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Live bird markets (LBMs) are major targets for avian influenza virus (AlV) surveillance programmes.
While sampling the LBM environment has become a widely used alternative to the labour-intensive
sampling of live poultry, the design of surveillance programmes and the interpretation of their results
are compromised by the lack of knowledge about the effectiveness of these sampling strategies. We
used latent class models and a unique empirical dataset collated in Vietnamese LBMs to estimate the
sensitivity and specificity of five different sample types for detecting AlVs subtypes H5N1 and H5N6:
oropharyngeal duck samples, solid and liquid wastes, poultry drinking water and faeces. Results
suggest that the sensitivity of environmental samples for detecting H5N1 viruses is equivalent to that
of oropharyngeal duck samples; however, taking oropharyngeal duck samples was estimated to be
more effective in detecting H5N6 viruses than taking any of the four environmental samples. This study
also stressed that the specificity of the current surveillance strategy in LBMs was not optimal leading to
some false positive LBMs. Using simulations, we identified 42 sampling strategies more parsimonious
than the current strategy and expected to be highly sensitive for both viruses at the LBM level. All of
these strategies involved the collection of both environmental and oropharyngeal duck samples.

Highly pathogenic avian influenza (HPAI) viruses continue to threaten local economies, famers’ livelihood and
food security in countries where they are considered endemic such as China, Vietnam, Egypt or Bangladesh!™.
They are also a threat to HPAI-free countries where they may be introduced and cause epidemics, as recently
experienced in Europe®. Due to their potential to reassort with human influenza viruses, some avian influenza
viral strains are also a serious threat to public health®. For these reasons, monitoring the circulation of avian influ-
enza viruses (AIVs) is of paramount importance.

It is now widely acknowledged that trade of live birds plays a major role in the spread of AIVs. Live-bird mar-
kets (LBMs) have regularly been found contaminated in endemic contexts’~'? and it has often been stressed that
AlVs are more frequently detected in LBMs than in farms!?. Therefore, they represent a prime location where
implementing surveillance activities is extremely convenient. In addition, LBMs pose a real threat to public health
as they may promote both the amplification of the virus and close contacts between poultry and humans”'*15,
Consequently, LBMs are locations where implementing appropriate targeted interventions can be highly effective
for preventing disease spread along the trading network and mitigating the public health risk posed by AIVs!®',

Surveillance for AIVs in LBMs is often conducted by collecting oropharyngeal or cloacal swabs directly from
the live poultry sold in these markets®1%18-20, However, sampling live birds is generally poorly accepted by farm-
ers and traders??, as it may create fear among customers about the health status of sampled birds and therefore
decrease the economic value of these animals. Environmental samples, involving the collection of materials such
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as faeces or dust, allow the detection of various AIV subtypes in contaminated LBM and are therefore often con-
sidered as a useful alternative to oropharyngeal or cloacal bird samples'®!12324,

In a context of limited budgets allocated to infectious disease surveillance, the scientific community regularly
stresses the need to optimise the monitoring of AIVs in LBMs by identifying the materials most likely to test
positive in contaminated LBMs!%?! and designing more sensitive diagnostic tools*>. Knowing the performance
of different sample types for detecting AIVs is crucially important for both designing optimised surveillance
strategies in LBMs and interpreting surveillance outcomes while accounting for imperfect detection processes.
Despite the growing popularity of environmental samples for detecting AIVs, there is no quantitative evidence of
the effectiveness of different environmental sampling strategies in comparison to live bird sampling. As an illus-
tration, Chen et al.!?> showed that the overall proportion of H7N9-positive samples collected over 11 months in
50 surveillance sites (including 42 LBM and 8 farms) from Guangzhou, China, was significantly higher amongst
environmental samples than live poultry samples. However, the methodological framework used to generate
these results could not account for the presence of false positives, false negatives nor for potential dependence
between sample types. Therefore, authors could not infer quantitative estimates of the effectiveness of each strat-
egy in identifying contaminated LBMs.

In this paper, we present a robust statistical framework relying on latent class models for analysing the out-
comes of complex surveillance programmes that use several sample types for detecting AIVs in LBMs. We
illustrate the approach using empirical data generated by the Vietnamese surveillance programme, for which
oropharyngeal duck samples and four different types of environmental samples were collected to monitor the cir-
culation of HPAI H5N1 and H5N6 subtypes in LBMs over a 14-month period. The objectives of the study were 1)
to estimate quantitatively the effectiveness of these different sample types for detecting these two HPAI subtypes
and 2) to identify the optimal combinations of sample types that maximise the detectability of both H5N1 and
H5NG6 subtypes in Vietnamese LBM while minimising the number of collected samples.

Material and Method

Ethics statement. The duck sampling protocol was approved by the Department of Animal Health of
the Vietnamese Ministry of Agriculture and Rural Development (MARD) and carried out in accordance with
licences from the MARD.

Live-bird market survey. As part of the avian influenza virus national surveillance plan, the Department
of Animal Health of the Ministry of Agriculture in Vietnam implemented a nation-wide LBM survey between
November 2014 and December 2015 and visited 140 markets distributed all across the country (Fig. 1). To be
included in the survey, LBMs were required to have at least 6 duck vendors.

In each visited LBM, five different sample types were collected as follows: 30 oropharyngeal duck samples, 10
solid waste samples, 10 liquid waste samples, 5 drinking water samples and 5 fresh faeces samples (Table 1). The
oropharyngeal duck samples were collected amongst 6 randomly selected duck vendors, with five ducks being
sampled per vendor. Samples were pooled by five, respective to their type, directly in the market. Consequently,
there were 12 pooled samples per visited LBM. Because a pooled sample is the unit of the analysis, in the sub-
sequent sections of the manuscript, we refer to them simply as the “samples”. All samples were screened for the
influenza A matrix gene using rRT-PCR at the closest regional veterinary laboratory; all positive samples were
then tested for the H5 gene; finally, all H5-positive samples were tested for N1 and N6 genes. LBM visits for
which the number of collected samples per sample type was less than expected (Table 1) were discarded from the
analyses.

