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Abstract:

 A Bayesian inference model was introduced to estimate community prevalence of Schistosomiasis japonica infection based on the data of a large-scale survey of Schistosomiasis japonica in the lake region in Hubei Province. A multistage clusterrandom sampling approach was applied to the endemic villages in the lake regions of Hubei Province in 2011. IHA test and Kato-Katz test were applied for the detection of the S. japonica infection in the sampled population. Expert knowledge on sensitivities and specificities of IHA test and Kato-Katz test were collected based on a two-round interview. Prevalence of S. japonica infection was estimated by a Bayesian hierarchical model in two different situations. In Situation 1, Bayesian estimation used both IHA test data and Kato-Katz test data to estimate the prevalence of S. japonica. In Situation 2, only IHA test data was used for Bayesian estimation. Finally 14 cities and 46 villages from the lake regions of Hubei Province including 50,980 residents were sampled. Sensitivity and specificity for IHA test ranged from 80% to 90% and 70% to 80%, respectively. For the Kato-Katz test, sensitivity and specificity were from 20% to 70% and 90% to 100%, respectively. Similar estimated prevalence was obtained in the two situations. Estimated prevalence among sampled villages was almost below 13% in both situations and varied from 0.95% to 12.26% when only using data from the IHA test. The study indicated that it is feasible to apply IHA test only combining with Bayesian method to estimate the prevalence of S. japonica infection in large-scale surveys.
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1. Introduction

Schistosomiasis japonica is a major public health problem in China. In the past 60 years, China has made great efforts to control this serious endemic disease and made remarkable achievements. The number of infected people has decreased significantly, from 11.6 million in the 1950s to approximately 0.73 million in 2004 [1,2,3]. Data from the latest national epidemiologic survey showed that the average prevalence rate was 2.5% in all selected endemic areas and 5.1% in the areas where the transmission of S. japonica is uncontrolled [4]. In order to thoroughly eliminate S. japonica, a national program has conducted since 2004, which aims to control the prevalence of S. japonica infection below 5% in 2008 and 1% in 2015 in all epidemic communities [5]. To achieve this goal, estimating the real prevalence of S. japonica by simple and accurate diagnostic tests is of supreme importance, especially in areas of low prevalence.

In recent years, a large number of studies have focused on studying the diagnostic accuracy of S. japonica, prevalence estimates, which was mostly based on the assumption that the Kato-Katz result was the “gold standard” for the diagnosis of S. japonica infection [6,7,8,9]. However, with the decreasing intensity of transmission in endemic areas, this “gold standard” was not as precise and appropriate enough in low prevalence regions as it was in moderate and severe endemic areas [10,11,12]. Also, the sensitivity and specificity of immunodiagnostic tests like indirect hemagglutination assay (IHA) were decreasing in low prevalence of S. japonica infection areas, because most false negative results were obtained from patients with very low infection intensities (generally less than 20 eggs per gram of feces) by diagnosing the serum specimens [8,13]. Since sensitivity of test methods can be easily affected by certain factors like intensity of transmission, region and reagent type, serum reagents need to be standardized and test properties are supposed to be estimated taking into account these potential impact factors. Although IHA is widely used, it cannot distinguish current and cured infections, so additional Kato-Katz testing is typically relied upon.

Taking into account the fact that both Kato-Katz and IHA tests are already being used extensively, more appropriate statistical methods are urgently needed to deal with the disadvantages occurring in both tests. Bayesian analysis has been widely used in the research of parasitic disease, especially for prevalence estimation, as it can integrate both sensitivity and specificity of tests into analysis to improve the accuracy of estimation when prior information is available [7,10,11,12]. The two tests combined with Baysesian estimation can produce an estimate of S. japonica prevalence. The present study aims to estimate the prevalence of S. japonica infection in the lake region of Hubei Province by applying Bayesian methods in two situations. In Situation 1, Bayesian estimation used both IHA test data and Kato-Katz test data to estimate the prevalence of S. japonica. In Situation 2, only IHA test data was used for Bayesian estimation. We compared the prevalence of S. japonica infection in these two situations to verify whether it’s feasible for us to only use the IHA test to estimate the prevalence infection in S. japonica endemic areas.



