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Abstract

Timeliness and precision for detection of infectious animal disease outbreaks from the information published on the web is crucial for
prevention against their spread. We propose a generic method to enrich and extend the use of different expressions as queries in order to
improve the acquisition of relevant disease related pages on the web. Our method combines a text mining approach to extract terms from
corpora of relevant disease outbreak documents, and domain expert elicitation (Delphi method) to propose expressions and to select
relevant combinations between terms obtained with text mining. In this paper we evaluated the performance as queries of a number of
expressions obtained with text mining and validated by a domain expert and expressions proposed by a panel of 21 domain experts. We
used African swine fever as an infectious animal disease model. The expressions obtained with text mining outperformed as queries the
expressions proposed by domain experts. However, domain experts proposed expressions not extracted automatically. Our method is
simple to conduct and flexible to adapt to any other animal infectious disease and even in the public health domain.
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1. Introduction

Emerging infectious disease outbreaks (disease outbreaks)
are an incising threat to human and animal population
in non-affected countries due to globalisation, movement
of passengers and international trade. Traditional disease
surveillance systems are based on a structured multilevel
health infrastructure, which can lead to delays in reporting
of disease outbreaks (Chan et al., 2010). As a complement
to the traditional disease surveillance systems, recently cre-
ated biosurveillance systems focus on timely detection of
disease outbreaks by monitoring the information published
on the web. In order to acquire information about disease
outbreaks, the common biosurveillance system use terms
issued from medical dictionaries or terms proposed by ex-
perts (Mantero et al., 2011; Freifeld et al., 2008; Collier et
al., 2007).

Currently, no precise work presents how the biosurveillance
systems identify the terms for monitoring the web. The
work presented in this paper fills this missing gap.

We investigate the use of domain expert knowledge and a
text mining approach to propose expressions in order to im-
prove the acquisition of web pages with information about
disease outbreaks. We evaluate our approach in the animal
health domain and one disease in particular, African swine
fever (ASF).

2. Methods

The work presented in this paper is part of the methodol-
ogy that we currently develop for the French epidemic in-

telligence team in animal health (VSI'). The VSI team fo-
cuses in monitoring animal disease outbreaks which occur
outside France. Our contribution is to detect early signals
of animal disease emergence from the information pub-
lished on the web. Figure 1 illustrates the framework of
our methodology.

To acquire web pages (documents), we use web mining
techniques based on expressions, such as names of dis-
eases and associations between terms, such as clinical signs
and hosts (step 1, Figure 1). For automatic classification
of retrieved documents we use supervised approaches in
machine-learning, i.e. Naive Bayes (NB) and Support Vec-
tor Machine (SVM) classifiers, previously trained on a cor-
pus of documents labelled according to the content by vet-
erinary epidemiologists - user specialists (step 2, Figure 1).
The learnt models serve as a basis to classify new docu-
ments into relevant - disease outbreak documents, and ir-
relevant - economy and general documents. In a previous
work we showed that the classifiers correctly categorized
545 ASF documents into appropriate categories (disease
outbreak, economy and general) with an accuracy of 0.75
for NB and 0.73 for SVM (Arsevska et al., 2016b). Lastly,
using text mining techniques, we extract information from
the relevant (disease outbreak) documents, such as name of
the disease, date, and place of the event, affected hosts and
clinical signs (step 3, Figure 1).

In this paper, we focus on the first step of the methodology.
More precisely, we propose a method to enrich and extend
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the use of the different expressions as queries. We investi-
gate a text mining approach (Section 2.1) and domain ex-
pert knowledge (Section 2.2) as a source of expressions for
monitoring the web; and we evaluate the performance of the
different expressions to acquire relevant web pages. Figure
2 illustrates the method for identification of terms for mon-
itoring the web.

2.1. Expressions Obtained with Text Mining

Terms are automatically extracted from a corpus of rel-
evant documents for a certain disease (e.g., ASF), using
BioTex2, a tool that combines linguistic and statistic infor-
mation adapted to biomedical area (Lossio-Ventura et al.,
2016). More precisely, using BioTex, the terms are selected
based on two principles:

1) use of relevant combination of information retrieval tech-
niques and statistical methods (e.g., TF-IDF, OKAPI and
C-value measures), and

ii) use of list of syntactic structures learnt with relevant the-
saurus in the biomedical area, such as the Medical Subject
Headings (MeSH).

The terms extracted with BioTex can be either simple, one
term (e.g., “pig”, “fever”) or composed, multi-term (e.g.
”dead wild boar”, “devastating haemorrhagic fever”). We
tested our approach on multi-word terms.

