ 18 PP were also selected and tested to provide a new PP 
value (20 additional samples). Since these samples were non-random 
and targeted (TR) samples, these samples were categorized into two 
separate population categories (OF-TR, n=10; CS-TR, n=10). 

An additional population was obtained from data from study B. 
These plasma samples originated from a longitudinal study (L), where 
repeated blood measurements were taken from the same pigs (n=320 
pigs) from four large Danish conventional sow farms with low T. gondii 
seroprevalence (< 8%) (Olsen et al., 2021). The samples were collected 
at 5-week intervals, for a period of 1 year. In the original study B, 200 
randomly stratified (strata created on the basis of PP values) plasma 
samples were tested in parallel (with a different objective) using three 
different serological tests i.e., MAT-Toxo-Screen DA, WB-LDBio-Toxo II 
IgG, and ELISA- PrioCHECK, following the procedure described in Sec-
tion 2.2. The test data in the original study (200 samples) included 
repeated observations from the same animal. In the present study, we 
used 95 observations from the test data as a single population (CS-L), by 
including only the latest test results for each conventional sow (i.e., one 
observation per animal). Henceforth, the above mentioned three com-
mercial tests are mostly referred as MAT, WB and ELISA throughout the 
manuscript. 

2.2. Diagnostic tests 

The plasma samples from study A (n=138) and B (n=95) were tested 
in parallel using three serological diagnostic tests (MAT, WB, ELISA). 
The three serological tests were applied following the procedure 
described below. The samples from study A were re-tested specifically 
for the purposes of the present study; however, we re-used the existing 
test results for the 95 samples from study B. All the samples used in the 
study were kept frozen at − 20 ◦C for varying periods until they were 
analyzed. 

Among the three tests, ELISA is often used as a quantitative test with 
a continuous output, whereas the other two are used as qualitative tests 
that are either classified as negative or positive. However, all three tests 
detect IgG antibodies specific to T. gondii parasite. The laboratory 
analysis using ELISA was performed following the instructions given by 
the manufacturer (Thermo Fisher Scientific, 2020a). The plasma 
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samples were run at 1:50 dilution, and the absorbance values (optical 
density = OD) were determined at 450 nm. As recommended by the 
manufacturer, the OD values were converted to PP values for the 
interpretation of the test results (Thermo Fisher Scientific, 2020a). The 
analysis using MAT was also run following the manufacturer’s in-
structions. The plasma samples were tested at both 1:40 dilution, and as 
recommended, IgM-mediated agglutination was suppressed by using 
2-mercaptoethanol. The samples in MAT were regarded as positive if the 
mat layer covered half or more of the base of the well at 1:40 titer. For 
the WB analysis, the steps recommended by the manufacturer were 
modified for its use on the pig samples. The controls and conjugate vials 
provided with the kit were replaced with our own materials. For the 
positive control, a positive sample from a previous experimental infec-
tion study on SPF pigs was used (Lind et al., 1997). And for the negative 
control, a sample originating from a mini pig, given by “Ellegård 
Göttingen Minipigs AP” for use in a study by Kofoed et al. (2017) was 
used. Additionally, the anti-human IgG conjugate was replaced with 
rabbit anti-pig IgG peroxidase conjugate (Sigma-Aldrich, A5670), and 
was diluted at 1:4000 concentration using the conjugate buffer solution 
provided by the manufacturer. In the final step, the reaction time with 
the substrate was also modified and stopped earlier (at 20 min) than the 
manufacturer’s recommended time, to avoid intensification of the color 
on the background of the strips. The samples in WB test were regarded 
positive in the presence of 30 kDa band, together with either one of the 
other bands (31 kDa or 33 kDa) (Khammari et al., 2013). 

2.3. Statistical analyses 

The main objective of this study was to determine an optimal cut-off 
value for the ELISA-PrioCHECK test kit in the absence of a reference test. 
In order to accomplish this, a stepwise approach was followed:  

1. A latent class model was fit to the triplicate test data using a Bayesian 
framework in order to extract posterior estimates of sensitivity and 
specificity for each of the three serological tests (MAT, WB, ELISA), 
along with the true prevalence in each of the seven populations (CF, 
CS, OF, OS, OF-TR, CS-TR, CS-L). For the purposes of this step, the 
ELISA results were dichotomized into negative/positive result using 
a threshold of 20 PP.  

2. The posterior estimates for sensitivity and specificity of the MAT and 
WB along with the posterior estimates for prevalence in each popu-
lation were used to calculate posterior positive probability (PPP) 
values. These represent the estimated posterior probability of having 
a true positive status for each individual animal conditional on the 
sensitivity/specificity/prevalence estimates for the corresponding 
iteration of the posteriors. Given that animals in the same population 
with the same combination of MAT and WB test outcome have the 
same PPP, we calculated these once per population and MAT/WB test 
combination and mapped these back to individual animals subse-
quently. Note that the ELISA test result was excluded from these 
calculations.  

3. Values of sensitivity and specificity were derived for the ELISA test 
corresponding to all possible PP cut-off thresholds. Existing methods 
of achieving this either use a reference test result as a gold standard 
or effectively re-estimate the full model for all thresholds of interest 
(Gaide et al., 2021). Our novel method is based on the PPP estimated 
for each test result and therefore accounts for the imperfect nature of 
the diagnostic tests without having to estimate the full model sepa-
rately for each threshold of interest. An optimal cut-off for the ELISA 
was then chosen based on selecting the PP value threshold that 
maximized the sum of sensitivity and specificity of the ELISA.  

4. The ELISA results were reclassified using the new PP value cut-off 
and the latent class model was re-run with the new data for verifi-
cation purposes.  