2. Methods


2.1. Ethics Statement

Informed written consent was obtained from participants or a legal guardian of children aged under 18-years old. This study was approved by the Ethics Committee of School of Public Health, Wuhan University.



2.2. Kato-Katz and IHA

The Kato-Katz technique is a commonly used test for detecting schistosome eggs [14], because it is comparatively inexpensive, quantitative and easy to use. It is considered to be the reference standard for diagnosis of S. japonicum infections [13]. However, the sensitivity of Kato-Katz could be decreased in areas of low endemicity, especially for individuals with low egg burdens. Repeated stool collection and examination can improve the sensitivity of the Kato-Katz assay, but this process is more costly and labor intensive [15].

The IHA test is a kind of immunological techniques for S. japonicum antibody detection [16]. It is the most widely used assay in China because of its lack of technical problems, higher sensitivity and ease of use over stool examination. The IHA test is based on an indicator system that is composed of sheep red blood cell or human red blood cell with “O” blood type coated with soluble antigen extracted from S. japonicum eggs. More details about the IHA test can be found in previous studies [10,16].



2.3. Investigation of S. japonica Prevalence

A multistage cluster random sampling approach was applied to the endemic villages in the lake regions of Hubei Province in 2011 (Figure 1). In the first stage, 14 cities were randomly sampled from the formerly endemic lake regions. In the second stage, a cluster random sampling approach was applied and at least three villages were selected from each city. A random number table was applied at the beginning of the study to ensure cities and villages were randomly selected into the study after each sampled unit was assigned a specific number. In principle, it was required that the population of a sampled village should not be less than 1,000 residents, and all residents aged 5 to 65 years in a sampled village were asked to participate in the survey to ensure that the prevalence estimation was valid. In the present study, IHA examination was firstly used for the serological screening test for all sampled populations and the Kato-Katz test was then applied for individuals with positive IHA test results. The test results (positive or negative) of IHA and Kato-Katz were analyzed in our study. According to the definition of combined diagnostic for schistosomiasis infection [6,8,10], the prevalence of S. japonica was the proportion of people who are positive on both tests.

Figure 1. Sampled distribution of the study cities and villages in the lake region, Hubei Province, China.
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2.4. Sensitivities and Specificities of the Tests

Expert knowledge on the sensitivities and specificities of the IHA and the Kato-Katz test were collected through a two-round interview based on questionnaires. Experts from Institute of Parasitic Diseases, Centers of Disease Control and medical universities provided their estimated values including the average, minimum, maximum value of the sensitivity and specificity of IHA and the Kato-Katz test according to the questionnaire in the first round. Medians of the minima and maxima were computed for both the sensitivity and specificity of each test to form the range of the sensitivity and specificity for each test, and this range were sent back to experts using a semi-structured questionnaire for reference. In the second round, experts were asked to make a choice whether they agree with these given values. If not, they would be further asked to provide a reasonable 95% CI values in their opinions. Finally, we calculated the 95% Confidence Interval of the medians of values as prior ranges of test properties for Bayesian analysis.



2.5. Statistical Analysis


2.5.1. Traditional Statistics

Descriptive statistics were summarized for the population in each selected city and the prevalence of S. japonica infection using the combined diagnostic was calculated.



2.5.2. Prior Distribution

We assumed the prior distributions of the sensitivity and specificity of each test from expert knowledge were beta (α, β) distributions in the present study [17]. We set θ to be the prior mean value, which matched with the center of the range of the each test property, and set Sθ to be the prior standard deviation, which matched with one quarter of the range of each test property. Then we can calculate α and β values using the following formulae [18,19]:
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In addition, we assumed that we didn’t have any prior information of prevalence, which means we assumed the prior distribution of prevalence follows the beta(1,1) distribution.



2.5.3. Bayesian Statistics

A Bayesian Hierarchical model was applied to estimate the prevalence of S. japonica infection for each sampled village and resident city in two different situations, including using data from the combined IHA and Kato-Katz data, and data from the IHA test alone.