Next, a user specialist - veterinary epidemiologist, does a
preliminary selection of relevant terms to the disease of in-
terest, i.e. terms that best describe the “clinical sign” and

’BioTex, BIOmedical Term EXtraction, available from:

http://tubo.lirmm.fr/biotex/.
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Figure 1: Methodology of the system for monitoring the
web

the "host” and constructs associations thereof (e.g., ’high
mortality” AND “wild boars”).

2.2. Expressions Proposed by Domain Experts

Using a Delphi method expert elicitation, domain experts
on a certain disease, propose expressions that characterize
the disease of interest and can be used as queries for early
detection of signals of its emergence on the web. Figure 3
illustrates an example of a Delphi method on - line ques-
tionnaire that we used for our experiment (Section 3.2).
Delphi method expert elicitations have been successfully
applied to answer public health problems, such as to prior-
itize exotic infectious diseases of importance to the Euro-
pean Union (Economopoulou et al., 2014) or to evaluate the
quality of text mining approaches for construction of termi-
nology for syndromic surveillance in animal health (Furrer
et al., 2015).

The domain experts evaluate the preselected list of relevant
terms and the association thereof (Section 2.1) and validate
the expressions which characterize the disease of interest
and the queries suitable to build queries.

3. Experiments

As mentioned previously, for this paper we experimented
with data on African swine fever (ASF). ASF is a highly
contagious and mortal disease in domestic and wild porcine
animals; it has no vaccine nor treatment and the main mea-
sure for control and eradication is stamping-out. Besides
negative implications on the health of the porcine popula-
tion, affected countries suffer great economic losses due to
trade barriers.

ASF is endemic in sub-Saharan Africa and Sardinia (island
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in Italy); however, in 2007 ASF appeared for the first time
in the Caucasus region in Europe and in the following years
infected several eastern European countries, including in
2014 several Baltic countries. Therefore, there is a risk of
spread of ASF towards other western and southern Euro-
pean countries (Sanchez-Vizcaino et al., 2013).

3.1. Corpus

To obtain a list of expressions with text mining, we used
two corpora of ASF relevant documents (181 Google news
articles and 45 PubMed abstracts) - published between
2011 and 2014, which we retrieved in August and Septem-
ber 2014. Using BioTex we extracted 1,200 multi-terms
from each corpus. Twenty five terms described an ASF
“clinical sign” i.e., terms describing fever, mortality and
haemorrhagic clinical signs. Twenty five terms described
an ASF ”host” (including term synonyms), such as pigs,
swine, wild pigs and wild boars. A total of 506 expressions
- associations between “clinical sign” and “host” were in-
cluded in the experiment (e.g., “devastating haemorrhagic
fever” AND “domestic pigs”, “devastating haemorrhagic
fever” AND “wild boars”, etc.).

To obtain a list of expressions from domain experts, we
elicited 21 experts for ASF using a Delphi method on-line
questionnaire (Figure 3, Section 2.2). The experts proposed
186 expressions related to ASF. Fifty three expressions con-
tained an association between “clinical sign” and host”.
As written in natural language and where necessary, the ex-
pressions were simplified to fit the criteria “clinical sign”
and “host”, e.g., “haemorrhagic fever in pigs” was simpli-
fied as “haemorrhagic fever” AND pigs”. After removing
the duplicates, 32 expressions were included in the experi-
ment.

d to identify early signals

jine fever emergence on the Internet.

Figure 3: Print screen of the on-line questionnaire, along
with one response from a domain expert that proposes ex-
pressions which characterize African swine fever

In total, we tested as queries 538 ASF - related expressions
obtained with text mining and validated by a domain expert,
and expressions proposed by domain experts.

3.2. Evaluation

We evaluated the performance of the expressions as queries
on the Google news site in September 2015. We limited
our search to news articles published from 2011 until 2014,
with all the terms of the expression in the title or/ and the
body of the news article.

The performance was analysed on the first 100 URL’s re-
trieved by each expression.

The content of each web page was evaluated as follows:

1) Highly relevant pages (HRP) covered as a main content a
suspicion or confirmation of ASF outbreaks;

ii) Closely relevant pages (CRP) covered as a main content
a suspicion or confirmation of other disease outbreaks;

iii) Almost relevant pages (ARP) covered as a main content
general health issues; and

iv) Irrelevant pages (IP) covered content unrelated to health
and disease outbreaks.

This set of elements served as a baseline for evaluation of
different parameters of the expressions. However, in this
paper we limit our evaluation to the performance as queries
of the expressions obtained with text mining and validated
by a domain expert, and the expressions proposed by a
panel of 21 domain experts (i.e. Delphi method).

For each expression, we calculated precision, recall, and
F-score according to threshold of n retrieved web pages.
Precision was the number of retrieved relevant web pages,
divided by the number of retrieved web pages. Recall was
the number of retrieved relevant pages, divided by the num-
ber of relevant web pages. F-score was the harmonic mean
of precision and recall.

