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Abstract

Objective: Equine Infectious Anemia (EIA) is caused by 
a retrovirus. The infected animal is the main source of the 
virus, and a laboratory diagnostic test is essential for the 
identification of infected horses when EIA cannot be defini-
tively diagnosed clinically. EIA can be diagnosed based on 
serology, and serology methods often have limitations due 
to the uncertainty of sensitivity and specificity estimates. 
Our aim was to investigate the accuracy of these serologi-
cal tests with a Bayesian model, as a gold standard for the 
identification of EIAV does not exist. 

Methods: Validation studies for serological tests for EIA 
diagnosis are necessary. Using ROC curve analysis, we exam-
ined three possible cut-off values, 0.220, 0.228 and 0.232, 
for the rgp90 ELISA. In this study, we performed a Bayesian 
analysis of diagnostic data from an enzyme-linked immuno-
sorbent assay (ELISA) of recombinant envelope glycoprotein 
gp90 and the classical agar gel immunodiffusion (AGID) test. 
For each scenario cut-off, we estimated the sensitivity and 
specificity of each test separately and of the two tests in 
combination. 

Results: The upper limits of the posterior equally tailed 
95% credible intervals for the Sensitivities (Se) and Speci-
ficities (Sp) of these two tests were as follows: AGID test 
alone, Se 85% and Sp 99%; ELISA alone, Se 99% and Sp 97%; 
and for the tests in combination, AGID test, Se 99% and Sp 
100%; and ELISA, Se 99% and Sp 97%.

Conclusion: In this study, the Bayesian method was 
found to be a valuable tool for estimating the sensitivities 
and specificities of ELISA and AGID tests. In addition, the 
combination of those two tests was found to have better 
diagnostic accuracy than either test alone.
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Introduction 

Equine Infectious Anemia (EIA) is caused by the lentivirus EIA 
virus (EIAV) of the Retroviridae family, which induces persistent 
infection in equids with recurrent cycles of viremia and fever 
episodes [1]. Blood from persistently infected horses is a poten-
tial the predominant source of EIAV transmission. EIA can be di-
agnosed using serology and molecular methods, and diagnosis 
is more difficult early in the course of infection because horses 
can be seronegative for up to 45 days post-infection [2].

According to the World Organization for Animal Health [3], 
Agar Gel Immune Diffusion (AGID) tests [2] and enzyme-linked 
immunosorbent assays (ELISAs) [4] are accurate, reliable tests 
for the detection of EIAV in horses, except in animals in the ear-
ly stages of infection and in foals of infected dams.

The OIE has recommended that a positive test result by ELISA 
should be retested using the AGID test to confirm EIA diagnosis. 
Both of these tests in series are needed to confirm the diagnosis 
of EIA because the high sensitivity of ELISA can result in false 
positive results [5]. 

However, the serological test currently used in many coun-
tries for EIA control programs, is the AGID test [6]. In the last 
few years, the detection of EIA antibodies by ELISA has been de-
scribed and used in some countries where this test is manufac-
tured under variety of formats, competitive and non-competi-
tive ELISAs [3], and validation studies have indicated agreement 
between the results of these ELISAs and the AGID assay. 

Among the test methods available for the diagnosis of EIA, 
both ELISA and AGID tests are considered suitable for determin-
ing if a population is free of infection, the efficiency of eradica-
tion policies and if an individual animal is free of infection. How-
ever, neither of the two tests is the ‘recommended method’ for 
these purposes in the OIE Terrestrial Manual [3]; thus, further 
study of the accuracy of these methods is warranted.

The globalization of trade in animals has resulted in efforts to 
improve and control the analytical and diagnostic quality of all 
tests because methods often have limitations due to the uncer-
tainty of sensitivity and specificity estimates [7, 8]. 

Diagnostic accuracy studies address how well a test identifies 
the condition of interest [9]. Therefore, statistical methods have 
been used to improve validation studies of diagnostic tests. Jo-
seph et al. [10] showed that a Bayesian approach can be used 
to obtain interpretable posterior distributions for all unknown 
parameters relative to a given prior distribution in the absence 
of a gold standard. Bayesian methods can be applied in many 
areas of scientific research, and in the last few years, the ap-
plication of Bayesian methods in the veterinary sciences, espe-
cially in the area of test validation, has increased [11-14]. 

Another statistical approach to improve validation studies 
is the receiver operating characteristic (ROC) curve. ROC plots 
can be used for the selection of an appropriate cut-off value 
for a test. In addition, ROC plots should be considered useful 
complements to estimates of sensitivity and specificity in test 
evaluation studies [15]. 