The survey was primarily designed as a longitudinal study, so most LBMs were visited at least twice during
the survey period. Consequently, to avoid dependence between observations, successive visits of the same market
were included in the analysis only if they were implemented at least 10 days apart from each other. Otherwise,
only the first of the two visits was included in the analysis. This assumption was considered to be acceptable since
(i) the poultry population turnover in LBMs is sufficient for assuming that the viral circulation could not be main-
tained amongst the birds during more than a few days, (ii) avian influenza viruses are unlikely to persist for that
amount of time in such environment*>?’. The influence of this assumption on the study results was assessed in a
sensitivity analysis by using 15 and 20 days instead of 10.

For a given virus subtype (H5N1 or H5N6) and a given visit, a LBM was considered to have been detected
as contaminated by the duck sampling protocol if at least one of the six oropharyngeal duck samples was tested
positive for that subtype. Similarly, a LBM was considered to have been detected as contaminated by the solid
waste sampling protocol if at least one of the two solid waste samples was tested positive. Consequently, a LBM
was considered to have been detected as contaminated by both the duck sampling protocol and the solid waste
sampling protocol if at least one of the six duck samples and at least one of the two solid waste samples were tested
positive. All cross-detection combinations between the five sample types were defined similarly.

Latent class analysis. The latent class modelling approach that was used to model the outcome of the LBM
survey has been extensively applied to analyse cross-detection of individuals whose true epidemiological sta-
tus (infected or non-infected) is assessed using at least two imperfect diagnostic tests of unknown sensitivity
and specificity?®-!. In this study, we adapted this classic modelling approach to analyse cross-detection of LBMs
whose true epidemiological status (presence or absence of HSN1 or H5NG6 virus) was assessed using five different
imperfect observation processes (based on five different sample types) of unknown sensitivity (defined as the
probability of detecting the virus given it is present in a LBM) and specificity (defined as the probability of not
detecting the virus given it is absent from a LBM).

Let D be the true (and unobserved) epidemiological status of a LBM at the time of the visit such that D=1 if
the LBM is contaminated, i.e. if at least one bird is infected by the AIV strain of interest or if the virus is present in
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Figure 1. Spatial distribution of the live bird markets involved in the avian influenza surveillance activities
in Vietnam between November 2014 and December 2015. Red dots represent the selected LBMs, Vietnam is
shaded in light brown while the sea is highlighted in light blue. This figure has been produced using ArcMap
version 10.1*.

1 Duck Oropharyngeal swab 30 6
2 Solid waste Swab of dust taken on the floor of poultry cages | 10 2
3 Liquid waste Swab of waste water taken in drain channels 10 2
4 Drinking water Swab of drinking water in water troughs 5 1
5 Faeces Swab of fresh faeces taken in duck resting areas | 5 1

Table 1. Description of the five sampling protocols implemented in each Vietnamese live-bird market involved
in the surveillance activities between November 2014 and December 2015.

the LBM environment and D =0 otherwise. The prevalence  is defined as the probability that a LBM is truly con-
taminated at the time of the visit, which corresponds to the proportion of contaminated LBMs in the population
of LBMs under study at the time of the visit, i.e. n=P(D =1). Let T; be the test result for the ith sampling protocol
(i=1,2,... 5), such that T;=1 denotes that at least one sample of type i is tested positive, and T;= 0 denotes that
all samples of type i are tested negative. The sensitivity of the sampling protocol i (Se;) is the conditional probabil-
ity that at least one sample taken as part of the ith sampling protocol in a contaminated market is tested positive,
ie. Se;=P(Ti=1|D=1). Similarly, the specificity of the ith sampling protocol (Sp;) is the conditional probability
that all samples taken as part of this sampling protocol in a non-contaminated market are tested negative, i.e.
Sp;=P(Ti=0 | D=0). For a given sampling protocol i, Se; and Sp; can be expressed as follows:

Sei =1- (1 - Sei_sample)n
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0 0 0 0 0 204 189-209 187 172-195
1 0 0 0 0 10 5-18 20 13-29
0 1 0 0 0 2 0-6 1 0-5
0 0 1 0 0 5 2-11 3 1-8
0 0 0 1 0 0 0-4 0 0-2
0 0 0 0 1 1 0-5 1 1-4
1 1 0 0 0 0 0-3 5 1-7
1 0 1 0 0 2 0-4 2 1-5
1 0 0 1 0 1 0-2 1 0-1
1 0 0 0 1 1 0-2 0 0-1
0 1 1 0 0 0 0-1 0 0-1
0 1 0 1 0 1 0-1 0 0-0
0 1 0 0 1 0 0-1 0 0-0
0 0 1 1 0 1 0-1 1 0-3
0 0 1 0 1 0 0-1 0 0-0
0 0 0 1 1 0 0-2 0 0-0
1 1 1 0 0 1 0-1 5 2-9
1 1 0 1 0 0 0-1 0 0-3
1 1 0 0 1 1 0-1 0 0-2
1 0 1 1 0 0 0-1 1 0-2
1 0 1 0 1 0 0-1 0 0-1
1 0 0 1 1 0 0-1 0 0-0
0 1 1 1 0 0 0-0 0 0-0
0 1 1 0 1 0 0-0 0 0-0
0 1 0 1 1 0 0-0 0 0-0
0 0 1 1 1 0 0-0 0 0-0
1 1 1 1 0 0 0-1 1 0-4
1 1 1 0 1 0 0-1 1 0-2
1 1 0 1 1 0 0-1 0 0-1
1 0 1 1 1 0 0-1 0 0

