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a  b  s  t  r  a  c  t

Live  bird  markets  (LBMs)  are  at risk  of  contamination  with  the  avian  influenza  H5N1  virus.
There  are  a number  of  methods  for prioritizing  LBMs  for intervention  to curb  the  risk  of  con-
tamination.  Selecting  a method  depends  on  diagnostic  objective  and  disease  prevalence.  In
a  low  resource  setting,  options  for  prioritization  are  constricted  by the  cost  of  and  resources
available  for  tool  development  and  administration,  as  well  as  the resources  available  for
intervention.  In  this  setting,  tools  can  be  developed  using  previously  collected  data  on risk
factors  for  contamination,  and  translated  into  prediction  equations,  including  decision  trees
(DTs).  DTs  are  a  graphical  type  of  classifier  that  combine  simple  questions  about  the data
in an  intuitive  way.  DTs  can  be used  to  develop  tools  tailored  to  different  diagnostic  objec-
tives. To  demonstrate  the  utility  of  this  method,  risk  factor  data  arising  from  a previous
cross-sectional  study  in 83  LBMs  in  Indonesia  were  used  to  construct  DTs.  A  DT  with  high
specificity  was  selected  for the  initial  stage  of  an  LBM  intervention  campaign  in  which
authorities  aim  to  focus  intervention  resources  on  a small  set  of LBMs  that  are  at  near-
certain  risk  of contamination.  Another  DT  with  high  sensitivity  was  selected  for later  stages
in  an  intervention  campaign  in  which  authorities  aim  to  detect  and  prioritize  all LBMs  with
the risk  factors  for  virus  contamination.  The  best specific  DT  achieved  specificity  of  77%  and
the best  sensitive  DT  achieved  sensitivity  of  90%.  The  specific  DT  had  two  variables:  the  size
of the  duck  population  in the  LBM  and  the human  population  density  in  the LBM’s  district.
The  sensitive  DT  had  three  variables:  LBM  location,  whether  solid  waste  was  removed  from
the  LBM  daily  and  whether  the  LBM  was  zoned  to  separate  the  bird  holding,  slaughtering

and  sale  areas.  High  specificity  or  sensitivity  will  be preferred  by authorities  depending  on
the stage  of the  intervention  campaign.  The  study  demonstrates  that  simple  tools  utilizing
DTs can  be  developed  to prioritize  LBMs  for  intervention  to control  H5N1-virus.  DT  tools

,  suitab
are simple  to  apply

needs  and  stage  of  the  dis
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1. Background

The avian influenza A H5N1 virus is of global pub-
lic health concern due to its high pathogenicity in birds,
its current zoonotic capability and its pandemic potential
(Briand and Fukuda, 2009). In virus endemic areas, live bird
markets (LBMs) are vulnerable to contamination since bird
populations coming into the LBM are dynamic and infected
flocks may  enter at any time. This increases the risk of virus
transmission both to humans and animals in the LBM, and
it increases the risk of propagating virus back into farms
through the sale of infected live birds (Kung et al., 2003;
Wang et al., 2006).

Previous research has shown that risk factors for H5N1-
virus contamination in the LBM environment such as
surfaces, floors and utensils include slaughtering birds in
the LBM, lack of zoning in the poultry workflow and insuf-
ficient waste management (Bulaga et al., 2003; Garber et al.,
2007; Indriani et al., 2010). In high resource settings, LBMs
are managed through the enhanced application and mon-
itoring of practices for good general hygiene and disease
control (Lu, 1970; Mullaney, 2003; Trock et al., 2008). In low
resource settings, there is limited capacity for hygiene and
authorities do not have sufficient resources to intervene in
all LBMs. Thus, the key question is ‘how do authorities pri-
oritize LBMs to invest their limited resources for disease
control?’

Based on principles of screening and diagnostic test-
ing for disease control (Wilson and Jungner, 1968), there
are a number of methods for prioritizing LBMs for inter-
vention (Table 1). Selecting a method depends on its
fitness-for-purpose, including cost, sensitivity, specificity,
speed, complexity as well as human and hardware resource
requirements. In a low resource setting, options for pri-
oritization are constricted by the cost of and resources
available for tool development and administration, as well
as the resources available for intervention. This decreases
the feasibility of using laboratory-based tools and network
analyses in LBMs as they are expensive to develop and
administer, and mandate laboratory or statistical expertise
(Table 1). Thus, other options need to be explored.