5. These steps are explained in more detail in the following subsections. 

2.3.1. Latent class model and parameter estimation 
The sensitivity and the specificity of each of the three commercial 

tests and the true prevalence in each of the seven population categories 
were estimated using a Hui-Walter latent class model fitted within a 
Bayesian framework. In each population, the counts for the eight 
possible combinations of positive (+) and negative (-) test results from 
three tests (- - -; + - -; - + -; ++ -; - - +; + - +; - ++; +++) were modeled 
using a multinomial distribution, assuming that the sensitivity and 
specificity of the tests does not vary in the underlying populations. We 
note that each of the three tests we use measure IgG antibodies produced 
towards T. gondii, so the latent class that is implicitly defined by the 
model is that of antibody production. However, we additionally allowed 
the model to fit covariance terms for the sensitivity and specificity be-
tween each of the three pairs of tests (i.e., MAT and WB, MAT and ELISA, 
WB and ELISA), to account for any potential overlap between IgG targets 
between any two of the tests that may e.g., result in an increased chance 
of the same cross reaction for two of the tests. This was done by adding 
six paired covariance terms (three each for sensitivity and specificity) to 
the model, so that the probability of observing a specific combination of 
diagnostic test outcomes in a given population was adjusted. The 
covariance terms were constrained based on the values of sensitivity and 
specificity for the corresponding iteration in order to ensure that the 
overall probability remained within the range [0,1] using the method of 
Mazeri et al. (2016). The model code was generated using the `tem-
plate_huiwalter` function of the runjags package (Denwood, 2016) for R 
(R Core Team, 2020). 

Minimally informative Beta (1,1) priors were used for the sensitivity 
and specificity of MAT and WB tests. For ELISA, priors of Beta (59.5, 
0.66) and Beta (82.3, 6.5) were used for the sensitivity and specificity, 
respectively. These were generated via the R package ‘PriorGen’ (Kos-
toulas, 2018) by applying the mean estimate of 98.9% for the sensitivity 
(95% CI = 96.2–100%) and 92.7% for the specificity (95% CI =
87.7–96.6) as reported by Basso et al. (2013) at a cut-off value of 15 PP. 
Minimally informative Beta (1,1) priors were used for each of the seven 
true prevalence parameters. The effect of using a slightly more infor-
mative priors for MAT, WB and ELISA in the model was explored by 
sensitivity analyses (Section 2.4). 

The model was fit to the data using Markov chain Monte Carlo via 
JAGS version 4.3.0 (Plummer, 2003) called from R (R Core Team, 2020) 
using the runjags package (Denwood, 2016). Two chains of 50,000 it-
erations each were run without thinning, following an initial 5,000 
‘burn-in’ period, so a total of 100,000 iterations were retained for pos-
terior inference. Relevant parameter estimates were summarized as 
median estimates and 95% credibility intervals. Model convergence was 
assessed via trace and autocorrelation plots, along with the estimates for 
the potential scale reduction factor (PSRF) of the Gelman Rubin statistic 
(Gelman and Rubin, 1992; Hamra et al., 2013; Aminu et al., 2020). 
Adequacy of 100,000 sampled iterations was assessed by ensuring that 
the effective sample size was over 400 independent iterations for each of 
the parameters (Aminu et al., 2020). 

2.3.2. Estimation of posterior positive probability (PPP) values 
PPP values were used for estimation of the cut-off of the ELISA test, 

where PPP was calculated for each combination of MAT and WB test 
result as follows: 

PPPM− W− =
prevp × (1 − seM) × (1 − seW)

prevp × (1 − seM) × (1 − seW) + (1 − prevp) × spM × spW  

PPPM+W− =
prevp × seM × (1 − seW)

prevp × seM × (1 − seW) + (1 − prevp) × (1 − spM) × spW  

PPPM− W+ =
prevp × (1 − seM) × seW

prevp × (1 − seM) × seW + (1 − prevp) × spM × (1 − spW)
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PPPM+W+ =
prevp × seM × seW

prevp × seM × seW + (1 − prevp) × (1 − spM) × (1 − spW)

Where seM and seW refers to the estimated sensitivity of MAT and WB 
tests, spM and spW refers to the estimated specificity of MAT and WB 
tests, prevp refers to the estimated prevalence in the given population, 
and PPPM− W− refers to the posterior positive probability for the specified 
combination of MAT and WB test results (i.e. negative/negative, posi-
tive/negative, negative/positive, and positive/positive). For our pur-
poses, we chose to exclude the covariance terms within these 
calculations, as our posterior estimates for the covariance parameters 
between MAT and WB were close to zero. To include these terms in the 
calculation of PPP, we believe that it is necessary to invert the sign of the 
covariance terms before adding/subtracting them from the product of 
the sensitivity/specificity terms in the equations above, as this would 
allow the PPP to be reduced in the case of two positive test results from 
highly correlated tests relative to the case of two positive test results 
from uncorrelated tests. 

We note that these PPP values are conceptually similar to the stan-
dard calculation of the posterior predictive value (Turechek et al., 
2013). However, because the PPP value must be identical for animals 
within the same population and with identical test results, we only 
calculated the PPP value for each combination of MAT and WB test re-
sults (i.e., four test combinations) in each of the seven population cat-
egories (i.e., 28 combinations), rather than doing so individually for 
each pig. These PPP values were then mapped to each of the individuals 
in the data (n = 233). We note that in principle the PPP values can be 
calculated in R based on posterior parameters output from the JAGS 
model, but we chose to add this calculation step directly to the JAGS 
model for convenience - see Supplementary file I “blcmodel.txt”. 