0 1 1 1 1 0 0-0 0 0

1 1 1 1 1 0 0-0 1 0-1

Table 2. Distribution of the 32 cross-classified results of the five sampling protocols for H5N1 and H5N6
subtypes. The predicted values correspond to the 95% credible interval of the posterior distributions rounded
to the nearest unit, as predicted by the best-fit Bayesian latent-class models. “The best-fit model for H5N1 did
not include any interaction between any of the sampling protocols. “"The best fit model for H5N6 included a
positive interaction between the liquid waste and the drinking water sampling protocols in non-contaminated
live bird markets.

n

Spi = Spi_sample

with n being the number of samples taken as part of the ith sampling protocol (see Table 1) and Se;_smpie
(respectively Sp; mpi.) being the sensitivity (resp. specificity) of the ith sampling protocol at the sample level,
i.e. the conditional probability that a sample taken as part of the ith sampling protocol in a contaminated (resp.
non-contaminated) LBM is tested positive (resp. negative). This formulation allowed us to account for the varying
number of samples between sampling protocols. It is worth noting that (i) Se;_gmple can be seen as a combination
of the probability that a sample collected as part of the i sampling protocol in a contaminated LBM is contam-
inated and of the intrinsic sensitivity and specificity of the diagnostic test used on that sample type, and (ii) that
SPi_sample 18 €quivalent to the intrinsic specificity of the diagnostic test used.

The observed frequency of the 2° =32 different combinations of test results (Table 2) was assumed to be
distributed according to a multinomial distribution of parameters N =230 visited markets and 32 probabilities
expressed as a combination of T, Se;_gmple a1d SP;_gumpie- Conditional dependence between specific sampling pro-
tocols in contaminated and non-contaminated markets was modelled by adding covP and covN, respectively,
which are parameters that correspond to the covariance between the two assumed-dependent sampling proto-
cols, as described in Dendulkuri and Joseph (2001)*. As an illustration, the model accounting for an interaction
between the sampling protocols 1 and 2 is given as a Supplementary Methods.
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The analyses were performed independently for H5N1 and H5N6 in a Bayesian framework using the
WinBUGS software®* embedded in the R software** by the R2ZWinBUGS library*. We assumed Uniform(0, 1)
as prior distributions for w and the Se; (.. parameters. Since the rRT-PCR testing was considered to be highly
specific (i.e. non-contaminated samples are very likely to test negative), Sp; smple Parameters were assigned a beta
prior distribution defined such that its 5% percentile was equal to 80%, and its median to 98%. The covariance
terms (covP and covN) were given uniform distributions whose parameters were specified as in Dendulkuri and
Joseph (2001)*2. As an illustration, the covariance terms between protocols 1 and 2 in contaminated markets and
non-conaminated markets (covP,, and covN,, respectively) were given uniform distributions defined by:

covP,, ~ Uniform (max(—(1 — Sel) * (1 — Se2), —Sel * Se2),
min(Sel = (1 — Se2), Sel * (1 — Se2)))

and

covN,, ~ Uniform (max(—(1 — Sp1) = (1 — Sp2), —Spl * Sp2),
min(Spl * (1 — Sp2), Spl = (1 — Sp2)))

We ran two simulation chains of 100,000 iterations whose convergence and mixing were assessed by check-
ing the trace plots for all monitored parameters and calculating the Gelman-Rubin convergence statistics®. The
first 5,000 iterations were discarded to allow for burn-in of the chains and the chains were thinned, taking every
hundredth sample to reduce autocorrelation amongst the samples. For both H5N1 and H5N6 subtypes, signif-
icant pair-wise interactions were selected following a stepwise forward selection procedure using the Deviance
Information Criterion (DIC). The DIC is based on a trade-off between the fit and the complexity of the model. It is
generally accepted that models with smaller DIC are better supported by the data. The best model was considered
to be the most parsimonious model whose DIC was less than two points greater than that of the model associated
with the smallest DIC”.

Results

A total of 15,180 individual samples were collected during the study period, generating 3036 (pooled-by-five)
samples that were tested for the presence of H5N1 and H5N6 RNA. Most visits occurred in November and
December 2014 (39% of the visits) and July and August 2015 (55%). After discarding consecutive visits happen-
ing less than 10 days apart from each other, the LBM survey resulted in 230 visits (88%) in which the desired
sample size was achieved (i.e. 12 pooled samples were collected as described in Table 1), with 43, 46, 21, 3 and 4
LBMs having been visited once, twice, three times, four times and five times across the study period, respectively.
Amongst the 230 visits, 26 (11%) and 43 (19%) resulted in a positive test result in at least one of the five sampling
protocols for H5N1 and H5N6 subtypes, respectively. Five visits (2%) resulted in positive test results for both
subtypes, suggesting that the apparent contamination status of a LBM for H5N1 was independent of that of HSN6
(x3< 1073, df=1, p>0.05). Amongst the 74 LBMs that have been visited at least twice, 12 and 20 were tested
positive multiple times for H5N1 and H5N6 subtypes, respectively. For both subtypes, the duck sampling proto-
col detected most of these positive markets, as 59% (respectively 87%) of the LBMs that were tested positive for
H5N1 (resp. H5N6) had at least one out of six oropharyngeal duck samples that tested positive for H5N1 (resp.
H5NG6). The observed frequency of the 2° =32 different combinations of test results is given in Table 2.