A number of low resource countries affected by the
H5N1-virus have conducted cross-sectional surveys in
LBMs to assess virus prevalence in birds and the LBM envi-
ronment (Abdelwhab et al., 2010; Indriani et al., 2010; Jiang
et al., 2010; Negovetich et al., 2011). Data from such studies
can be used to develop tools to prioritize LBMs for interven-
tion. Risk factor data can be translated into prioritization
tools using prediction equations including classifiers such
as decision tree (DTs). DTs categorize LBMs into groups,
where those with the risk factors for contamination are
deemed priority. These LBMs can then be targeted for
public/veterinary health action, maximizing utilization of
public health resources in low resource settings (World
Health Organization, 2006).

DTs are quick and relatively simple to administer and
interpret (Table 1). While DTs constitute one way of

presenting and communicating results derived from pre-
diction equations, well-established alternatives include
logistic regression models that can be presented as pre-
dictive probabilities or as odds-ratios. The utility of any
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of these tools to veterinary and public health practition-
ers depends on the epidemiological considerations and
the diagnostic criteria established. Using a previous cross-
sectional study conducted in 83 LBMs in Indonesia as a
case study, we  explored DT options in tools for prioritizing
LBMs for interventions based on different epidemiological
considerations.

2. Methods

2.1. Data and problem formulation

The tools were developed for national authorities inter-
vening in all LBMs in the three provinces reported in the
Indriani et al. study: Banten, Jakarta and West Java. The
Indriani et al. study assessed environmental contamination
and risk factors for contamination in 83 LBMs randomly
selected from the 300 LBM population. The Indriani et al.
study found that at least one environmental site in 39 of
the 83 LBMs (47%) tested were contaminated with the
H5N1-virus. The ten risk factors identified from the univari-
ate analysis were used to develop candidate DTs (Indriani
et al., 2010). We  also considered two  variables known
as risk factors for H5N1-virus spread in the three target
provinces: density of farmed birds (chickens and duck)
and human population density at district level (Loth et al.,
2011). Details of the variables considered in the model
development can be seen in Supplementary File 1.

2.2. Epidemiological considerations

Diagnostic objective and disease prevalence guided DT
design.

2.2.1. Diagnostic objective
The stage of disease control and intervention resources

available guide the decision to optimize diagnostic sen-
sitivity or specificity. At the beginning of an intervention
campaign, where authorities aim to reduce the overall level
of contamination and virus circulation in LBMs, high speci-
ficity will limit the number of LBMs deemed priority and
ensure that limited resources for intervention are allocated
most efficiently. That is, if resources are available to inter-
vene in only a proportion of LBMs, this tool allows us to
maximize the number of infected LBMs in the sub-group
receiving interventions. Even though this approach may
yield low sensitivity, it is operationally more feasible based
on constricted resources available for intervention. Fur-
ther, unlike diagnostic tests in which outcomes may  be
catastrophic for the patient or for the unit receiving the
intervention, the implications of a low sensitivity here are
not dire for individual LBMs. In an intervention campaign,
when levels of virus are reduced such that eradiation is
a feasible objective, high sensitivity will ensure that all
LBMs with the risk factors will be prioritized for interven-

tion. Even though a tool with high sensitivity may  risk low
specificity, this may  be acceptable to authorities since erad-
ication is in near sight and the absolute number of LBMs
deemed priority will be small.



282 G. Samaan et al. / Preventive Veterinary Medicine 107 (2012) 280– 285

Table 1
Characteristics of tools that can trigger disease control interventions for H5N1-virus in LBMs.

Tool target and method Utility in program Tool development and administration Generalizability of
method

Development cost Administration
cost

Speed Complexity

Target: Detect LBMs
contaminated with
virus
Method: laboratory
testing (e.g. VI or PCR)
of samples collected
from birds or surfaces

Ongoing Moderate High Moderate High Moderate – laboratory
capacity needed

Target: Prioritize LBMs
based on connectivity
and potential to spread
virus outside LBM
Method: network
analysis

Initial stages Moderate High Slow High Low – expertise in
method needed

Target: Prioritize LBMs
based on risk factors
for contamination
Method: Prediction

(a) Initial stage (if
specific)
(b) Latter stage (if
sensitive)