2.3.3. Selection of an optimal PP value for ELISA 
In order to determine an optimal cut-off value (PP) for ELISA, we 

defined the PP value that optimized the performance of ELISA test based 
on PPP values that were estimated for each animal. For our purposes, we 
defined “optimum performance” as the maximum sum of sensitivity and 
specificity, but we note that this objective function could easily be 
adjusted depending on the planned future use of the ELISA test to e.g., 
weight specificity higher than sensitivity. Because PPP values were 
based on a full posterior of sensitivity/specificity/prevalence estimates, 
these estimates also represented a full posterior distribution. It was 
therefore necessary to repeat the cut-off estimation for multiple samples 
from the posterior distribution of the PPP values. We thinned the PPP 
estimate posteriors to 10,000 iterations to reduce the computational 
burden of this step. For each of these 10,000 iterations, the theoretical 
sensitivity and specificity of the ELISA were calculated for each possible 
ELISA PP value cut-off corresponding to the unique PP values observed 
in our data (Noordhuizen et al., 2001). To derive the sensitivity and the 
specificity at a given mean PP value, we applied the following formulae: 

seE =

∑
PPPE+

∑
PPPE− +

∑
PPPE+

spE =

∑
PNPE−

∑
PNPE+ +

∑
PNPE−

=

∑
1 − PPPE−

∑
1 − PPPE+ +

∑
1 − PPPE−

Where seE and spE are the sensitivity and specificity of the ELISA test, 
PNP refers to the posterior negative probability (which is simply one 
minus PPP) and PPPE− /PNPE− and PPPE+/PNPE+ refer to the subset of 
PPP/PNP values for which the observed ELISA test result was negative 
and positive, respectively. We note that the individual PPP values 
describe the posterior probability (at a given iteration) that a given 
animal has a true positive status, and are therefore always in the range 
[0,1]. By summing these values where the ELISA test is positive, and 
dividing by the sum of all values, we arrive at the probability that a true 
positive status will have a positive ELISA result i.e., the sensitivity. 

Specificity is derived from the PNP values using the same logic. We note 
that our equations collapse to the standard calculation of sensitivity and 
specificity in cases where each PPP/PNP takes the value of 0 or 1, which 
occurs when one or more of the reference tests is assumed to be perfect. 
We also note that our method of calculating sensitivity/specificity is 
equivalent to running the full MCMC model for each PP cut-off value of 
interest as done by Gaide et al. (2021), except that the calculation is 
substantially more efficient when based on PPP values. The resulting 
posterior distribution of sensitivity/specificity estimates corresponding 
to each PP cut-off value were summarized as median estimates along 
with 95% credibility intervals for each ELISA PP value. 

2.3.4. Reclassification of the ELISA results and rerunning the latent class 
model 

In order to compare the diagnostic test characteristics using the 
optimized cut-off value for ELISA, the same latent class model as out-
lined in Section 2.3.1 was re-run using the same dataset with amended 
dichotomization of those ELISA results that fell between the initial cut- 
off of 20 and the optimized cut-off value determined as described above. 

The final JAGS model “blcmodel.txt”, R script “blcscript.R” and 
dataset “blcdata.xlsx” used for this analysis can be found in Supple-
mentary materials I, II and III, respectively. 

2.4. Sensitivity analyses 

We assessed the impact of the informative priors used for the sensi-
tivity and specificity of ELISA by replacing these priors with minimally 
informative Beta (1,1) and slightly more informative Beta (2, 1) priors 
and re-running the model. The model was also re-run using different 
initial ELISA cut-off PP values in the set {20, 30, 40, 50} in order to 
ensure that this did not impact the final estimated cut-off. The effect of 
using slightly more informative priors for the sensitivity and specificity 
of MAT and WB tests was also explored using a sensitivity analysis, 
where the minimally informative Beta (1,1) priors for both sensitivity 
and specificity parameters were simultaneously replaced with Beta (2,1) 
priors. This was done for one of the MAT and WB tests at a time i.e., the 
prior information on the sensitivities and specificities for the remaining 
diagnostic tests and the prior information on other parameters remained 
unchanged. We also performed a sensitivity analysis to evaluate our 
assumption of fixed sensitivity and specificity across sows and finishers. 
This was done by re-running the model excluding populations of these 
two types in turn and evaluating the effect on the estimated test sensi-
tivities, specificities and the final estimated optimal cut-off value. Our 
model code facilitates this analysis by including a ‘PopulationsUsing’ 
parameter that is specified as data to exclude specific populations from 
the likelihood used by the model. 

3. Results 

The test result combinations observed when testing the samples 
simultaneously using three serological tests (using an ELISA cut-off of 
20) in the seven population categories are given in Table 1. Out of 233 
plasma samples tested, 171 samples (73.4%) tested negative (i.e., -, -, -) 
and 41 samples (17.6%) tested positive (i.e., +, +, +) using all three 
diagnostic tests. For the remaining 21 samples (9.0%), there was 
imperfect agreement between the three diagnostic test results (Table 1). 

3.1. Parameter estimates from the latent class model 

The latent class model converged and achieved a sufficiently high 
effective sample size within the number of iterations allowed. The es-
timates for the sensitivity and specificity of the three serological tests are 
given in Table 2. 

The true prevalence estimates varied between the seven population 
categories (Table SI, Supplementary material IV). The true prevalence 
estimate was lowest in the CF population (TP = 5.3%, 95%, CI =
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0.0–13.5%), and highest in the OF-TR population category (TP = 69.7%, 
95%, CI = 45.5–93.2%). Estimates for the pairwise correlations between 
the three tests were close to zero (Table SII, Supplementary material V). 

3.2. Estimated cut-off 

The uncertainty in the sensitivity and specificity estimates at wide 
range of cut-off values are shown in Fig. 1. and the resulting ROC-curve 
for the ELISA test is illustrated in Fig. 2. The maximum sum of sensitivity 
and specificity was observed at the mean cut-off value of 27.7 PP 
(Fig. 1). At this cut-off value, the median sensitivity and specificity es-
timates for the ELISA test were 99.2% (95% CI = 96.3–100.0%) and 
95.2% (95% CI = 92.5–97.6%), respectively. 

3.3. Sensitivity analyses 

The estimates for the parameters derived from the model did not 
change substantially with the use of different priors [i.e., Beta (1,1) or 
Beta (2,1) for MAT, WB, ELISA] or different initial cut-off values (PP 
range, 20 to 50 PP) for the ELISA (Supplementary file V). Additionally, 
the median estimates for the sensitivity and specificity of the three tests 
and the cut-off value were not markedly affected, when the model was 
re-run only for the sow or finisher population categories. 