In Situation 1, data from the IHA and Kato-Katz combined diagnostic test was used to estimate the prevalence of S. japonica in each village as well as in each city on the assumption that the sensitivity and specificity of IHA and Kato-Katz test were the same in all villages. Independence between IHA and Kato-Katz test was also assumed due to the different detection techniques [8]. For the kth village:



Data are consistent with the following distributional assumptions:



t1k ~ Binomial(p1k, n1k)










t2k ~ Binomial(p2k, n2k)








Among the above:



p1k = Se1 × πk + (1 − Sp1) × (1 − πk)










p2k = Se1 × Se2 × πk + (1 − Sp1) × (1 – Sp2) × (1 − πk)/p1k








where n1k, t1k, n2k and t2k represent the number examined using IHA, number of positive IHA tests, the number of Kato-Katz examinations and number of positive Kato-Katz tests of the kth village (see Table 1), p1k, p2k and πk represented seroprevalence, prevalence of Kato-Katz in the positive IHA population and the prevalence of population. Se1 and Sp1 represented the sensitivities and specificities of IHA, Se2 and Sp2 represented the sensitivities and specificities of the Kato-Katz test. In theory, every positive IHA case would be examined by the Kato-Katz test, which means n2k should equal to t1k, while in fact, some positive IHA cases were not followed up and examined by the Kato-Katz method, therefore n2k was less slightly than t1k in our study.
Random effects including city and village were included in the model to reflect the data structure of the sampling method in this study:



 [image: Ijerph 10 02799 i004]








where 1 ≤ j(k) ≤ 14 is the city j associated with village k:
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where μk and τj represented the random effects of the village and city respectively and they were interpreted as the variation of prevalence of each village and each city.  [image: Ijerph 10 02799 i009] and  [image: Ijerph 10 02799 i010] accordingly represented the variance. The prevalence of S. japonica infection in each city could be calculated according to the random effects τj as follows:
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In Situation 2, the model assumption and the random effect were the same as those in Situation 1 except only data concerning the IHA test were used in this situation. In addition, formulae related to t2k and p2k are not needed. We assumed a non-informative prior distribution and inverted gamma distribution for the variance (i.e.,  [image: Ijerph 10 02799 i009] and  [image: Ijerph 10 02799 i010]) of each random effect.

Models were fitted in WinBUGS 1.4.1 and Markov chain Monte Carlo (MCMC) was employed to estimate all parameters [9]. Model convergence was evaluated by examining time series plot for each parameter and the Gelman-Rubin statistic. Finally, a sensitivity analysis was conducted by changing the prior parameters to check whether similar results were seen.




Table 1. Cross-classified data of IHA test and Kato-Katz test for the kth village.



	
IHA

	
Kato-Katz

	
Total




	
+

	
−






	
+

	
t2k

	
t1k − t2k

	
t1k




	
–

	

	
n1k − t1k




	
Total

	

	

	
n1k











3. Results

In total, 46 villages in 14 cities of China with 50,980 residents located in the lake regions were sampled. In the end, 93.1% of the residents (47,463/50,980) agreed to participate in the survey and received the IHA test examination. The total number of positive IHA tests was 3,912, of which, 89.8% (3,532/3,912) of the residents were then examined by the Kato-Katz test. The seroprevalence (i.e., via IHA testing) of S. japonica infection ranged from 1.3% to 15.8% for all sampled cities, 0.4% to 23.7% for all sampled villages. The prevalence of S. japonica infection by combined diagnostic tests was 0.3% to 2.1% for all sampled cities, and 0.1% to 2.9% for all sampled villages. The average seroprevalence was 8.2% and the average prevalence by combined diagnostic was 1.0% (see Table 2 and Figure 2(a)).

Figure 2. Estimated prevalence of infection for each village in the survey of S. japonica in Hubei Province, China, 2011. (a) Prevalence of infection was estimated using data from IHA test and Kato-Katz test. (Situation 1). (b) Prevalence of infection was estimated using data from the IHA test alone (Situation 2). Villages were ordered by ascending seroprevalence.
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Table 2. Prevalence of 14 cities by diagnosis of IHA and Kato-Katz in the survey of S. japonica in Hubei Province, China, 2011.