The latent class model that best fitted the H5N1 data did not include any interaction between sampling proto-
cols. However, the model that best fitted the H5N6 data included a positive interaction between the liquid waste
and the drinking water sampling protocols in non-contaminated LBMs. This suggests that non-contaminated
LBMs that tested negative (resp. positive) for H5N6 through the liquid waste protocol were more likely to also
test negative (resp. positive) through the drinking water sampling protocol than those which tested positive (resp.
negative). As illustrated by the trace plots of the parameters associated with the two final models (Supplementary
Figures S1 and S2) and the Gelman-Rubin convergence diagnostic being 1 for all parameters, the two chains have
converged and mixed satisfactorily for both subtypes.

Figure 2 presents the sensitivity of each of the five sample types for both H5N1 and H5N6 subtypes. For the
detection of H5N1 viruses, all sample types showed comparable performances with an estimated sensitivity rang-
ing from 0.17 (95%CrI: 0.06-0.86) for the oropharyngeal duck samples to 0.25 (95%CrI: 0.04-0.63) for the drink-
ing water. All five sensitivity estimates were associated with wide and overlapping confidence intervals. All sample
types were associated with a H5N1 specificity that was more than 95% likely to be greater than 0.97 (Table 3).
The model predicted that the proportion of LBMs that tested positive (apparent prevalence) for H5N1 was 0.13
(95%CrI: 0.09-0.18) while the proportion of LBMs truly contaminated (true prevalence) by H5N1 viruses was
0.05 (95%CrlI: 0.01-0.13).

For H5N6, oropharyngeal duck samples appeared to be the most effective sampling strategy, with an estimated
sensitivity reaching 0.66 (95%Crl: 0.27-0.98). It was followed by the solid waste samples (Se =0.49; 95%CrI:
0.27-0.81) and the liquid waste samples (Se =0.38; 95%: 0.20-0.60). Faecal samples were associated with the low-
est sensitivity, estimated at 0.14 (95%CI: 0.03-0.35). All sample types showed a H5N6 specificity that was more
than 95% likely to be greater than 0.97. Similarly to H5N1, the model predicted that the proportion of LBM that
tested positive (apparent prevalence) for H5N6 was 0.20 (95%ClI: 0.15-0.25) while the proportion of LBM truly
contaminated (true prevalence) by H5N6 viruses was 0.08 (95%CI: 0.04-0.13).

Figure 3 illustrates the results of the sensitivity analysis by representing the estimated sensitivity of each sam-
ple type for each of the three assumptions (minimum timelag of 10, 15 or 20 days between successive visits of the
same market). The results of the best-fit H5N1 model appear sensitive to the assumption since the ranking of the
sample types according to their most likely effectiveness for detecting H5N1 varies according to the assumption,
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Figure 2. Posterior density of the sensitivity at the individual (pooled-by-five) sample level of the five different
sample types for detecting H5N1 virus (in blue) and H5N6 virus (in green) in live-bird markets in Vietnam, as
estimated by the best-fit models. White dots represent the median of the posterior distributions while the filled
dot clouds and the violin plots illustrate the variability of the posterior distributions.

Se duck sample 0.17 0.06-0.86 0.66 0.27-0.98
Sp duck sample 0.99 0.99-1.00 0.98 0.98-0.99
Se solid waste 0.19 0.05-0.59 0.49 0.27-0.81
Sp solid waste 1 0.99-1.00 1 0.99-1.00
Se liquid waste 0.21 0.06-0.53 0.38 0.20-0.60
Sp liquid waste 0.99 0.97-1.00 0.99 0.98-1.00
Se drinking water 0.25 0.04-0.63 0.23 0.08-0.46
Sp drinking water 1 0.99-1.00 0.99 0.98-1.00
Se faeces 0.22 0.04-0.64 0.14 0.03-0.35
Sp faeces 1 0.98-1.00 0.99 0.98-1.00
True prevalence 0.05 0.01-0.13 0.08 0.04-0.13
Apparent prevalence 0.13 0.09-0.18 0.20 0.15-0.25
CovN — — 0.003 0.000-0.015
DIC 58.5 61.2

Table 3. Parameter estimates of the best-fit models for HSN1 and H5N6. Estimated sensitivity (Se) and
specificity (Sp) refer to the individual (pooled-by-five) samples of the different sample types; the prevalence
refers to the proportion of contaminated live-bird markets (LBMs); 95%Crl is the 95% credible interval of the
posterior distribution of the parameters, as estimated by the best-fit models; CovN is the estimated covariance
between liquid waste and drinking water samples in non-contaminated LBMs; DIC stands for deviance
information criterion. Note that the two selected models were those associated with the smallest DIC.

even though the 95% credible intervals remain largely overlapping. On the contrary, the results of the best-fit
H5N6 model present a good robustness to the assumption, since the rankings are maintained and the 95% cred-
ible intervals not substantially altered.

By combining the estimated performance of the five different sample types according to the sampling strat-
egy that was used to collect the data presented in this study (Table 1), we evaluated the posterior distributions
of the sensitivity and specificity of the overall sampling strategy for HSN1 and H5N6 subtypes. As supported by
the data, we are 95% confident that the sensitivity, i.e. the probability that at least one of the 12 samples would
test positive in a LBM contaminated by H5N1 subtype (resp. H5N6 subtype), is greater than 78% (resp. 99%).
Similarly, we are 95% confident that the specificity, i.e. the probability that all 12 samples would test negative in
a H5N1-free (resp. H5N6-free) LBM, lays between 86% and 97% (resp. between 82% and 92%), explaining the
expected presence of false positives for both subtypes.