3.4. Updated model results 

When the new cut-off value (27.7 PP) was applied to the original 
dataset, then only 5.6% (Table SVII, Supplementary material VI) of the 
samples (instead of 9.0% at 20 PP, Table 1) were not identical (i.e., all 
negative or all positive) in the three serological tests. Re-running the 
Hui-Walter model with the new cut-off did not substantially affect the 
sensitivity and the specificity estimates of the MAT and WB tests, or the 
prevalence estimates for the seven populations (Supplementary material 
VII). 

4. Discussion 

4.1. Relevance of the study 

In this study, we empirically determined an optimal cut-off PP value 
for the T. gondii ELISA-PrioCHECK kit. Our findings in Danish pigs shows 
that the optimal cut-off value for the ELISA- PrioCHECK test kit was 27.7 
PP, which is higher than the manufacturer recommended cut-off of 20 
PP. 

The commercial ELISA-PrioCHECK test kit is used for diagnosing 
T. gondii infections in pigs and has recently been used in large scale 
screening studies on pigs (Swanenburg et al., 2019; Olsen et al., 2020). 
In a serological test, animals above and below the chosen cut-off value 

Table 1 
Cross-classified positive (+) and negative (-) results from 233 pigs, divided into seven population categories, tested using three serological tests measuring IgG an-
tibodies against Toxoplasma gondii at 20 PP cut-off value for the ELISA- PrioCHECK test.  

Test combinations Population categories 
MATa WBb ELISAc Total CFd CSe CS-Lf CS-TRg OFh OF-TRi OSj 

– – – 171 29 28 75 2 24 1 12 
– – + 14 1 0 7 4 1 1 0 
– + – 2 0 0 2 0 0 0 0 
– + + 1 0 0 0 0 0 0 1 
+ – – 1 0 0 0 1 0 0 0 
+ – + 3 0 1 1 1 0 0 0 
+ + – 0 0 0 0 0 0 0 0 
+ + + 41 0 3 10 2 5 8 13 

Proportion of positivesk 62/233 1/30 4/32 20/95 8/10 6/30 9/10 14/26  

a Modified agglutination test 
b Western blot test 
c Enzyme linked immunoassay. A cut-off value of 20 PP was used for the dichotomization of the test results. 
d Random samples taken from conventional finishers, where blood-samples were collected at the time of slaughter 
e Random samples taken from conventional sows, where blood-samples were collected at the time of slaughter 
f Random samples from conventional sows, where blood-samples were collected on the farms 
g Non-random samples from conventional sows, where blood-samples were collected at the time of slaughter. All the samples with ≥ 18 PP values in ELISA test were 

selected 
h Random samples from organic finishers, where blood-samples were collected at the time of slaughter 
i Non-random samples from organic finishers, where blood-samples were collected at the time of slaughter. All the samples with ≥ 18 PP values in ELISA test were 

selected 
j Random samples from organic sows, where blood-samples were collected at the time of slaughter 
k Samples tested positive with either of the three serological tests i.e., MAT, WB or ELISA 

Table 2 
The sensitivity and specificity of three serological tests for Toxoplasma gondii in pigs as estimated using a Bayesian latent class model at 20 PP cut-off value for the 
ELISA- PrioCHECK test.  

Serological test Sensitivity Specificity  

Median 
Estimate 

95% credible interval Median 
Estimate 

95% credible interval 

Lower limit Upper limit Lower limit Upper limit 

MATa 95.7% 86.5% 100.0% 99.1% 97.2% 100.0% 
WBb 89.6% 78.4% 98.3% 98.2% 95.8% 99.8% 
ELISAc 99.4% 96.9% 100.0% 92.4% 89.0% 95.4%  

a Modified agglutination test 
b Western blot test 
c Enzyme linked immunosorbent assay 
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are classified as positives and negatives, respectively. Therefore, the 
chosen cut-off value is important and should be validated in the species 
being studied, by estimating the sensitivity and specificity of the test 

(Jacobson, 1998). The performance of the ELISA-PrioCHECK test kit has 
previously been evaluated on serum samples from pigs by comparing it 
with three other serological tests (in-house WB, immunofluorescence 
antibody test, in-house ELISA) using a Bayesian latent class method 
(Basso et al., 2013). In that study, the mean sensitivity (Se = 98.9%, CI =
96.2 – 100.0%) and the specificity (Sp = 92.7%, CI = 87.7 – 96.6%) of 
the ELISA-PrioCHECK test kit were estimated at a cut-off value of 15 PP. 
However, information on the technique used for the selection of the 
given cut-off value (15 PP), and its validation against other cut-off 
values in minimization of misclassification was not mentioned in the 
study or elsewhere. Additionally, after 2017, the manufacturer recom-
mended the cut-off value for the ELISA test for blood serology in pigs to 
be increased from 15 PP to 20 PP (Macaluso et al., 2019; Swanenburg 
et al., 2019). On the manufacturer’s webpage, the sensitivity and spec-
ificity estimates for the ELISA are updated for the serum samples (Se =
98.0%, Sp = 99.6%, respectively), estimated using new data on pigs and 
the same tests as before for comparison (Thermo Fisher Scientific, 
2020). However, additional information on the chosen cut-off and the 
statistical method used for the estimation of the new sensitivity and 
specificity estimates are lacking. Recently, other studies have evaluated 
the performance of ELISA-PrioCHECK test using serum or meat-juice 
samples and imperfect tests (MAT and immunofluorescence antibody 
test) as a gold standard and found varying estimates for the relative 
sensitivity (range=65.2–100%) and relative specificity 
(range=83.9–100%) (Steinparzer et al., 2015; Felin et al., 2017; Mac-
aluso et al., 2019). However, these studies have compared 
ELISA-PrioCHECK test with imperfect tests and used kappa values to 
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Fig. 1. Plot illustrates the sensitivity and the specificity along with the 95% credible intervals (the grey shaded area) for the ELISA-PrioCHECK test at the manu-
facturer recommended cut-off of 20 PP (thin dotted lines) and the optimal cut-off of 27. 7 PP (bold dotted lines). The optimal cut-off was estimated by the Bayesian 
latent class model and defined as a cut-off that maximized the sum of sensitivity and specificity of the ELISA. 
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the ELISA-PrioCHECK test derived using a Bayesian approach. 