	
City

	
IHA Test

	
Kato-Katz Test




	
Detected Numbers

	
Positive Number

	
seroprevalence a

	
Detected Numbers

	
Positive Number

	
Prevalence of infection b






	
Caidian [1]

	
964

	
13

	
1.3

	
13

	
3

	
0.3




	
Chibi [2]

	
1,002

	
145

	
8.7

	
138

	
12

	
2.1




	
Gongan [3]

	
5,657

	
56

	
15.8

	
42

	
4

	
1.1




	
Hanchuan [4]

	
5,193

	
413

	
8.0

	
385

	
51

	
1.0




	
Honghu [5]

	
6,408

	
124

	
9.3

	
80

	
9

	
1.2




	
Jiayu [6]

	
1,592

	
894

	
5.2

	
880

	
63

	
1.1




	
Jiangling [7]

	
2,449

	
248

	
10.1

	
235

	
32

	
1.4




	
Jingzhou [8]

	
1,562

	
395

	
8.0

	
362

	
40

	
0.9




	
Qianjiang [9]

	
5,019

	
596

	
8.1

	
555

	
71

	
0.8




	
Shishou [10]

	
3,115

	
266

	
12.7

	
175

	
31

	
1.4




	
Songzi [11]

	
3,041

	
83

	
8.7

	
81

	
17

	
1.6




	
Xiantao [12]

	
6,823

	
87

	
2.7

	
38

	
9

	
0.8




	
Xiaonan [13]

	
915

	
182

	
6.1

	
177

	
51

	
0.5




	
Yangxin [14]

	
3,723

	
408

	
3.9

	
371

	
38

	
0.3




	
Total

	
47,463

	
3,912

	
8.2

	
3,532

	
432

	
1.0






a seroprevalence = (positive number of IHA /detected number of IHA); b prevalence = (positive number of IHA /detected number of IHA) × (positive number of Kato-Katz/ detected number of Kato-Katz test).








Eighteen experts were invited and 15 experts participated in this survey in both rounds. Table 3 shows the prior distributions of the sensitivity and specificity of the IHA test and the Kato-Katz test according to expert knowledge. The final 95% CI of sensitivity and specificity were (0.80, 0.90) and (0.70, 0.80) for the IHA, (0.20, 0.70) and (0.90, 1.00) for the Kato-Katz test, respectively. Parameters of the beta(α, β) prior distributions calculated upon the sensitivity and specificity of each test are shown in Table 2.


Table 3. Parameters of the beta(α, β) prior distributions for the sensitivities and specificities of IHA and Kato-Katz tests for S. japonica examination in the lake regions in Hubei, China.



	
Test

	
Sensitivity

	
Specificity




	
Range

	
α

	
β

	
Range

	
α

	
β






	
IHA

	
0.80–0.90

	
172.55

	
30.45

	
0.70–0.80

	
224.25

	
74.75




	
Kato-Katz

	
0.20–0.70

	
6.68

	
8.16

	
0.90–1.00

	
71.25

	
3.75











Figure 2 presents the median with 95% confidence intervals of estimated prevalence of S. japonica infection for each village in Situation 1 and Situation 2, which are generalized in Table 4. The posterior medians of the prevalence in the 46 sampled villages ranged from 0.32% to 12.13% with a median of 3.72% in Situation 1 and from 0.95% to 12.26% with a median of 4.50% in Situation 2. All estimated prevalence was smaller than the seroprevalence in the two situations (upper confidence interval was smaller than the corresponding seroprevalence). The estimated prevalence was higher than that calculated by the combined diagnostics in Situation 1. After compaing the 95% confidence intervals of estimated prevalence in the two situations (data not showed), found that the estimated prevalence in both situations appear be not significantly difference for almost all sampled villages (95% CI in the two situations overlapped, see Figure 2).


Table 4. Bayesian prevalence estimates (posterior median) of S. japonica infection within villages and cities, respectively, in the survey of S. japonica in Hubei Province, China, 2011.