Finally, using the model outputs, we simulated all combinations of sample types in order to identify par-
simonious sampling strategies that ensured high sensitivity for both H5N1 and H5N6 subtypes. As shown in
Fig. 4, detecting H5N1- or H5N6-contaminated LBMs in Vietnam does not require the same sampling effort,
with H5N1 viruses being the most difficult to detect. As an example, considering the collection of three samples
of any kind, the sensitivity of the most sensitive sampling strategy for H5N1 would be around 59% whether or
not oropharyngeal duck samples are included. On the other hand, the most sensitive sampling strategy for HSN6
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Figure 3. Results of the sensitivity analysis for the H5N1 model (left) and the H5N6 model (right). Coloured
dots and bars represent respectively the median and the 95% credible interval of the posterior distribution of the
sensitivity at the sample level of the five different sample types in live-bird markets in Vietnam, as estimated by
the best-fit models. On the x-axis, 10, 15 and 20 days represent the minimum timelag that is assumed in order
to consider two successive visits of the same market as independent. The wildcard (*) represents the baseline
assumption used in this study.
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Figure 4. Maximum sensitivity of detection that could be expected amongst all combinations of sampling
strategies involving an increasing number of samples (from 1 to 12) for H5N1 viruses (in blue) and H5N6
viruses (in green). For a given number of samples, all combinations of the five sample types are considered.
The solid lines refer to sampling strategies that do not exclude oropharyngeal duck samples while the coloured
dashed lines refer to sampling strategies that involve combinations of environmental samples only, thus
excluding oropharyngeal duck samples. Note that for H5N1 viruses, solid and dashed lines are superimposed.
The y-axis represents the median of the posterior distribution of the sensitivity of the most sensitive

sampling strategy for a given number of samples. As an example (see grey dotted lines), for the collection

of three (pooled-by-five) samples, the most sensitive sampling strategies that do not exclude oropharyngeal
duck samples have an expected sensitivity of 0.59 and 0.97 for HSN1 and H5NG6, respectively. Excluding
oropharyngeal duck samples does not affect the sensitivity for H5N1, but decreases the maximum expected
sensitivity for H5N6 to 0.88.

involving only environmental samples would be around 88%, while the sensitivity of the most sensitive sampling
strategy including oropharyngeal duck samples would be around 97% (Fig. 4).

As described earlier in that section, 78% (respectively 99%) correspond to the 5 percentile of the posterior
distribution of the sensitivity of the current sampling strategy for H5N1 (resp. H5N6), as estimated by the best-fit
model for H5N1 (resp. H5N6). We identified 42 more parsimonious (i.e. with fewer than 12 samples) sampling
strategies associated with a sensitivity for H5N1 that had 95% chance to be greater than 78%, none of which
involved the collection of environmental samples only; for H5N6, we identified 1998 (resp. 94) sampling strate-
gies associated with a sensitivity that had 95% chance to be greater than 95% (resp. 99%), of which 235 (resp. 0)
involved the collection of environmental samples only.

Being 95% confident that the sensitivities of a given sampling strategy for detecting H5N1 and H5N6 subtypes
in contaminated markets are respectively greater than 78% and 95% can be achieved by 42 different sampling
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strategies more parsimonious than the current strategy, all of which involved the collection of oropharyngeal
duck samples (SuppMat). With 12 (pooled-by-five) samples to be collected, we identified 27 sampling strategies
involving the collection of environmental samples only that lead to sensitivities that have 95% chance to be greater
than 78% for H5N1 and 95% for H5N6 (SuppMat). As an example, collecting 2 (pooled-by-five) solid waste sam-
ples, 5liquid waste samples, 2 drinking water samples and 3 faeces samples would allow to be 95% confident that
the overall sensitivity and specificity are greater than 80% and 96%, respectively.

Discussion

Optimising surveillance designs by focusing on sample materials that are more likely to test positive in contam-
inated LBMs is of primary importance in the context of limited budget allocated to surveillance, particularly
in low- and middle-income countries like Vietnam. In agreement with previous work®'%!8, this study provided
evidence that the detectability of avian influenza viruses in contaminated LBM:s is highly dependent on the type
of sample collected and on the circulating subtype. It demonstrated that the sensitivity of environmental samples
for detecting H5N1 viruses in LBMs is equivalent to that of oropharyngeal duck samples, as previously sug-
gested in Indonesia'%; however, taking oropharyngeal duck samples is expected to be more effective in detecting
H5NG6 viruses than taking any of the four environmental samples. Also, despite the specificity of the individual
(pooled-by-five) samples of the different sample types having been found to be very similar and close to 1, col-
lecting 12 samples per market likely led to a sub-optimal specificity of the overall surveillance strategy in LBMs
and consequently to a significant number of false positive LBMs, both for H5N1 and H5N6 subtypes. Finally, we
identified a range of sampling strategies that are of similar expected sensitivity to the current sampling protocol
but that involve fewer samples (leading to a greater expected specificity and smaller surveillance expenditure) or
even no oropharyngeal duck samples (leading to reduced efforts in the field and greater acceptability by poultry
sellers). The details of these optimised sampling strategies are given as a Supplementary Table.

Sampling live birds has become controversial as sampling teams often consider it to be impractical and farm-
ers or traders as too invasive into their business operation®!. As an alternative, environmental samples are easier
to collect, less time-consuming and do not interfere with trading or selling activities. While environmental sam-
ples were found to be as effective as oropharyngeal samples at detecting H5N1 viruses in contaminated LBMs
making them an obvious alternative to live bird sampling, they do not seem to perform as well for H5N6 viruses.
However, apart from the faeces samples, their expected effectiveness at detecting H5N6 viruses is systematically
equal to or greater than their effectiveness at detecting H5N1 viruses (Fig. 2). Therefore, if the objective of the
sampling protocol is to detect both subtypes, a satisfactory overall sensitivity can be achieved by collecting only
environmental samples (Supplementary Table).