A. Olsen et al.                                                                                                                                                                                                                                   



Preventive Veterinary Medicine 201 (2022) 105606

7

assess the level of agreement between the tests, and to make conclusions 
about the manufacturer cut-off value. The Finnish study (Felin et al., 
2017) recommends using a cut-off of 30 PP for ELISA-PrioCHECK, after 
evaluating its performance in commercial finisher pigs using meat-juice 
prepared from diaphragm tissues. However, Olsen et al. (2020) used 
M. sternomastoideus muscle for meat-juice samples, and found the cut-off 
for the ELISA- PrioCHECK had to be lowered from 20 PP to 13 PP to 
obtain the same classification of samples in meat-juice as in plasma. In 
comparison with serum, the concentration of immunoglobulin is known 
to be lower in meat-juice and varies between different muscle tissues 
(Wallander et al., 2015). Since the two studies used different muscle 
tissue samples, the differences in the recommended cut-offs may partly 
be attributed to the differences in tissue samples. In the present study, 
the new cut-off was estimated based on the plasma samples, and thus 
cannot be applied in meat-juice serology. Hence, the manufacturer 
recommended cut-off of 20 PP for meat-juice should also be re-evaluated 
in future studies. 

4.2. Justification for the chosen methodology 

In the absence of a gold standard test, the use of Bayesian latent class 
methods to evaluate the performance of a test and to determine an 
optimal cut-off, is considered the most appropriate method to avoid 
getting biased estimates (Branscum et al., 2005; Gardner et al., 2010; 
Lewis and Torgerson, 2012). However, it is also important to carefully 
consider the implied definition of the latent class when interpreting the 
results of latent class models (Kostoulas et al., 2017). In our case, each of 
the three available tests is designed to detect antibodies, so our latent 
class estimates antibody production in animals in response to the 
parasite. It is important to note that our inclusion of the covariance 
terms is purely to account for potentially correlated cross-reactions be-
tween the three antibody tests we used and is not intended to account for 
this more fundamental correlation in IgG status. Given the nature of 
toxoplasmosis infection, where the parasite infection is typically lifelong 
(Tenter et al., 2000) and antibodies are believed to persist (Dubey et al., 
1997), we believe that this is close to the optimal latent class of parasite 
presence. However, there may be a delay between acquiring the parasite 
and mounting an antibody response, which means that the sensitivity of 
ELISA will be considerably lower than our estimates when used in ani-
mals with a very recent infection that have not yet mounted a full 
antibody response. We also note that our data was derived from animals 
from large commercial units in Denmark, so the prevalence estimates are 
not generalizable to other situations, particularly for CS-TR and OF-TR 
groups and due to the artificial nature of these populations and result-
ing bias in prevalence estimates. However, we believe that the sensi-
tivity and specificity of the diagnostic tests should be more widely 
applicable and unbiased with respect to the target population of com-
mercial pigs, and our sensitivity analysis confirms that the inference is 
not dependent on the prior distributions chosen for the tests. However, 
we emphasize again that our estimates should be interpreted as the 
probability of detecting antibodies to the parasite, and not detection of 
the parasite itself. 

ROC curves are often used to select an optimal cut-off value for ELISA 
tests and can be estimated using frequentist or Bayesian approaches 
(Goncalves et al., 2014; Habibzadeh et al., 2016). When latent class 
models are built using a Bayesian framework, it additionally becomes 
possible to report the credibility intervals for the sensitivity and speci-
ficity associated with the cut-offs (Goncalves et al., 2014). However, 
most studies rarely report these intervals, partly due to the statistical or 
computational challenges associated with these methods (Ray et al., 
2010). Therefore, our goal was to develop a computationally faster 
method to select an optimal cut-off value, while also providing the 
credibility intervals for the sensitivity and the specificity estimates for 
the recommended cut-off. A major strength of our PPP method is that the 
optimal cut-off value can be found quickly and easily based on the 
existing posterior of a latent-class model, without having to re-run the 

model itself. We defined “optimum” as maximizing the sum of sensitivity 
and specificity of the ELISA, but a diagnostic test is used most effectively 
when the optimal cut-off value for the test is chosen appropriately ac-
cording to the objective. Using a ROC curve in the selection of a given 
cut-off value can be done using an explicit compromise between sensi-
tivity and specificity (Habibzadeh et al., 2016). A similar principle can 
also be followed using our method, either by adjusting the objective 
function directly so that e.g., sensitivity can be weighted more highly 
than specificity, or by using the PPP values to generate the ROC curve 
itself. This allows e.g., a test with high sensitivity to be chosen when 
dealing with highly contagious diseases or diseases that pose a serious 
threat to humans, in order to avoid misclassifying truly diseased animals 
or herds as negative, as the potential cost of false negatives is likely 
higher than the cost of false positives in an emerging outbreak. On the 
other hand, a test with high specificity may be preferred over sensitivity 
to reduce the risk and the cost of culling many false-positive animals or 
herds, e.g., when the disease prevalence is low (Noordhuizen et al., 
2001). In case of T. gondii in pigs, diagnosis of infection is important to 
identify infected herds to control infection and to reduce the risk of 
parasite entering the food chain. The seroprevalence of T. gondii is 
known to vary within and between pig herds and the cost of false neg-
atives or false positives test results will depend on the decisions that 
follow the results e.g., monitoring of high-risk herds or other actions. At 
present, there is no consensus about the best cut-off for serodiagnosis. 
Thus, in the absence of preference between sensitivity and specificity, an 
approach that maximized the sum of se and sp was selected in this study 
(Habibzadeh et al., 2016). 