	

	
Min

	
Q1

	
Median

	
Q3

	
Max






	
Village prevalence (%)




	
Situation 1 a

	
0.32

	
2.39

	
3.72

	
5.23

	
12.1




	
Situation 2 b

	
0.95

	
2.07

	
4.5

	
5.79

	
12.3




	
City prevalence (%)




	
Situation 1 a

	
2.39

	
2.51

	
3.54

	
4.17

	
6.72




	
Situation 2 b

	
1.52

	
2.41

	
4.06

	
4.72

	
7.26






a Prevalence of infection was estimated using data from the IHA test and Kato-Katz test. b Prevalence of infection was estimated using data from the IHA test alone.






Figure 3 presents the median with 95% confidence intervals of estimated prevalence of S. japonica infection for sampled 14 cities in Hubei province in Situation 1 and Situation 2, which were also summarized in Table 3. The posterior medians of the prevalence in 14 sampled cities ranged from 2.39% to 6.71% with a median of 3.54% in Situation 1 and from 1.52% to 7.26% with a median of 4.06% in Situation 2. The estimated prevalence for each city showed no significant difference between two situations since the 95% confidence intervals overlapped each other except that when estimated prevalence was extremely low (less than 2% as showed in the Figure 3). Sensitivity analysis results showed that the 95% confidence intervals of the prevalence were much broader when the range of the test properties were enlarged (table not shown).

Figure 3. Estimated prevalence of infection in each sampled city in the survey of S. japonica in Hubei Province, China, 2011. (a) Prevalence of infection was estimated using data from the IHA test and Kato-Katz test (Situation 1). (b) Prevalence of infection was estimated using data from the IHA test alone (Situation 2).
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4. Discussion and Study Limitations

The survey of S. japonica infection in the present study was conducted in low endemic areas and most previous studies were conducted in moderate and severe prevalence areas [6,12,20], therefore, the value of sensitivity and specificity of each test in previous publications were not adequate for the present study. Expert knowledge was then applied to provide accuracy to the test properties in this study. Experts would consider the potential impacts of factors on the accuracy of tests properties in the course of evaluating the value of sensitivity and specificity to ensure a relatively accurate range was obtained. Finally, the range of values of sensitivity and specificity we obtained by expert knowledge were narrower than those reported in the previous researches [6].

It’s difficult to obtain accurate prevalence levels by simply computing the ratio of the total number of positive cases among all selected subjects due to decreasing detection accuracy of standard diagnostic methods in low endemic areas. The Bayesian method has been successfully applied to estimate population prevalence and test properties in S. japonica researches when a “gold standard” is absent [4,19,21]. Traditionally, test properties were treated as constants for prevalence estimation, which led to the variability of prevalence estimates to be unavoidably underestimated [19]. The Bayesian approach treated the uncertainty of sensitivity and specificity as variable parameters and incorporated prior information into the prevalence estimation. In our study, we treated sensitivity and specificity of each test as variable parameters and brought them into the Bayesian models to estimate the prevalence of schistosomiasis infection. Compared with traditional methods, we could obtain a more accurate estimated prevalence by introducing prior information into the Bayesian model [18,21,22]. Sensitivity analysis results of this study supported the finding of previous research that when the range of test properties widened, 95% confidence intervals for the estimate prevalence of S. japonica infection becomes much broader [23]. We also used non-informative prior distributions for sensitivity and specificity obtaining broader 95% confidence intervals. Sensitivity analysis indicates that the estimated prevalence value were dependent to a certain extent on the prior information of test properties.

Previous research found that if the number of parameters estimated in a model is larger than the degrees of freedom measured by the data, then model non-identifiability occurs. As Branscum et al. and Toft et al. found [24,25], however, the problem mentioned above can be alleviated on the assumption that the test properties are the same among several different populations when having more than one population in a model, then the degrees of freedom will at least equal to the number of estimated parameters. In the present study, we hypothesized that the test properties were the same among all selected villages within each city in order to cut down the number of parameters and the prior distributions of test properties were derived from the experienced experts’ knowledge. Therefore, we elicited reliable prevalence estimates.

In the present study, we obtained similar prevalence estimates of S. japonica infection in the two situations, which means that it’s feasible to employ only IHA instead of a combination of IHA and the Kato-Katz test to estimate the prevalence of S. japonica infection. Compared with the Kato-Katz test, IHA could improve the compliance of residents, save costs and reduce the manpower needs in a large-scale survey.