Our aim was to apply the statistical methods of the ROC curve 
and the Bayesian model to study the performance characteris-
tics (sensitivity and specificity) of rgp90 ELISA [16], a diagnostic 
test from Brazil, in relation to the reference AGID [2] assay. 

Methodology

Data under study

The data examined here included 1006 serological test re-
sults. The results were obtained from the Laboratório de Ret-
roviroses do Departamento de Medicina Veterinária Preventiva 
da Universidade Federal de Minas Gerais, Brazil. Equine serum 
samples were collected from the blood of EIAV naturally infect-
ed and uninfected equids from several areas of the State of Mi-
nas Gerais and examined by the classical method, AGID [2], and 
by rgp90 ELISA [16]. Blood samples for the diagnosis of equine 
infectious anemia were collected as part of the usual official 
scheme on farms, and animal welfare regulations were strictly 
respected. The collection protocol and study were approved by 
the Instituto Mineiro de Agropecuária and Escola de Veterinária 
da Universidade Federal de Minas Gerais.

Statistical analysis

Data were entered into Stata 10.0 (Stata Corporation, Col-
lege Station, Texas, USA) software, and ROC curve analysis was 
performed. The parameters (α, β) were obtained by a computer 
program written in S-Plus. The Bayesian analysis was performed 
using WinBUGS software [17]. For Bayesian inference, Bayes 
Diagnostic Tests [18] were interactively performed using Win-
BUGS, which is a software package used to calculate marginal 
Bayesian posterior distributions via Gibbs sampling when data 
are available from one, two or three diagnostic tests. 

ROC curve analysis

An Excel database containing results from the indirect rgp90 
ELISA and AGID test was sent from Laboratório de Retroviroses 
do Departamento de Medicina Veterinária Preventiva da Uni-
versidade Federal de Minas Gerais, Brazil. The indirect rgp90 
ELISA results were presented as optical densities (ODs). The 
AGID test results were reported as positive and negative. The 
Excel database was imported into Stata 10.0 software, and AGID 
test results were categorized as 0 (negative result) and 1 (posi-
tive result).

The rgp90 ELISA OD values ranged from 0.020 to 1.063 and 
were correlated with the results of the AGID (reference test) for 
the selection of the best rgp90 ELISA cut-off value. The com-
mand “roctab” [19] was used to perform nonparametric ROC 
analysis. The points on the nonparametric ROC curve were gen-
erated by using each outcome of the diagnostic test as a clas-
sification cutpoint and computing the corresponding sensitivity 
versus 1-specificity. The detail option was used to assess out-
puts in a table displaying the trade-off between sensitivity and 
specificity, the percentage of subjects correctly classified and 
the two likelihood ratios suggested by Choi [20], the likelihood 
ratio for a positive test result (LR+) and the likelihood ratio for a 
negative test result (LR-).

Thus, three cut-off values were selected, and the results 
cross-classified in a 2x2 table. The parameters used to select 
optical density cut-off values for the rgp90 ELISA for use in the 
Bayesian analysis were the maximum value of the sum of Se 
and Sp, a high level of correct classification of samples, a high 
LR+ and a lower LR- [21]. After the cut-off values were selected, 
the Bayesian analysis was performed. 
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Figure 1: ROC Analysis.

Estimation of Se and Sp using the bayesian model

Priors

A Bayesian model similar to that used by Joseph et al. [10] 
was used to estimate the sensitivities and the specificities of the 
rgp90 ELISA and AGID tests, as a gold standard for the identifica-
tion of EIAV does not exist.

Joseph et al. [10] stated that an important step in any Bayes-
ian analysis is obtaining a prior distribution. A review of the lit-
erature or an expert opinion can be used to obtain   beta prior 
distributions [22]. A beta distribution provides a flexible means 
of modeling uncertainty for parameters ranging from 0 to 1. The 
beta distribution is considered appropriate to model binomial 
probabilities, such as sensitivity and specificity [11,12].