The selection of an optimal cut-off value from a ROC curve for a 
given test, including in a Bayesian latent class modelling setting, is often 
based on the test results (positive or negative) from the most accurate 
alternate test(s) (Gardner et al., 2010; Otero-Abad et al., 2017). Alter-
natively, it can be done based on a more computationally intensive 
approach involving re-fitting the model for every possibly cut-off value 
of interest (Gaide et al., 2021). A major strength of our method is that 
the imperfect performance of the reference test is accounted for, based 
on the output of a single latent class model run, without adding sub-
stantial computational complexity. We used PPP and PNP of different 
test result combinations instead of alternate test results, to identify the 
probability of the true status (positive or negative) associated with each 
of the individual animals. These values are derived from the sensitivity, 
specificity and prevalence estimates obtained from a latent class model 
in the traditional Hui and Walter model (Hui and Walter, 1980), 
modified to accommodate the potential correlation between the tests 
(Branscum et al., 2005; Gardner et al., 2010; Otero-Abad et al., 2017; 
Lahuerta-Marin et al., 2018). We chose not to include these correlations 
in the estimation of PPP values because they were estimated to be close 
to zero, but the PPP calculation could be done including these values. 
However, we believe that they should be subtracted rather than added to 
the probability, in order to avoid artificially inflating the PPP in cases 
where two highly correlated tests agree on a test result. Further work is 
required to evaluate the impact of the inclusion of covariance terms in 
the calculation of PPP. For the parameters in the model, we applied 
minimally informative priors, where information was lacking and 
informative priors, where reliable information was available. The pa-
rameters estimated from the Bayesian latent class model presented in the 
study were not substantially affected by the change in the values of the 
chosen priors. This, therefore, suggests that the results were driven by 
the data and not influenced by the priors. 

4.3. Comparison of sensitivity and specificity estimates with the other 
studies 

Although the primary aim of this study was not to estimate the ac-
curacies of the three tests used in T. gondii diagnosis, it is nevertheless 
instructive to compare them with other studies that evaluated these tests 
using a similar approach. At 20 PP, our estimates for sensitivity (99.4%, 
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95% CI = 96.9–100.0%) and specificity (92.4%, 95% CI = 89.0–95.4%) 
of the ELISA were close to the Bayesian latent class estimates from the 
original study (Se = 98.9%, 95% CI = 96.2–100.0%; Sp = 92.7%, 95% CI 
= 87.7–96.6%) (Basso et al., 2013). However, our sensitivity and 
specificity estimates for the MAT were higher (Se = 95.7, Sp = 99.1%, 
Table 2) than the previously published estimates from two different 
Bayesian models (Se range = 81.0–85.4%, Sp range = 90.1–93.2%) 
(Branscum et al., 2005). Even though the diagnosis of T. gondii infections 
with MAT is time-consuming, it is highly preferred over other serolog-
ical tests because of its high accuracy. It is commonly used as a gold 
standard test and used extensively in the diagnosis of T. gondii infections 
in surveys in pigs and other animal species (Gamble et al., 2005; 
Steinparzer et al., 2015; Felin et al., 2017; Olsen et al., 2019). Among the 
three tests, WB had the lowest sensitivity (89.6%); but it had a high 
specificity (98.2%) like MAT. Tests with high specificity means that 
there are few false positives, and therefore such tests can be used to 
confirm a tentative diagnosis (Noordhuizen et al., 2001). WB test is not 
generally designed for large-scale routine screening of T. gondii in-
fections; however, it is seen as a useful and a reliable serological test for 
confirming T. gondii infections. The WB test used in the present study has 
previously been used to confirm T. gondii infections in pregnant women 
and their babies (Franck et al., 2008). However, a variant of this test has 
also been used to confirm T. gondii infections in pigs (Kijlstra et al., 
2004). In the present study, the original WB test was modified for testing 
pig samples. The performance of the modified (using rabbit anti-pig IgG 
conjugate) WB test in the diagnosis of T. gondii infections in pigs has not 
been evaluated before. However, since the overall results for this test 
matched well with the other test results (Table 1), we consider these 
estimates from the Bayesian analysis to be valid. 

To the best of our knowledge, the three serological tests used in this 
study have not been reported to cross-react with any of the swine 
pathogen-specific antibodies with increasing age. Therefore, we 
assumed that the three diagnostic test specificities were constant in all 
the populations. However, relative to finishers, sows have longer po-
tential exposure to a number of different pathogens and might therefore 
show more cross-reactivity than finishers, so the potential for decreased 
diagnostic specificity might be higher in sow than in finisher pop-
ulations. We therefore re-ran the model by excluding the sow pop-
ulations in the sensitivity analyses and found the median estimates for 
the test specificities to be similar when compared to a model with all 
population categories. Hence, we interpreted this as an indication that 
the specificities of the tests did not differ between the population cate-
gories (Supplementary material V, Table SVIII). 

4.4. Comparison of the new cut-off (27.7 PP) with the manufacturer 
recommended cut-off (20 PP) 

Our analysis showed that selecting 27.7 PP instead of 20 PP would 
maximize the appropriate classification of test results. At the previous 
cut-off of 20 PP, 62 out of 233 samples (26.7%) tested positive in ELISA; 
however, with the application of the new cut-off value, only 54 samples 
(23.2%) tested positive in ELISA. And these changes were apparent in 
four (CF, CS-TR, CS-L and CF-TR) out of the seven population categories. 
In comparison with the previous published estimates for the sensitivity 
(98.9%, 95% CI = 96.2–100.0%) and specificity (92.7%, 95% CI =
87.7–96.6%) at 15 PP cut-off by (Basso et al., 2013), our estimates were 
higher for the sensitivity (99.2%, 95% CI = 96.3–100.0%), and lower for 
the specificity (95.2%, 95% CI = 92.5–97.6%). 