Like all research, this study has some limitations. First, our analysis was based on the assumption that the sensitivity and specificity of each diagnostic test were the same in all villages. However, the accuracy of the diagnostic test may vary in different regions because of the impacts of intensity of transmission, region and reagent’s type. In our study, the sampled villages were close in terms of geographical environment and degree of infection for S. japonica and the reagents used for detection were also the same. All these factors mentioned above can reduce the difference of the accuracy of the detection method. Second, the estimated accuracy of prevalence of S. japonica infection mostly relied on the accuracy of the sensitivity and specificity of each test, but we couldn’t obtain an absolutely accurate range of the sensitivity and specificity of each diagnostic test in present study since the test properties would be easily affected by external factors. We chose to evaluate the test properties of the IHA and Kato-Katz tests by expert knowledge to obtain a reasonably accurate range value to estimate the prevalence of S. japonica infection and the results in the present study appear good. Third, in a large-scale survey, missing data is an inevitable phenomenon that may have an impact on the precision of the prevalence estimation of disease. In our study, nearly 9.7% residents taking the IHA test didn’t receive the Kato-Katz test, which was largely because some residents refused to provide stools, and some residents were absent during the period of stool sample collection. The missing data might affect our results to a certain extent, but the bias is likely slight because the proportion in such a large-scale survey was not big, and Bayesian statistics can deal with this kind of missing data. Fourth, when building the Bayesian model, we made the independence assumption of the tests due to the different detection techniques in our study, while Hanson et al. [26] found extreme dependence among serological and stool-based tests. The assumption of conditional dependence can severely bias prevalence estimates when independent assumption is not true. However, it’s difficult to determine the conditional dependence relationship between IHA and Kato-Katz in the absence of a diagnostic gold standard. The positive IHA test cases showed an extremely low probability of infection of Schistosomiasis japonica, and the specificity of the IHA test was high. We could basically ignore the Kato-Katz test effect when we got negative results by the IHA test in our study and made the independence assumption. However, to some extent, the independence assumption was somewhat subjective and performing a model selection based on the data to determine the model could improve future analysis.



5. Conclusions

Despite these limitations, we can still draw the conclusion that the Bayesian approach can be applied to estimate the prevalence of S. japonica infection when parasitological techniques serving as “gold standard” are not precise in low endemic areas. It’s possible for us to only apply the IHA test combined with the Bayesian method for the estimation of the prevalence of S. japonica infection in large-scale surveys in future.






Acknowledgements

We thank the staff of the CDC of Hubei Province for their great contributions on the data collection and management. We also thank the experts from the CDC of Hubei Province and professors from the medical universities involved for their valuable suggestions on test properties. This study has been funded by the National Science and Technology Major Projects in China (No. 2012ZX10004-909), National Natural Science Foundation of China (No. 30371254) and National Science and Technology Support Program in China (No. 2009BAI78B03).



Conflict of Interest

The authors declare no conflict of interest.



References


	1. 
Zhou, X.N.; Wang, T.P.; Wang, L.Y.; Guo, J.G.; Yu, Q.; Xu, J.; Wang, R.B.; Chen, Z.; Jia, T.W. The current status of schistosomisasis epidemics in China. Chin. J. Epidemiol. 2004, 25, 555–558. [Google Scholar]

	2. 
Zhou, X.N.; Wang, L.Y.; Chen, M.G.; Wu, X.H.; Jiang, Q.W.; Chen, X.Y.; Zheng, J.; Utzinger, J. The public health significance and control of schistosomiasis in China—Then and now. Acta Trop. 2005, 96, 97–105. [Google Scholar] [CrossRef]

	3. 
Zhou, X.N.; Guo, J.G.; Wu, X.H. Epidemiology of schistosomiasis in the People Republic of China. Emerg. Infect. Dis. 2007, 13, 1470–1476. [Google Scholar] [CrossRef]

