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Abstract The Rift Valley fever (RVF), which first appeared in Kenya in 1912, is an

anthropozoonosis widespread in tropical areas. In Senegal, it is particularly felt in the

Ferlo area where a strong presence of ponds shared by humans, cattle and vectors is

noted. As part of the studies carried out on the environmental factors which favour its

start and propagation, the focus of this paper is put on the decision making process to

evaluate the impacts, the interactions and to make RVF monitoring easier. The present

paper proposes a model based on data mining techniques and dedicated to trade

experts. This model integrates all the involved data and the results of the analyses
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made on the characteristics of the surrounding ponds. This approach presents some

advantage in revealing the relationship between environmental factors and RVF

transmission vectors for space–time epidemiology monitoring purpose.

Keywords Data mining � Decision-making system �Multidimensional modelling �
Rift Valley fever � Spatio-temporal patterns

1 Introduction

The Rift Valley fever (RVF) is an arbovirosis which is transmitted by vectors. Despite

a low death rate, this disease, seen as an ‘‘economic and biological weapon, has a great

power of diffusion and is particularly serious’’ (Diagne 1992). As a matter of fact, its

virus diffusion can be made by aerosol and the vectors eggs are resistant to a long

duration period and dryness (Flick and Bouloy 2005). That is why it appears in the

common list of several species diseases of the International Organization for Animal

Health (Information 2013). In the current approach, the understanding of emergence

and spreading process offers a compartmental cellular view. However, significant

works (Ndione et al. 2003; Préhaud and Bouloy 1997), have demonstrated the impact

of factors such as climate, livestock movement, hydrology on the emergence and

persistence of RVF. The complexity of this analysis requires the involvement of all the

actors concerned by multidisciplinary dynamics. This approach, based on the multi-

criteria and multidimensional analysis, makes it possible to propose health risk

management measures by controlling the impacts of the environmental factors and

their interactions. It is therefore proposed that a decision making approach be adopted

in order to provide trade experts and decision makers with analysis tools, related to the

dynamics of animal and human populations. So, to find out new and relevant

information, and in order to understand the interactions between the different objects

and make predictions, it is necessary to resort to data mining techniques for

classification and prediction purposes. These techniques are applied to assess the

relevance of the parameters retained for the RVF space–time monitoring. Further in

this paper, Sect. 2 is devoted to the description of the studied disease and to the data

search applied in epidemiology. Section 3 describes the manipulated data and the

experimented data mining algorithms. Section 4 presents (1) the data model gathering

the environment and health parameters integrating the time-space dimensions and (2)

extracts of correlated analysis on the characterization of temporary pools in the studied

area. Section 5 concludes this approach by discussing the choices made and by

proposing study tracks for the continuation of this work.

2 Thematic and Scientific Context

2.1 Rift Valley Fever

RVF is an infectious viral disease which affects animals and humans (OMS 2010).

This disease, conveyed by arthropod vectors (Diallo et al. 2000), is caused by a
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virus of the Bunyaviridae family Phlebovirus kind. The RVF can be transmitted by

two main modes: the vectorial transmission mode by some blood-sucking insects

and the direct transmission mode by personal contact with an infected host

(Greboval 2003). In this article, virological data issued from vectors are used. In

Senegal, this disease holds an important place in Ferlo. According to Diallo (1995),

RVF spread identified in the Ferlo area (Fig. 1) is linked to the mosquito life cycle

and ponds evolutionary cycle.

Indeed, Ferlo’s ponds constitute both the water supply source for the population

and the livestock while being the larva living place of the vectors. In this area, the

rainfall intra-seasonal variability, the vegetation dynamics and the turbidity of

temporary ponds (the size of which is comparatively small) are the main factors

explaining the strong concentration of mosquitoes (Ndione et al. 2009). To

understand the vectorial diseases process, it is necessary to take into account the

multiple and varied phenomena in the same environment, but also at different scales

(time, space and organization).