In the original study A, the apparent prevalence estimates in the four 
population categories i.e., conventional finishers, conventional sows, 
organic finishers, organic sows were 1.9% (3/159), 19.2% (14/73), 
10.8% (16/148) and 59.7% (40/67), respectively (Olsen et al., 2020). 
These values were estimated using a cut-off value of 20 PP in ELISA- 
PrioCHECK test. When evaluating the effect of new cut-off value (27.7 
PP) in the original study A, we observed a change in the apparent 
prevalence in all population categories except the conventional 

finishers. The apparent prevalence in the conventional sows, organic 
finishers and organic sows was reduced to 16.4% (12/73), 9.5% 
(14/148), and 55.2% (37/67), respectively. The change in prevalence is 
small; however, in a large-scale surveillance program the reduction in 
the number of test positive samples may not be insignificant. In con-
ventional sows, the number of test positive was reduced by 14.3% when 
applying the new cut-off, in organic finishers the relative reduction was 
12.5% and in the organic sows 7.5%. Therefore, our study indicates that 
potential false positive results can be avoided by using a higher cut-off 
value of 27.7 PP instead of the manufacturer cut-off value of 20 PP. 

5. Conclusions 

We demonstrated a computationally efficient method for choosing 
an optimal cut-off based on the output of a Bayesian latent class model. 
Our findings show that the optimal cut-off value for the ELISA- 
PrioCHECK test kit, when testing blood samples in Danish pigs, is 27.7 
PP. These methods are broadly applicable to choosing a cut-off value in 
the absence of a gold standard test. 
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Russo, C., Gómez-Morales, M.A., Guercio, A., 2019. Evaluation of a commercial 
enzyme-linked immunosorbent assay (ELISA) for detecting antibodies against 
Toxoplasma gondii from naturally and experimentally infected pigs. Infect. Dis. 51, 
26–31. 

Mathevon, Y., Foucras, G., Falguières, R., Corbiere, F., 2017. Estimation of the sensitivity 
and specificity of two serum ELISAs and one fecal qPCR for diagnosis of 
paratuberculosis in sub-clinically infected young-adult French sheep using latent 
class Bayesian modeling. BMC Vet. Res. 13, 230. 

Mazeri, S., Sargison, N., Kelly, R.F., Bronsvoort, B.M., Handel, I., 2016. Evaluation of the 
performance of five diagnostic tests for fasciola hepatica infection in naturally 
infected cattle using a bayesian no gold standard approach. PLoS One 11, e0161621. 

Nielsen, L.R., Toft, N., Ersbøll, A.K., 2004. Evaluation of an indirect serum ELISA and a 
bacteriological faecal culture test for diagnosis of Salmonella serotype Dublin in 
cattle using latent class models. J. Appl. Microbiol. 96, 311–319. 

Nielsen, S.S., Grønbaek, C., Agger, J.F., Houe, H., 2002. Maximum-likelihood estimation 
of sensitivity and specificity of ELISAs and faecal culture for diagnosis of 
paratuberculosis. Prev. Vet. Med. 53, 191–204. 

Noordhuizen, J.P.T.M., Frankena, K., Thrusfield, M.V., Graat, E.A.M., 2001. 
Measurement of disease frequency. Wagening.: Wagening. Pers. 65–96. 

Olsen, A., Alban, L., Denwood, M., Houe, H., Birk Jensen, T., Vedel Nielsen, H., 2021. 
A longitudinal study of Toxoplasma gondii seroconversion on four large Danish sow 
farms. Vet. Parasitol. 295, 109460. 

Olsen, A., Berg, R., Tagel, M., Must, K., Deksne, G., Enemark, H.L., Alban, L., 
Johansen, M.V., Nielsen, H.V., Sandberg, M., Lundén, A., Stensvold, C.R., Pires, S.M., 
Jokelainen, P., 2019. Seroprevalence of toxoplasma gondii in domestic pigs, sheep, 
cattle, wild boars, and moose in the nordic-baltic region: a systematic review and 
meta-analysis. Parasite Epidemiol. Control 5, e00100. 

Olsen, A., Sandberg, M., Houe, H., Nielsen, H.V., Denwood, M., Jensen, T.B., Alban, L., 
2020. Seroprevalence of Toxoplasma gondii infection in sows and finishers from 
conventional and organic herds in Denmark: implications for potential future 
serological surveillance. Prev. Vet. Med. 1–10. 

Otero-Abad, B., Armua-Fernandez, M.T., Deplazes, P., Torgerson, P.R., Hartnack, S., 
2017. Latent class models for Echinococcus multilocularis diagnosis in foxes in 
Switzerland in the absence of a gold standard. Parasit. Vectors 10, 612. 

Plummer, M., 2003. JAGS: A Program for Analysis of Bayesian Graphical Models using 
Gibbs Sampling. 3rd International Workshop on Distributed Statistical Computing 
(DSC 2003); Vienna, Austria 124. 

R Core Team, 2020. R: A language and environment for statistical computing. R 
Foundation for Statistical Computing, Vienna, Austria. 〈https://www.R-project. 
org/〉 (Accessed 7 February 2021). 

Ray, P., Le Manach, Y., Riou, B., Houle, T.T., 2010. Statistical evaluation of a biomarker. 
Anesthesiology 112, 1023–1040. 

Steinparzer, R., Reisp, K., Grunberger, B., Kofer, J., Schmoll, F., Sattler, T., 2015. 
Comparison of different commercial serological tests for the detection of Toxoplasma 
gondii antibodies in serum of naturally exposed pigs. Zoonoses Public Health 62, 
119–124. 

Swanenburg, M., Gonzales, J.L., Bouwknegt, M., Boender, G.J., Oorburg, D., Heres, L., 
Wisselink, H.J., 2019. Large-scale serological screening of slaughter pigs for 
Toxoplasma gondii infections in The Netherlands during five years (2012–2016): 
Trends in seroprevalence over years, seasons, regions and farming systems. Vet. 
Parasitol. 2, 100017. 