	4. 
Li, S.Z.; Luz, A.; Wang, X.H.; Xu, L.L.; Wang, Q.; Qian, Y.J.; Wu, X.H.; Guo, J.G.; Xia, G.; Wang, L.Y.; Zhou, X.N. Schistosomiasis in China: Acute infections during 2005–2008. Chin. Med. J. 2009, 122, 1009–1014. [Google Scholar]

	5. 
Wang, X.H.; Wang, L.Y.; Xia, G.; Hao, Y.; Chin, D.P.; Zhou, X.N. A strategy to control transmission of Schistosomiasis japonicum in China. N. Engl. J. Med. 2009, 360, 121–128. [Google Scholar] [CrossRef]

	6. 
Zhu, H.P.; Yu, C.H.; Xia, X.; Dong, G.Y.; Tang, J.; Fang, L.; Du, Y.K. Assessing the diagnostic accuracy of immunodiagnostic techniques in the diagnosis of Schistosomiasis japonica, a meta-analysis. Parasitol. Res. 2010, 107, 1067–1073. [Google Scholar] [CrossRef]

	7. 
Dai, R.J.; Zhu, Y.C.; Liang, Y.S.; Zhao, S.; Li, H.J.; Xu, Y.L.; Hua, W.Q.; Cao, G.Q.; Xu, M. Study on scheme for screening schistosomiasis in low endemic areas. Chi. J. Sch. Con. 2004, 16, 13–15. [Google Scholar]

	8. 
Georgiadis, M.P.; Johnson, W.O.; Gardner, I.A.; Singh, R. Correlation adjusted estimation of sensitivity and specificity of two diagnostic tests. Appl. Stat. 2003, 52, 63–76. [Google Scholar]

	9. 
Smith, A.F.M.; Robert, G.O. Bayesian computation via the Gibbs sampler and related Marko chain Monte Carlo method. J. Roy. Stat. Soc. 1993, 55, 3–24. [Google Scholar]

	10. 
Yu, J.M.; Yuan, H.C.; Yang, Q.J.; de Vlas, S.J.; Gryseels, B. Comparison of common methods in field diagnosis of Schistosoma japonicum infection. Tongji Univ. 2001, 22, 1–4. [Google Scholar]

	11. 
Steinmann, P.; Zhou, X.N.; Matthys, B.; Li, Y.L.; Chen, S.R.; Yang, Z.; Fan, W.; Jia, T.W.; Vounatsou, P.; Utzinger, J. Spatial risk profiling of Schistosoma japonicum in Eryuan county, Yunnan province, China. Geospat. Health 2007, 2, 59–73. [Google Scholar]

	12. 
He, W.; Zhu, Y.C.; Liang, Y.S.; Dai, J.R.; Xu, M.; Tang, J.X.; Cao, G.Q.; Hua, W.Q.; Li, Y.L.; Yang, Z. Comparison of stool examination and immunodiagnosis for schistosomiasis. Chi. J. Sch. Con. 2007, 19, 107–109. [Google Scholar]

	13. 
Xu, J.; Peeling, R.W.; Chen, J.X.; Wu, X.H.; Wu, Z.D.; Wang, S.P.; Feng, T.; Chen, S.H.; Li, H.; Guo, J.G.; Zhou, X.N. Evaluation of immunoassays for the diagnosis of Schistosoma japonicum infection using archived sera. PLoS. Negl. Trop. Dis. 2011, 5. [Google Scholar] [CrossRef]

	14. 
Katz, N.; Chaves, A.; Pellegrino, J. A simple device for quantitative stool thick smear technique in Schistosomiasis mansoni. Rev. Inst. Med. Trop. 1972, 14, 397–400. [Google Scholar]

	15. 
Yu, J.M.; de Vlas, S.J.; Yuan, H.C.; Gryseels, B. Variations in faecal Schistosoma japonicum egg counts. Am. J. Trop. Med. Hyg. 1998, 59, 370–375. [Google Scholar]

	16. 
Wang, E.M.; Xu, Q.; Zhang, S.Q.; Zhang, L.S.; Xie, J.F.; Hao, X.J.; Xiao, X. Advance development of standardized indirect hemagglutination assay kit for detection of Schistosoma japonicum antibody. J. Pathogen. Biol. 2007, 2, 421–423. [Google Scholar]