Faeces were shown to be the least sensitive sample type (of the five tested) for detecting H5N6 virus in contami-
nated LBMs while, for the same viral subtype, oropharyngeal duck samples appeared to be the most sensitive strat-
egy (Fig. 2, Table 3). This pattern could suggest that the HPAI H5NG6 strains that circulated in Vietnamese LBMs
in 2014-2015 were more likely to replicate in and be excreted by the respiratory than the digestive tract, which is
consistent with observations from experimental infections conducted in China using a H5N6 strain isolated in
2014%, Similarly, model results also suggest that this tropism was much less clear-cut for the detected Vietnamese
H5NI strains. The sensitivities for H5SN6 being generally greater than those for H5N1 (Fig. 2) tends to suggest that
the level of contamination was higher in H5N6-contaminated LBMs than in H5N1-contaminated LBMs.

The rRT-PCR technique that was used to identify contaminated markets is able to detect small fragments
of viral RNA, even if the viruses are already inactivated. Indeed, the type of organic matter, the level of humid-
ity, the temperature, the pH, and other environmental parameters are likely to affect virus survival outside the
host**%. Therefore, a positive environmental sample is less likely to be useful for virus isolation or viral sequenc-
ing than a positive sample directly collected on live birds. As a consequence, the implications of this study’s
results for surveillance design need to be considered in the context of the objectives of the surveillance activities.
Focusing on environmental samples would be relevant for surveillance objectives related to the monitoring of
the spatio-temporal dynamic of circulating subtypes and the implementation of intervention measures in posi-
tive markets; however, this strategy would probably be of limited relevance for surveillance objectives related to
molecular characterisation of circulating strains and estimation of prevalence or force of infection within LBMs.

Since only a relatively small number of LBMs tested positive for H5N1 or H5N6 viruses (26 and 43 out of 230,
respectively), a large number of test result combinations were associated with zero observations (20 and 19 out
of 32, respectively). This inherent constraint of the available data led to relatively wide and largely overlapping
credible intervals around the point estimates of the sensitivity parameters (particularly for H5N1), making it
difficult to draw unequivocal conclusions as to which sample type is the most sensitive for detecting H5N1 and
H5NG6 viruses. Before producing recommendations regarding which sample type to collect in LBMs, similar
studies would be needed in other contexts (different time period or different location). Despite this limitation, it is
worth stressing that the 95% credible interval of the posterior distribution of the frequency of all 32 combinations
of test results contain the observed frequency (Table 2), demonstrating that the models satisfactorily captured
the information contained in the data. The lower number of H5N1-positive markets also made the H5N1 model
much more sensitive than the HSN6 model to the assumption of a minimum timelag of 10 days for considering
two successive visits of the same market as independent.

This latent-class model assumes that all markets have the same probability of being contaminated and all
contaminated markets have the same level of contamination. However, LBMs may not be equivalent in terms
of avian influenza risk*'. Gilbert et al.** showed that the risk of H7N9 in China increased with increasing LBM
density and increasing density of intensively-raised chickens. In addition, Wang et al.>* showed that LBMs with
longer duration of sales per day and a large number of poultry types were associated with an increased risk of H5,
H7 or H9 avian influenza virus presence. To strengthen the analysis and qualify the inference, such study should
ideally consider different populations of LBMs depending on their risk of contamination. This would allow the
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estimation of the between-LBM prevalence in the different risk populations and a more accurate estimation of
the sensitivity and specificity parameters. However, market-level variables potentially associated with the risk of
AIV contamination were not systematically collected at the time of sampling, preventing refining the estimations
presented in this study.

By using dichotomous test result outcomes relating to both environmental and live-bird sample types, the
model is able to compare the effectiveness of the different sample protocols but cannot explicitly account for
the prevalence or the level of contamination within LBMs. These latter parameters are implicitely included into
the sensitivity estimates: a sampling protocol implemented in heavily contaminated LBMs would be associated
with larger sensitivity estimates than the same sampling protocol implemented in lightly contaminated LBMs.
More generally, the estimated sensitivities of the different sample types refer to the context of the H5N1 and
H5NG6 viruses that circulated in Vietnamese LBMs in 2014 and 2015. Indeed, the estimated higher sensitivities
for H5N6 can be the consequence of a larger within-LBM contamination with H5N6 compared to H5N1 strains.
Consequently, a different context with different contamination levels is likely to generate different sensitivity
estimates. Similarly, different strains, even from the same subtype, with different shedding patterns are also likely
to lead to different estimates.

It is acknowledged that cloacal samples and chicken samples were lacking in this study, preventing the com-
parison of all possible sampling strategies. Similarly, the study did not consider samples collected in slaughter
and dressing areas, even though these settings have been shown to be excellent sites for ATV detection!®*. This is
because many markets in Vietnam do not have these facilities preventing the collection of a standard set of sam-
ples from all markets. Notwithstanding, this study generated results that are crucial for making an evidence-based
decision when it comes to surveillance design and provided quantitative evidence of the relevance of environmen-
tal samples for monitoring H5N1 viruses. It also presented a robust and flexible statistical modelling approach
that should be applied to other contexts in order to advance our collective understanding of how HPAI surveil-
lance should be designed in LBMs.

Data Availability Statement
All data necessary to reproduce the results generated by this study is available in Table 2.

References

1. Ansari, W. K. et al. Surveillance, epidemiological, and virological detection of highly pathogenic H5N1 avian influenza viruses in
duck and poultry from Bangladesh. Vet. Microbiol. 193, 49-59 (2016).

2. Arafa, A. et al. Predominance and geo-mapping of avian influenza H5N1 in poultry sectors in Egypt. Geospatial Health 11, 492
(2016).

3. Dhingra, M. S. et al. Global mapping of highly pathogenic avian influenza H5N1 and H5Nx clade 2.3.4.4 viruses with spatial cross-
validation. eLife 5 (2016).