The beta distribution has two shape parameters (α and β), 
and stochastic variability is often modeled using the equations 
α= K + 1 and β= n – K +1 [23]. In this study, the particular beta 
prior density for each test parameter was selected by match-
ing the center of the range with the mean of the beta distribu-
tion, α/ (α + β), and by matching the standard deviation of the 
beta distribution [11]. After creating all equally tailed 95 per-
cent probability intervals for the 2 x 2 table, the sensitivities and 
specificities for each selected cut-off value for rgp90 ELISA were 
determined. The ranges were used from Se = Sp= (0%-100%) for 
AGID test and Se = (94%-100%), (93%-98%), (90%-99%) and Sp 
= (95%-98%), (96%-97%), (96%-98%), respectively, for the three 
cut-offs, 0.220, 0.228 and 0.232. The sensitivities and specifici-
ties were simulated from the beta distributions with Se ~ beta 
(α, β) = (119.25, 3.89), (93.71, 4.11), and (93.30, 5.19) and from 
the beta distributions with Sp ~ beta (α, β) = (935.49, 35.23), 
(916.33, 35.23), and (919.23, 30.28), respectively, for the three 
cut-offs, 0.220, 0.228 and 0.232.  The prevalence (π) of the dis-
ease in the population was plotted with (α=β=1). The AGID test 
was performed with uniform beta distributions set to beta (1, 
1) for all parameters.

Model

In this study, the Bayesian model was applied to examine 
two diagnostic tests, neither of which were considered the gold 
standard. The likelihood function to produce update distribu-
tion for parameters of interest [24] was used to derive posterior 
distributions using Bayes theorem. The methods used here can 
be applied when the results of two diagnostic tests for the same 
disease are available on a randomly selected sample of subjects 
and when neither test is considered to be the gold standard. 
The Bayesian model was used to determine the marginal pos-
terior densities that provide complete information about  the 
sensitivities, S1 and S2, specificities, C1 and C2, and positive (PPV) 
and negative (NPV) predictive values of each test. Details are 
given in Joseph et al. [10].

After prior values for the parameters of prevalence, sensitiv-
ity and specificity were entered for each test, we entered the 
number of patients with each combination of test results (with 
the three different cut-offs). We used initial values generated by 
Win BUGS and ran only one Markov Chain (software packages 
are available at http:www.medicine.mcgill.ca/joseph).

For the analyses presented in this paper, the Gibbs sampler 
was run for 20,500 cycles; the first 500 cycles (“burn-in” period) 
were used to assess convergence, and the last 20,000 cycles 
were used for inference. The Gibbs sampler was used to obtain 
numerical approximations of exact posterior inference. Con-

vergence was assessed by considering plots of running means 
of the parameters of interest and was determined when these 
plots stabilized after a certain number of samples [24]. We used 
Gardner [11] and Enoe [24] as sources of information for the 
technical details of the Gibbs sampler.

The analyses were run using data from each diagnostic test 
alone and from the combination of the two tests. Each analysis 
was repeated from several different starting values, and conver-
gence was assumed only if all runs provided very similar pos-
terior distributions. Thus, summaries of the marginal posterior 
densities for the prevalence of EIA and the properties of the 
diagnostic tests (S1, S2, C1, C2, PPV1, PPV2, NPV1, NPV2) in the ab-
sence of a gold standard diagnostic test were obtained.

Results 

ROC analysis

The adjustments of all values for sensitivity versus 1-speci-
ficity are shown in Figure 1. The optical density values between 
0.220 and 0.232 were the points on the ROC curve with closest 
relative coordinates (0,1). The area under the ROC curve (AUC) 
indicated that the rgp90 ELISA was 98.2% accurate.

Trade-off

A total of 244 cutpoints and the discriminatory character-
istics (Se, Sp, Correctly Classified, LR+, LR-) from 1006 rgp 90 
ELISA ODs were obtained by ROC analysis (data not shown). Of 
these, 24 of the trade-off results, those ranging from 0.020 to 
0.268 were summarized. Each cutpoint corresponds to a point 
on the nonparametric ROC curve. The last cutpoint (> 0.268) 
corresponds to the point at (0,0). The optical density cut-off val-
ues for rgp90 ELISA were 0.220, 0.228 and 0.232 and for the 
1006 samples, those cut-off values corresponded with sums of 
Se and Sp of 177.56, 171.22 and 164.67, respectively, with a 
high level of correct classification of samples, a high LR+ and 
a lower LR-. Variations from 97.27% to 97.49% were observed 
in the correctly classified results. Se ranged from 80.00% to 
66.67%, and Sp values of 97.56% and 98.00% were found. The 
values of LR + ranged from 32.72 to 33.3 and the values of LR- 
ranged from 0.20 to 0.34. For OD cut-off values between 0.160 
and 0.200, the sums of Se and Sp ranged from 181.23 to 182.89. 
For the OD cut-off values below 0.140, the sums of Se and Sp 
ranged from 100.00 to 168.39.