Moderate Low Fast Low Moderate – depends on
availability of risk
factor data and
knowledge in
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I, virus isolation; LBM, live bird market; PCR, polymerase chain reaction

.2.2. Disease prevalence
Prevalence, also known as the prior probability of

isease, impacts the predictive values of a tool. In pop-
lations of LBMs where contamination is common, the
ool’s positive predictive value (PPV) will be higher than
n a population of LBMs where the H5N1-virus contami-
ation is rare. The converse is true for negative predictive
alue (NPV). In areas endemic for H5N1-virus, the preva-
ence is expected to be high since all LBMs are at risk of
ontamination. As was seen in the Indriani et al. study,
7% of LBMs were contaminated with the virus. Another
ross-sectional study in LBMs in Egypt found H5N1-virus
revalence ranged from 27% to 41% depending on season
Abdelwhab et al., 2010). Ultimately, users of the tool need
o be mindful that the predictive values observed in one
tudy do not apply universally, and thus, require that the
Ts underlying the tool be redeveloped in other settings
nd periodically reviewed in response to changes in preva-
ence.

.3. Statistical methodology

We  generated candidate DT models based on four
roups of variables: (a) ten risk factors on univariate anal-
sis from the Indriani et al. study, (b) four independent
isk factors from the Indriani et al. study, (c) ten risk fac-
ors on univariate analysis from the Indriani et al. study
n addition to the two risk factors identified in the Loth
t al study, and (d) the four independent risk factors from
he Indriani et al. study in addition to the two risk fac-
ors identified in the Loth et al study. For each candidate

odel, we fitted the model to all three provinces as well
s to each province alone. We  also constructed and com-

ared pruned and unpruned DTs for all candidate models.
rom the total 45 candidate models generated, we selected
hose that provided the highest specificity or sensitivity,
long with the highest discrimination ability based on the
statistical technique

cision trees; LBM, live bird market.

area under the ROC curve (AUC). We  used classification
tree models to construct the DTs. This method is com-
monly used to translate risk factor data into a diagnostic
tool by combining simple if–then questions about the data
(Kingsford and Salzberg, 2008). As no independent valida-
tion set was available, leave-one-out cross-validation was
employed to estimate the robustness of the DTs and their
predictive power (Ripley, 1996). Analyses were done using
R statistical environment. Further technical details of the
DT method can be seen in Supplementary File 2.

The dependent variable “true contamination” was
defined as at least one of the 27 environmental
sites in the LBM being positive by real time reverse
transcription–polymerase chain reaction (RRT–PCR) based
on the laboratory findings conducted in the Indriani et al.
study. RRT–PCR methods are known to present high, but
not 100% sensitivity and specificity in the detection of
influenza A samples (Spackman et al., 2003). We  per-
formed two  different fits of the trees to the data: (i) we
assumed 100% specificity and sensitivity of the RRT–PCR
and assumed that the observed data represented true pos-
itives and negatives; (ii) we  estimated a sensitivity of
0.66 and specificity of 0.95 for the RRT–PCR by compar-
ing with the current standard for detection of influenza
virus (virus isolation in embryonated chicken eggs) which
was  used as a benchmark (Spackman et al., 2003). The
original data set was  modified following a stochastic pro-
cess that mimicked the sensitivity and specificity of the
RRT–PCR when detecting H5N1-virus in the LBMs sam-
ples. This was done by modifying the original dataset by
introducing false negatives and positives with a probabil-
ity corresponding to the sensitivity and specificity of the
RRT–PCR. For instance, if a given sample was  positive, a

random number from zero to one was generated, if the
random number is above the sensitivity of the RRT–PCR,
the sample is changed to negative (that is, a false nega-
tive is generated) and if it is below it remains as positive.
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Fig. 1. Decision trees optimizing diagnostic specificity (1A) 

The introduction of such noise allowed us to test the sen-
sitivity of our results to the noise that is expected to be
introduced by the RRT–PCR test. The models were fitted

to 1000 different modifications of the original data using
the described procedure and the mean and standard devi-
ation of the sensitivity and specificity of the models were
stored.
sitivity (1B) for determining priority LBMs for intervention.