4. Nguyen, D. T. et al. Shifting Clade Distribution, Reassortment, and Emergence of New Subtypes of Highly Pathogenic Avian
Influenza A(H5) Viruses Collected from Vietnamese Poultry from 2012 to 2015. J. Virol. 91 (2017).

5. Adlhoch, C. et al. Highly pathogenic avian influenza A(H5N8) outbreaks: protection and management of exposed people in Europe,
2014/15 and 2016. Euro Surveill. Bull. Eur. Sur Mal. Transm. Eur. Commun. Dis. Bull. 21 (2016).

6. Pfeiffer, D. U, Otte, M. J., Roland-Holst, D. & Zilberman, D. A one health perspective on HPAI H5N1 in the Greater Mekong sub-
region. Comp. Immunol. Microbiol. Infect. Dis. 36, 309-319 (2013).

7. Wang, M. et al. Food markets with live birds as source of avian influenza. Emerg. Infect. Dis. 12, 1773-1775 (2006).

8. Amonsin, A. et al. Influenza virus (H5N1) in live bird markets and food markets, Thailand. Emerg. Infect. Dis. 14, 1739-1742 (2008).

9. Abdelwhab, E. M. et al. Circulation of avian influenza H5N1 in live bird markets in Egypt. Avian Dis. 54, 911-914 (2010).

0. Indriani, R. et al. Environmental sampling for avian influenza virus A (H5N1) in live-bird markets, Indonesia. Emerg. Infect. Dis. 16,

1889-1895 (2010).

11. Negovetich, N.J. et al. Live bird markets of Bangladesh: HON2 viruses and the near absence of highly pathogenic H5N1 influenza.
PloS One 6, 19311 (2011).

12. Chen, Z. et al. Detection of avian influenza A(H7N9) virus from live poultry markets in Guangzhou, China: a surveillance report.
PloS One 9, 107266 (2014).

13. Thanh, N. T. L. et al. No Evidence of On-farm Circulation of Avian Influenza H5 Subtype in Ca Mau Province, Southern Vietnam,
March 2016 - January 2017. PLOS Curr. Outbreaks, https://doi.org/10.1371/currents.outbreaks.c816d7333370d68f8a0da3
3£69168986 (2017).

14. Wan, X.-F. et al. Indications that live poultry markets are a major source of human H5N1 influenza virus infection in China. J. Virol.
85, 13432-13438 (2011).

15. Chen, Y. et al. Human infections with the emerging avian influenza A H7N9 virus from wet market poultry: clinical analysis and
characterisation of viral genome. Lancet Lond. Engl. 381, 1916-1925 (2013).

16. Fournié, G. et al. Interventions for avian influenza A (H5N1) risk management in live bird market networks. Proc. Natl. Acad. Sci.
USA 110, 9177-9182 (2013).

17. Chen, J. et al. Characterization of highly pathogenic H5N1 avian influenza viruses isolated from poultry markets in central China.
Virus Res. 146, 19-28 (2009).

18. Choi, Y. K, Seo, S. H., Kim, J. A., Webby, R. J. & Webster, R. G. Avian influenza viruses in Korean live poultry markets and their
pathogenic potential. Virology 332, 529-537 (2005).

19. Wisedchanwet, T. et al. Influenza A virus surveillance in live-bird markets: first report of influenza A virus subtype H4N6, H4N9,
and H10N3 in Thailand. Avian Dis. 55, 593-602 (2011).

20. Munyua, P. M. et al. Detection of influenza A virus in live bird markets in Kenya, 2009-2011. Influenza Other Respir. Viruses 7,
113-119 (2013).

21. FAO. Live bird market surveillance in China. EMPRES Transboundary Animal Diseases Bulletin 12-13 (2009).

22. Leung, Y. H. C. et al. Poultry drinking water used for avian influenza surveillance. Emerg. Infect. Dis. 13, 1380-1382 (2007).

23. Kang, M. et al. Environmental Sampling for Avian Influenza A(H7N9) in Live-Poultry Markets in Guangdong, China. PloS One 10,
€0126335 (2015).

24. Wang, X. et al. Risk factors for avian influenza virus contamination of live poultry markets in Zhejiang, China during the 2015-2016
human influenza season. Sci. Rep. 7, 42722 (2017).

25. Luan, L. et al. Detection of influenza A virus from live-bird market poultry swab samples in China by a pan-IAV, one-step reverse-
transcription FRET-PCR. Sci. Rep. 6, 30015 (2016).

26. Shortridge, K. F. et al. Characterization of avian H5N1 influenza viruses from poultry in Hong Kong. Virology 252, 331-342 (1998).

SCIENTIFIC REPORTS |

(2019) 9:1031 | https://doi.org/10.1038/s41598-018-37616-1 9


https://doi.org/10.1038/s41598-018-37616-1
https://doi.org/10.1371/currents.outbreaks.c816d7333370d68f8a0da33f69168986
https://doi.org/10.1371/currents.outbreaks.c816d7333370d68f8a0da33f69168986

www.nature.com/scientificreports/

27. Kurmi, B. et al. Survivability of Highly Pathogenic Avian Influenza H5N1 Virus in Poultry Faeces at Different Temperatures. Indian
J. Virol. 24, 272-277 (2013).

28. 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. Epidemiol. 141, 263-272 (1995).

29. Enge, C., Andersen, S., Serensen, V. & Willeberg, P. Estimation of sensitivity, specificity and predictive values of two serologic tests
for the detection of antibodies against Actinobacillus pleuropneumoniae serotype 2 in the absence of a reference test (gold standard).
Prev. Vet. Med. 51, 227-243 (2001).