Tenter, A.M., Heckeroth, A.R., Weiss, L.M., 2000. Toxoplasma gondii: Anim. Hum. Int. J. 
Parasitol. 30, 1217–1258. 

Thermo Fisher Scientific, 2020. PrioCHECK Toxoplasma Antibody ELISA Kit. 
Safeguarding human and animal health. https://www.thermofisher.com/content/ 
dam/LifeTech/global/applied-sciences/pdfs/animal-health/animalhealth_flye 
r_preharvest_toxoplasma_CO016019.pdf (Accessed 1 November 2020). 

Thermo Fisher Scientific, 2020a. PrioCHECK® Toxoplasma Ab porcine ELISA for in vitro 
detection of antibodies against Toxoplasma gondii in porcine serum, plasma and 
meat juice. https://www.thermofisher. 
com/order/catalog/product/7610230#/7610230 (Accessed 12 October 2020). 

Toft, N., Jørgensen, E., Højsgaard, S., 2005. Diagnosing diagnostic tests: evaluating the 
assumptions underlying the estimation of sensitivity and specificity in the absence of 
a gold standard. Prev. Vet. Med. 68, 19–33. 

Turechek, W.W., Webster, C.G., Duan, J., Roberts, P.D., Kousik, C.S., Adkins, S., 2013. 
The use of latent class analysis to estimate the sensitivities and specificities of 
diagnostic tests for Squash vein yellowing virus in cucurbit species when there is no 
gold standard. Phytopathology 103, 1243–1251. 

van Smeden, M., Naaktgeboren, C.A., Reitsma, J.B., Moons, K.G.M., de Groot, J.A.H., 
2013. Latent class models in diagnostic studies when there is no reference 
standard—a systematic review. Am. J. Epidemiol. 179, 423–431. 

Wallander, C., Frossling, J., Vagsholm, I., Burrells, A., Lunden, A., 2015. "Meat juice" is 
not a homogeneous serological matrix. Foodborne Pathog. Dis. 12, 280–288. 

A. Olsen et al.                                                                                                                                                                                                                                   

http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref1
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref1
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref1
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref1
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref2
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref2
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref2
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref2
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref3
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref3
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref3
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref3
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref3
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref4
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref4
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref5
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref6
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref6
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref6
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref7
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref7
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref8
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref9
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref9
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref9
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref10
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref10
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref10
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref11
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref11
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref11
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref11
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref12
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref12
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref12
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref13
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref13
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref13
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref14
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref14
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref14
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref15
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref15
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref16
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref16
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref17
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref17
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref17
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref18
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref18
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref19
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref19
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref20
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref20
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref21
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref21
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref21
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref21
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref22
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref22
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref22
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref23
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref23
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref24
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref24
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref24
https://cran.r-project.org/web/packages/PriorGen/index.html
https://cran.r-project.org/web/packages/PriorGen/index.html
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref25
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref25
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref25
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref25
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref26
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref26
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref26
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref26
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref26
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref27
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref27
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref27
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref28
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref28
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref28
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref29
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref29
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref29
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref29
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref29
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref30
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref30
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref30
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref30
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref31
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref31
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref31
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref32
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref32
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref32
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref33
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref33
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref33
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref34
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref34
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref35
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref35
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref35
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref36
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref36
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref36
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref36
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref36
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref37
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref37
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref37
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref37
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref38
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref38
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref38
https://www.R-project.org/
https://www.R-project.org/
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref39
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref39
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref40
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref40
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref40
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref40
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref41
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref41
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref41
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref41
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref41
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref42
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref42
https://www.thermofisher.com/content/dam/LifeTech/global/applied-sciences/pdfs/animal-health/animalhealth_flyer_preharvest_toxoplasma_CO016019.pdf
https://www.thermofisher.com/content/dam/LifeTech/global/applied-sciences/pdfs/animal-health/animalhealth_flyer_preharvest_toxoplasma_CO016019.pdf
https://www.thermofisher.com/content/dam/LifeTech/global/applied-sciences/pdfs/animal-health/animalhealth_flyer_preharvest_toxoplasma_CO016019.pdf
https://www.thermofisher.com/order/catalog/product/7610230#/7610230
https://www.thermofisher.com/order/catalog/product/7610230#/7610230
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref43
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref43
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref43
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref44
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref44
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref44
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref44
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref45
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref45
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref45
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref46
http://refhub.elsevier.com/S0167-5877(22)00039-3/sbref46

	Determination of an optimal ELISA cut-off for the diagnosis of Toxoplasma gondii infection in pigs using Bayesian latent cl ...
	1 Introduction
	2 Materials and methods
	2.1 Study population and sampling design
	2.2 Diagnostic tests
	2.3 Statistical analyses
	2.3.1 Latent class model and parameter estimation
	2.3.2 Estimation of posterior positive probability (PPP) values
	2.3.3 Selection of an optimal PP value for ELISA
	2.3.4 Reclassification of the ELISA results and rerunning the latent class model

	2.4 Sensitivity analyses

	3 Results
	3.1 Parameter estimates from the latent class model
	3.2 Estimated cut-off
	3.3 Sensitivity analyses
	3.4 Updated model results

	4 Discussion
	4.1 Relevance of the study
	4.2 Justification for the chosen methodology
	4.3 Comparison of sensitivity and specificity estimates with the other studies
	4.4 Comparison of the new cut-off (27.7 PP) with the manufacturer recommended cut-off (20 PP)

	5 Conclusions
	Funding
	Author contributions
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supporting information
	References