3. Results

The specific DT had two  variables: the size of the

duck population in the LBM and the human population
density in the LBM’s district (Fig. 1A). This DT had three
splits, achieved 77% specificity, 36% sensitivity and had
48% AUC. When considering RRT–PCR as an imperfect



2 terinary

d
6
a
v
f
s
(
a
i
d

a
e
q
d
m
l
s
a
p

4

L
d
b
i
i
t
s
H
v
t
c
v
k
r

fi
fi
c
t
r
s
l

i
c
s
m
w
t
n
o

F
n
l
m
s

84 G. Samaan et al. / Preventive Ve

etection system, specificity decreased to an average of
5% (standard deviation se of 3%) and sensitivity remained
t an average of 36% (se = 5%). The sensitive DT had three
ariables: LBM location, whether solid waste was  removed
rom the LBM daily and whether the LBM was  zoned to
eparate the bird holding, slaughtering and sale areas
Fig. 1B). This DT achieved 90% sensitivity, 43% specificity
nd had 57% AUC. When considering RRT–PCR as an
mperfect detection system, sensitivity and specificity
ecreased to 87% (se = 5%) and 36% (se = 3%) respectively.

The structure of the variables in the models reflects vari-
ble interaction; the first split corresponding to the variable
xplaining the greatest amount of the variance, and subse-
uent splits explaining successively less. However, the DTs
o not suggest an interaction (in the sense of regression
odels) between the variables. Analyses using generalized

inear models yielded similar findings as the DTs pre-
ented; the same variable combinations for the specific
nd sensitive diagnostic objectives and similar diagnostic
erformance (data not shown).

. Discussion

The study demonstrated how simple tools to prioritize
BMs for intervention can be developed using risk factor
ata arising from cross sectional research. The tools can
e tailored for different epidemiological considerations,

ncluding target population and resources available for
ntervention. Since risk factor data are required to develop
ools using DTs, the cost of tool development may  be con-
iderable. However, low resource countries affected by
5N1-virus have conducted the types of studies that pro-
ide the data required to develop these tools. Also, once the
ools have been developed, they have low administration
ost and can be applied by a variety of authorities including
eterinarians, public health officers, sanitarians and mar-
et authorities. However, the DTs need to be tested and
efined according to new data and varying field conditions.

Important aspects in deciding on diagnostic tests are
tness-for-purpose (Swayne, 2008). A tool with high speci-
city is useful in the early stages of an intervention
ampaign, whilst a tool with high sensitivity is useful
owards the end to detect any remaining LBMs that have
isk factors for contamination. However, neither tool is
uitable for routine surveillance or to certify LBMs free of
ive virus.

The diagnostic performance of the tools in this study
nvolves tradeoffs. In the target LBM population, the spe-
ific tool would miss many contaminated LBMs since
ensitivity was  low, and the sensitive tool would deem
any contamination-free LBMs priority since specificity
as low. Even though tools with high specificity or sensi-

ivity increased the error rate for the counterpart, this may
evertheless be acceptable to authorities depending on the
bjective and stage of the intervention campaign.

There are two main limitations in the current study.
irstly, due to resource limitations for the study, there was

o independent validation set. To overcome this, we  used

eave-one-out cross-validation which provides a good
easure of out of sample predictive performance. The

econd limitation is that the tools generated here have
 Medicine 107 (2012) 280– 285

limited generalisability to external LBM populations. The
tools were developed for a targeted LBM population and
the variables considered included those specific to the
three provinces, such as human population density and
LBM location. The provinces for which these tools were
developed have the most human H5N1 cases and reports of
outbreaks in birds nationally (Loth et al., 2011), which may
warrant this region’s prioritization of H5N1 disease control
in LBMs. For other settings, we believe the study high-
lighted the epidemiological considerations and statistical
approach to developing tools by translating risk factor data
into prediction rules that can be applied in the field. It is also
important to note that the dependent variable was  based
on RRT–PCR positivity. Since RRT–PCR detects fragments
of the virus, positivity does not directly correlate with
current presence of viable virus. Positive RRT–PCR findings
should nevertheless spur public health action in LBMs as
the results indicate recent historical contamination.

In conclusion, we  have shown that a simple tool utilizing
DT can be developed to prioritize LBMs for intervention
to control H5N1-virus. Even though a variety of methods
exist to translate risk factor data into diagnostic tools, we
focused on DTs as they are simple to apply, suitable for
low-resource settings and can be tailored to the particular
needs and stage of the disease control program.
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