Summary of 1006 serological tests

Table 1  summarizes the test results for the rgp90 ELISA and 
AGID test, with the application of three cut-off values. The re-
sults obtained for 1006 samples tested by rgp90 ELISA using 
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each cut-off value were as follows. For the 0.220 cut-off, 92 
samples were concordantly positive and 878 were concordantly 
negative; the remaining 36 samples showed discordant results. 
For the 0.228 cut-off, 91 samples were concordantly positive 
and 881 were concordantly negative; the remaining 34 samples 
showed discordant results. For the 0.232 cut-off, 90 samples 
were concordantly positive and 882 were concordantly nega-
tive; the remaining 34 samples showed discordant results. 

Posterior credible intervals for parameters

The upper limits of the posterior equally tailed 95% credible 
intervals for the sensitivities (Se) and specificities (Sp) were as 
follows: AGID test alone, Se 85.1% and Sp 99.3%; ELISA alone, Se 
99.1% and Sp 97.4%; and for the tests in combination, AGID test, 
Se 99.7% and Sp 100%; and ELISA, Se 99.2% and Sp 97.0%.

Discussion 

According to Florkowski [9], the diagnostic parameters of 
a test are not intrinsic properties of the test and are critically 
dependent upon the clinical context within which they are em-
ployed. In addition, different laboratories may have different 
test sensitivities and specificities depending of the available 
equipment and the level of expertise of the persons perform-
ing the test [10]. Therefore, it is essential that proper evalua-
tions of tests are conducted. The performance characteristics 
of an assay must be known in order to determine the suitability 
of its potential application for a particular purpose [25]. In this 
study, we analyzed the rgp90 ELISA and AGID test with 1006 
samples from naturally EIAV infected animals. An advanced sta-
tistical approach was used to evaluate these diagnostic tests. 
There is agreement in the literature [13, 26, 27] that Bayesian 
model provides important evidence of validity, which increases 
the credibility of this model.

In this study, the specificity of rgp90 ELISA alone had a 95 
percent credible interval of 0.95-0.97 (specificities were similar 
for the three cut-offs, 0.220, 0.228 and 0.232), and the conver-
gence point of the sensitivity of rgp90 ELISA was 0.93 to 0.90 
and 0.89 (sensitivities were different for the three cut-offs, 
0.220, 0.228 and 0.232). Using the cut-offs 0.220 and 0.228, 
the 95 percent posterior credible intervals for the sensitivity 
(0.94-0.99) and specificity (0.96-0.97) for both tests in combi-
nation were equivalent and that for the sensitivity (0.91-0.98) 
with the 0.232 cut-off was lower than that with the other two 
cutpoints. The upper limit of the posterior equally tailed 95% 
credible interval for the sensitivity of the AGID test alone was 
0.85. In accordance with the results of Scicluna [28], the AGID 
test for the identification of EIAV in equids can generate some 
false negative results.  

Since 1987, the some authors have studied the use of a com-
bination of tests to improve the accuracy of the diagnosis of 
EIA [29,30,31]. A combination of tests uses the increased power 
of ELISA test on negative samples and the increased power of 
the AGID test for positive samples [32]. With this interpreta-
tion series, only animals that tested positive by both tests were 
considered positive for EIAV [21].  Issel [32] tested the utility of 
a combination, using ELISA test first, followed by AGID test and 
the use of immunoblot tests with the samples that were posi-
tive by ELISA test and that were negative by the AGID test.

In a study by Scicluna et al.[28], the series of examinations 
used with different serological tests was especially relevant, not 
only in the final phases of the eradication of the infection when 
the probability of recent infections is higher but also for the di-

agnosis of equids with constant weak-positive to null AGID test 
reactivities.

The statistical model applied in this study indicated that 
both tests are considered equally imperfect [26]. The AGID test 
remains the gold standard serology test for EIA because of its 
proven correlation with results in horse inoculation tests for EIA 
[32]. However, the results of this study indicate that AGID tests 
generate false negative results. Issel et al. [32] found EIAV ge-
netic sequences in a number of persistently infected horses and 
mules whose serums were interpreted as negative/equivocal by 
the AGID test and as positive by more than one ELISA test and 
by immunoblot tests. 

The traditional method for assessing a new test is to com-
pare it to a gold standard. Because of practical difficulties, how-
ever, we must often use the accepted diagnostic method, which 
might be closer to a “bronze” standard. This can produce con-
siderable difficulties in test evaluation [21]. Thus, researchers 
have begun to use statistical analyses to help estimate the test 
characteristics in the absence of a gold standard. Bayesian in-
ference approaches have been applied to estimate test perfor-
mance in the absence of a gold standard in many studies [10,13, 
24].	