	17. 
Willian, M.B. Introduction to Bayesian Statistics; Wiley: Hoboken, NJ, USA, 2004; pp. 129–146. [Google Scholar]

	18. 
Joseph, L.; Gyorkos, T.W.; Coupal, L. Bayesian estimation of disease prevalence and the parameters of diagnostic tests in the absence of a gold standard. Am. J. Epi. 1995, 141, 263–272. [Google Scholar]

	19. 
Mao, S.S. Bayesian Statistics, 2nd Ed. ed; Beijing Press: Beijng, China, 1999; pp. 20–23. [Google Scholar]

	20. 
Basanez, M.G.; Marshall, C.; Carabing, H.; Gyorkos, T.; Joseph, L. Bayesian statistics for pararsitologists. Trends Parasitol. 2004, 20, 85–91. [Google Scholar] [CrossRef]

	21. 
Carabin, H.; Marshall, C.M.; Joseph, L.; Riley, S.; Olveda, R.; McGarvey, S.T. Estimating the intensity of infection with Schistosoma japonicum in villagers of Leyte, Philippines. Part I: A Bayesian cumulative logit model. The schistosomiasis transmission and ecology project (STEP). Am. J. Trop. Med. Hyg. 2005, 72, 745–753. [Google Scholar]

	22. 
Schurink, C.A.; Lucas, P.J.; Hoepelman, I.M.; Bonten, M.J. Computer-assisted decision support for the diagnosis and treatment of infectious diseases in intensive care units. Lancet. Infect. Dis. 2005, 5, 305–312. [Google Scholar] [CrossRef]

	23. 
Wang, X.H.; Wu, X.H.; Zhou, X.N. Bayesian estimation of community prevalences of Schistosoma japnicum infection in China. Int. J. Parasitol. 2006, 36, 895–902. [Google Scholar] [CrossRef]

	24. 
Toft, N.; Jorgensen, E.; Hojsgaard, S. Diagnosing diagnostic tests: Evaluating the assumptions underlying the estimation of sensitivity and specificity in the absence of a gold standard. Prev. Vet. Med. 2005, 68, 19–33. [Google Scholar] [CrossRef]

	25. 
Branscum, A.J.; Gardner, I.A.; Johnson, W.O. Bayesian modeling of animal-level and herd-level prevalence. Prev. Vet. Med. 2004, 66, 101–112. [Google Scholar] [CrossRef]

	26. 
Hanson, T.E.; Johnson, W.O.; Gardner, I.A. Log-linear and logistic modeling of dependence among diagnostic tests. Prev. Vet. Med. 2000, 45, 123–137. [Google Scholar] [CrossRef]





© 2013 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution license (http://creativecommons.org/licenses/by/3.0/).







media/file4.png





nav.xhtml


  ijerph-10-02799


  
    		
      ijerph-10-02799
    


  




  





media/file1.png
=6(
a

o)
(-
B=

(1-0)86

-1
(1-0)6
S,

-1





media/file2.png





media/file7.png





media/file9.png
Prevalence(%)

(b)

Prevalence(%)

[6)

(8]

(7

9] [10
4 [5|] é %[ : %[ : [14])
(4]
£a3 I

(1 2 MT -
2507

[11]

&

Cities
(a)
(6]
(8]

(12)
(71 = (9] [10]
i (s)
4 14
(3] lll a4
= I
1 ':_l'I oo |
(2)
(13)

59

Cities

(b)






media/file5.png





media/file3.png
logit(7,) = 44,

it )
8,6~ N(z,), 57),

LT T O






media/file0.png
o
& |

Y
S
i X

[ samwte city —iilometers





media/file8.png
(a) 25

N
o

Prevalence (%)
-
o

(b) 25

-
o

-
o

Prevalence(%)

NI

4 Seroprevalence
- Estimated prevalence of infection
= Prevalence of infection by combined diagnosis

adanat

ahads

AAAL
aals

6 1

16

21

Villages

()

i

36

41

46

51

4 Seroprevalence
« Estimated prevalence of infection

A
“AA+

Villages
(b)





media/file6.png