30. Branscum, A. J., Gardner, I. A. & Johnson, W. O. Estimation of diagnostic-test sensitivity and specificity through Bayesian modeling.
Prev. Vet. Med. 68, 145-163 (2005).

31. van Smeden, M., Naaktgeboren, C. A., Reitsma, . B., Moons, K. G. M. & de Groot, J. A. H. Latent class models in diagnostic studies
when there is no reference standard-a systematic review. Am. J. Epidemiol. 179, 423-431 (2014).

32. Dendukuri, N. & Joseph, L. Bayesian Approaches to Modeling the Conditional Dependence Between Multiple Diagnostic Tests.
Biometrics 57, 158-167 (2001).

33. Lunn, D. ], Thomas, A., Best, N. & Spiegelhalter, D. WinBUGS - A Bayesian modelling framework: Concepts, structure, and
extensibility. Stat. Comput. 10, 325-337 (2000).

34. R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria,
https://www.R-project.org/ (2017).

35. Sturtz, S., Ligges, U. & Gelman, A. R2WinBUGS: A Package for Running WinBUGS from R. J. Stat. Softw. 1-16 (2005).

36. Gelman, A., Carlin, J. B., Stern, H. S. & Rubin, D. B. Bayesian Data Analysis. (2004).

37. Spiegelhalter, D. ], Best, N. G., Carlin, B. P. & Van Der Linde, A. Bayesian measures of model complexity and fit. J. R. Stat. Soc. Ser.
B Stat. Methodol. 64, 583-639 (2002).

38. Jiao, P. et al. New Reassortant H5N6 Highly Pathogenic Avian Influenza Viruses in Southern China, 2014. Front. Microbiol. 7 (2016).

39. Shahid, M. A., Abubakar, M., Hameed, S. & Hassan, S. Avian influenza virus (H5N1); effects of physico-chemical factors on its
survival. Virol. J. 6, 38 (2009).

40. Zuk, T., Rakowski, F. & Radomski, J. P. Probabilistic model of influenza virus transmissibility at various temperature and humidity
conditions. Comput. Biol. Chem. 33, 339-343 (2009).

41. Fournié, G. et al. Investigating poultry trade patterns to guide avian influenza surveillance and control: a case study in Vietnam. Sci.
Rep. 6,29463 (2016).

42. Gilbert, M. et al. Predicting the risk of avian influenza A H7N9 infection in live-poultry markets across Asia. Nat. Commun. 5,4116
(2014).

43. Wang, X. et al. Surveillance of Avian H7N9 Virus in Various Environments of Zhejiang Province, China before and after Live Poultry
Markets Were Closed in 2013-2014. PloS One 10, 0135718 (2015).

44. ESRI. ArcGIS Desktop: Release 10. Redlands CA Environ. Syst. Res. Inst. (2011).

Acknowledgements

Timothée Vergne received funding from a British Council Institutional Links grant under the Newton Fund.
The Newton Fund is Overseas Development Assistance administered through the UK Department for Business
Innovation and Skills. Dirk U. Pfeiffer and Guillaume Fournié currently receive funding from the BALZAC
research programme ‘Behavioural adaptations in live poultry trading and farming systems and zoonoses
control in Bangladesh’ This is one of 11 programmes funded under ZELS, a joint research initiative between
Biotechnology and Biological Sciences Research Council (BBSRC), Defence Science and Technology Laboratory
(DSTL), Department for International Development (DFID), Economic and Social Research Council (ESRC),
Medical Research Council (MRC) and Natural Environment Research Council (NERC). The views expressed in
this information product are those of the author(s) and do not necessarily reflect the views or policies of FAO.

Author Contributions

T.V. conceived the study, designed and performed the computational experiments, interpreted the results and
wrote the manuscript; A.M. and G.F. processed the data, interpreted the results and reviewed the manuscript;
P.T.L., D.E. and K.I. processed the data and reviewed the manuscript; P.P. and S.N. interpreted the results and
reviewed the manuscript; D.U.P. coordinated the project, interpreted the results and reviewed the manuscript. All
authors read and approved the final manuscript.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-37616-1.

Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
CE | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2019

SCIENTIFICREPORTS| (2019) 9:1031 | https://doi.org/10.1038/s41598-018-37616-1 10


https://doi.org/10.1038/s41598-018-37616-1
https://www.R-project.org/
https://doi.org/10.1038/s41598-018-37616-1
http://creativecommons.org/licenses/by/4.0/

	Optimising the detectability of H5N1 and H5N6 highly pathogenic avian influenza viruses in Vietnamese live-bird markets

	Material and Method

	Ethics statement. 
	Live-bird market survey. 
	Latent class analysis. 

	Results

	Discussion

	Acknowledgements

	Figure 1 Spatial distribution of the live bird markets involved in the avian influenza surveillance activities in Vietnam between November 2014 and December 2015.
	Figure 2 Posterior density of the sensitivity at the individual (pooled-by-five) sample level of the five different sample types for detecting H5N1 virus (in blue) and H5N6 virus (in green) in live-bird markets in Vietnam, as estimated by the best-fit mod
	Figure 3 Results of the sensitivity analysis for the H5N1 model (left) and the H5N6 model (right).
	Figure 4 Maximum sensitivity of detection that could be expected amongst all combinations of sampling strategies involving an increasing number of samples (from 1 to 12) for H5N1 viruses (in blue) and H5N6 viruses (in green).
	Table 1 Description of the five sampling protocols implemented in each Vietnamese live-bird market involved in the surveillance activities between November 2014 and December 2015.
	Table 2 Distribution of the 32 cross-classified results of the five sampling protocols for H5N1 and H5N6 subtypes.
	Table 3 Parameter estimates of the best-fit models for H5N1 and H5N6.