The partners1 involved in the QWeCI project (http://www.liv.ac.uk/qweci) in

Senegal (Fig. 2) provide data from field investigations (data observed or generated

by measurement equipment) and laboratory tests (analysis data).

Fig. 1 Ponds of the study area, adapted from Ndione et al. (2009) and Tourre et al. (2008)

1 UCAD (Université Cheikh Anta Diop)—IPD (Institut Pasteur de Dakar)—CSE (Centre de Suivi

Ecologique)—DSV (Direction des Services Vétérinaires)—PNLP (Programme National de Lutte contre

le Paludisme).
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The challenge to be taken up by the research teams is the impact control of the

environmental factors on the triggering and spreading of RVF. It is therefore

fundamental to take into account the whole set of the different disciplines data in the

proposed data model.

2.2 Decision Making Environment and Data Mining in Epidemiology

Data mining is an outstanding stage in the decision-making process allowing to

review information, not a priori obvious, in a high data volume. As part of this work,

the analysis method of the space time data is defined by Agrawal and Srikant (1995)

and Alatrista et al. (2011). The authors of this method focus on including the

spatialization notion in the knowledge extraction process. This approach is based on

pre-processing the data to include space characteristics into time data. The space

sequences thus obtained are then used as inputs for the data mining stage in order to

extract spatially frequent sequences. This is achieved with the help of a classical

algorithm (Mortazavi-Asl et al. 2000) to extract the sequential motives representing

the spatially frequent time evolutions of the studied area.

3 Materials and Methods

This section presents data identified during the analysis phase (field surveys or

laboratory results) and the formalisms used to process these data.

3.1 Data Description

3.1.1 Space Data

The present study is carried out with the data of Barkédji rural community (Fig. 1).

Thus, a distinction can be made between ponds and encampment (Fig. 3). For

possible generalizations, the present paper has chosen to integrate a larger

Fig. 2 Organizational complexity
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dimension by starting from the Senegal administrative division. The pond, however,

is the key element of the present study as it is the junction place between vectors and

hosts.

3.1.2 Climate, Hydrology and Water Quality Data

Ponds of this geographical area are linked to several elements:

• rainfall stations and automatized meteo stations are installed around ponds:

measurements such as wind speed, temperature, rainfall are automatically

generated and periodically collected;

• gauging scales are set on water ponds to record the water level;

• water samples are identified by their collection point coordinates: they make it

possible to measure pH, temperature and matters in suspension.

3.1.3 Entomological and Virological Data

We also use data from field surveys and laboratory health teams. During the field

campaigns, mosquitoes are captured by using bait (sheep, chicken) and CO2 traps.

Then, individual identification follows to determine age, sex, etc. Besides, blood

samples are taken up among sentry flocks. The mosquito’s virology is assessed

Fig. 3 Data model
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based on a crushed sample. On the other hand, animal virology is tested individually

on the sampling.

3.2 Methodology

3.2.1 Multidimensional Modelling

The research work on the environment impact on health and more particularly on

vector diseases (Tran et al. 2005) made it possible to distinguish two big classes of

models: (1) mathematical models (geographical and epidemiological) which are

based on a formal representation to provide quantitative descriptions and (2)

conceptual models (relational, object and multidimensional) based on the need of

the final users. In the present context, the multidimensional approach is best adapted

as it provides some formalism dedicated to decision making systems. Multidimen-

sional modelling is described as a representation approach, which considers the

analysed subject as a point (the fact) in a several dimension space. Dimensions can

be decomposed following a hierarchy linked to the required granularity level

Wehrle (2009). In their article on the OLAP algebra Ravat et al. (2010), Ravat et al.

propose the following definitions:

• a dimension is defined by its attributes, hierarchies and the set of instances;

• a hierarchy is defined by an ordered set describing the attributes hierarchy (each

attributes, called parameter, corresponds to an analysis granularity level);

• a fact is defined by a set of measurements, a set of instances and a function

associating each instance to the instances of the dimensions linked to the fact.