Our study used a Bayesian model in the absence of gold 
standard to determine the performance characteristics of two 
assays. Traditionally, the tests were considered conditionally 
independent. However, for Gardner et al. [33], the two test 
outcomes for a given animal are likely to be correlated if both 
tests measure a similar biological phenomenon. In this study, 
the authors considered the two tests to be conditionally inde-
pendent when the sensitivity or specificity of the second test 
did not depend on the results of the first test among infected 
or non-infected individuals. Rahman [27] evaluated the sensi-
tivities and specificities of multiple indirect ELISA tests in the 
absence of gold standard. As none of the three tests examined 
were considered a gold standard, and the tests were not condi-
tionally independent, constraints were necessarily imposed on 
a subset of the parameters.

Another statistical tool used in this study was the ROC curve. 
In the graph of sensitivity versus 1-specificity, the three operat-
ing points (0.220, 0.228 and 0.232) were the coordinates that 
were the closest on the ROC curve (0,1). Based on Gardner and 
Greiner [15], the ROC curve was used in this study to facilitate 
the analysis of the results of a test obtained by different stud-
ies.

The study of the trade-off between Se and Sp with cut-off 
values of 0.228 and 0.232 showed an increase of correctly clas-
sified samples of 97.49% and increases in specificity of 97.89% 
and 98.00%, respectively. Additionally, sensitivity decreased 
from 80.00% (cut-off 0.220) to 73.33% (cut-off 0.228) and 
66.67% (cut-off 0.232). Despite the advantages of the cut-off of 
0.232, 97.49% correct classification and 98.00% specificity, the 
loss of sensitivity with this cut-off value suggests an increase in 
the rate of false negative classification. Raising the cut-off in-
creases Sp (less false positives) and decreases Se (more false 
negatives). Lowering the cut-off value has the opposite effect. 
Thus, which cut-off to use depends on the relative seriousness 
of a false negative versus a false positive test result [21].

Although the sum of Se and Sp was 181.23 and 182.89 more 
than those with the cut-offs 0.220, 0.228 and 0.232, the per-
centage of correctly classified samples decreased from 97.27% 
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(0.220) to 96.07% (0.200) and 83.00% (0.160). The percentage 
of correctly classified samples with cut-offs below 0.200 (0.200 
to 0.160) was 13.07% more than with higher cut-off values 
(1.42%). In addition, the LR+ decreased from 32.72 (0.220) to 
22.94 (0.200) and 5.32 (0.160) with the cut-offs 0.220, 0.228 
and 0.232, respectively, suggesting a decrease in the ratio of the 
probability of a positive test among the truly positive subjects 
to the probability of a positive test among the truly negative 
subjects [20]. For example, the selection of a cut-off >= 0.160 
indicates that all samples with OD 0.160 or greater are classi-
fied as positive. Consequently, all positive samples are correctly 
classified (sensitivity= 100%), but not all negative samples are 
classified correctly (specificity= 81.23%). Using this cut-off val-
ue, 83.00% of the 1006 samples were correctly classified. How-
ever, the LR+ with this cut-off value was low (5.32).

The 2 x 2 table shows that increasing the optical density cut-
off amplifies the agreement of negative results for the AGID test 
and rgp90 ELISA from 878 to 881 or 882 (Table 1). The Bayes-
ian analysis of the results of ELISA alone with the cut-off 0.228 
showed a positive predictive value (PPV) of 0.755 and negative 
predictive value (NPV) of 0.995, which were both better than 
those with the other cut-offs (0.220 and 0.232).

The level of agreement between the two tests was high 
(97%, 972/1006) (Table 1). The apparent prevalence was 9.44%. 
However, in the Bayesian model, the medians of the prevalence 
of disease for the two tests were different (AGID π = 0.498 and 
rgp90 ELISA (π= 0.095). This result can be explained by the fact 
that the prevalence (π) of the disease in the population was 
plotted with (α=β=1) for the two tests. In others words, a uni-
form a priori was used [10].

Furthermore, the AGID test was performed with uniform 
beta distributions set to beta (1,1) for all parameters. This dis-
tribution was used to evaluate the upper limits of the posterior 
equally tailed 95% credible intervals for the parameters of the 
AGID test. The application of these methods results in 95% in-
tervals that include the uncertainty inherent in the parameters 
of the test [18].

Conclusions

In this study, the Bayesian method was a valuable tool for 
estimating the uncertainty of the sensitivities and specificities 
of diagnostic tests. In addition, the results from the combina-
tion of the two tests showed better diagnostic accuracy than 
either test alone. 

The use of the ROC curve and the Bayesian model in se-
quence can enhance the assessment of the accuracy of the 
rgp90 ELISA.
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