3.3. Results and Discussion

From 538 expressions tested, 29 expressions returned HRP
web pages, 42 expressions returned HRP + CRP web pages
and 58 expressions returned HRP + CRP + ARP web pages.
Overall, the average performance results for precision, re-
call, and F-score in all three categories of n retrieved rel-
evant web pages (HRP, HRP + CRP and HRP + CRP +
ARP) were higher for the expressions based on text mining
approach, compared to the expressions proposed by domain
experts. Figure 4 illustrates the results of the performance
as queries of the expressions which retrieved relevant web

pages.
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Figure 4: Average performance results (precision, recall
and F-score) of the expressions which retrieved relevant
web pages. Results are grouped by source of the expres-
sions (text mining and domain expertise or domain exper-
tise), threshold of n retrieved web pages (from top 20 to top
100), and content of web pages, i.e., highly relevant (HRP),
closely relevant (CRP), and almost relevant (ARP).
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In the group HRP, which interested us most, the expres-
sions obtained with text mining had an average precision of
0.6, recall of 0.99 (from 0.95 to 1.0) and F-score of 0.69
(from 0.69 to 0.7); compared to the expressions proposed
by the domain experts which had an average precision of
0.27 (from 0.23 to 0.36), recall of 0.92 (from 0.81 to 1.0)
and F-score of 0.32 (from 0.3 to 0.38).

In the other groups of retrieved web pages, such as the HRP
+ CRP, the expressions obtained with text mining had an
average precision of 0.65, recall of 0.99 (from 0.95 to 1.0)
and F-score of 0.75 (from 0.73 to 0.74); compared to the
expressions proposed by the domain experts which had an
average precision of 0.31 (from 0.28 to 0.39), recall of 0.86
(from 0.63 to 1.0) and F-score of 0.38 (from 0.37 to 0.39).

In the group HRP + CRP + ARP retrieved web pages, the
average precision of the expressions obtained with text min-
ing was 0.83 (from 0.83 to 0.85), recall of 0.99 (from 0.95
to 1.0) and F-score of 0.87 (from 0.86 to 0.88); compared
to the expressions proposed by the domain experts which
had an average precision of 0.4 (from 0.37 to 0.47), recall
of 0.84 (from 0.52 to 1.0) and F-score of 0.47 (from 0.4 to
0.5).

The 22 expressions obtained with text mining which re-
trieved HRP web pages described fever (n=21) and mor-
tality (n=1) clinical signs in pigs, wild pigs and wild boars.
The seven expressions proposed by the experts which re-
trieved HRP web pages described fever (n=2), mortality
(n=2), haemorrhagic (n=2) and skin/ mucous (n=1) clini-
cal signs in pigs and wild boars. Figure 5 illustrates the
expressions which retrieved HRP pages.

1.0

"haemorrhagic
fever” AND "boars"
1.0

"wild boar
population”

“fever case found"
AND "pig farm"
1.0

"fever strikes" AND
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Figure 5: Expressions which retrieved HRP web pages.
Each square size corresponds to the F-score for the top ten
retrieved HRP web pages.

The high performance results as queries of the expressions
obtained with text mining and especially the expressions
which retrieved HRP web pages are convenient to us, as
for an efficient detection of signals of disease emergence
we are looking for news articles with a content about sus-
pected or confirmed disease outbreaks.

Further on, the text mining approach was easy to apply and

it was not time consuming compared to the on-line ques-
tionnaire of the Delphi method expert elicitation which took
more than one month from formulation of the questions,
answering of the participants and reaching a consensus. In
future we intend to eventually modify the Delphi method
by conducting personal interviews with a smaller number
of domain experts (Arsevska et al., 2016a).

Finally, we believe our method gives a valuable source of
terminology for syndromic surveillance in animal health -
monitoring of different clinical signs in animal hosts for
the purposes of early detection of signals of disease out-
breaks. As noted by other authors (Santamaria and Zim-
merman, 2011; Smith-Akin et al., 2007; Furrer et al., 2015),
and our previous work (Arsevska et al., 2016a; Arsevska et
al., 2016b), text mining approaches in animal health face
challenges such as multiple hosts and less formal vocab-
ulary. That is why we currently evaluate our approach on
four more animal infectious diseases, Schmallenberg, Foot-
and-mouth disease, Bluetongue and Avian influenza, and in
two more languages (besides English), that is Spanish, and
French.

4. Conclusion

Monitoring the web based on expressions which describe
clinical signs and hosts may help detect early signals of dis-
ease emergence ahead of traditional surveillance methods.
We have presented a combined approach (text mining and
domain expert knowledge) for identification of expressions
to build queries for improved monitoring of disease emer-
gence on the web. Our approach is generic and applicable
to other animal infectious diseases and even in public health
domain.
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