3.2.2 Spatial and Temporal Patterns

The spatial dimension is used to define the location of an object in a geographical

space and the temporal dimension relates to the time step (date, time, etc.). To better

understand this data processing technique, we present the main concepts used, based

on the work of Fabrègue et al. (2012):

• item: an item I is a literal value of dimension Di, I 2 dom(Di);

• itemset: an itemset, IS ¼ hI1I2. . .Ini is a non-empty set of items. All items of an

itemset are associated with different dimensions of analysis;

• itemsets sequence: a sequence S is a non empty ordered list of itemsets noted

hs1s2. . .spi where sj is a itemset;

• absolute support: the absolute support of a sequence S is the number of data

warehouse areas which satisfy S;

• relative support: the relative support is defined as the ratio between absolute

support and the number of areas;

• pattern: let S be the sequence and h the minimal support defined, if the relative

support C h then S is a spatio-temporal pattern.
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4 Results

In this section, we introduce the representation model and the first data mining

results obtained with the decision-making environment described by Marakas

(2003).

Based on the formalism of multidimensional modelling (Sect. 3.2.1), we built the

data model (Sect. 4.1), which is one of the activities of the first step (data

management) of this methodology. This model allowed us to implement our data

warehouse in which we integrate all handled data (Sect. 3.1).

For the second phase (knowledge management), we use a decision algorithm to

identify the species of vectors more present in the different localities of the study

area (Sect. 4.2). Then, we apply a spatio-temporal algorithm (Sect. 3.2.2) to get

similar parameters of these localities ponds (Sect. 4.3). This work is a technique we

proposed to identify and classify risk areas.

4.1 Data Model

In accordance with the multidimensional formalism, based on Golfarelli’s proposal

(Golfarelli et al. 1998), a constellation model (Fig. 3) has been built, including two

(2) fact tables for animal and vector virology and three (3) fact tables for

environmental data (climatology, hydrology and water quality). Dimensions have

been identified in function of different analysis criteria:

• the vector (mosquitoes) dimensions and the livestock;

• the space dimension hierarchized following the administrative division;

• the time dimension taking into account study periods;

• environment analysis dimensions: scale (measurement ruler used for gauging),

station (meteorology station, rainfall station) and site (pond water collection point).

The implemented model is used as a data source for selected algorithms and tools.2

Yet, it is worth noting that several problems have been encountered:

• irregular temporality: investigations for data production are irregularly carried

out, while collection missions are not jointly led between the different teams;

• the data volume: the available data sets are too small and do not guarantee right

interpretation;

• the data format: following the project adopted protocols, data are not collected

data with the same format. Thus the low quality of this data constitutes a strong

constraint in the choice of the algorithms.

2 This data model is experienced through the implementation of a PostgreSQL data warehouse fed from

different sources using Talend ETL (Extract Transform Load). ETL is used to retrieve data from a source,

to process those data (cleaning, formatting or structural change) and to load data in another file or

database.
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The reporting tests made, with the Pentaho tools, on our data warehouse confirm

the completeness of the model.

4.2 Decision Tree

The ‘‘W-Random Tree’’ algorithm3 is applied to describe the vector diversity of the

locality related to the studied area ponds.4 The focus has particularly been put on the

potential vectors of RVF (Aedes vexans—blue bar, Anopheles—red bar, Culex

poicilipes—green bar). This analysis (Fig. 4)5 of the vector diversity by locality

essentially confirms:

• the high presence of Aedes vexans in Niakha, Ngao and Barkédji;

• the high presence of Culex poicilipes in Ngao and Kangalédji;

• very few Anopheles in Belli Boda and Furdu.

It is therefore worth identifying the similarity points among these geographical

areas. Various studies have shown that the Sahelian climate characterizes all

these localities. Then, it became interesting to focus on their water parameters

using the space–time patterns.

4.3 Spatio-Temporal Patterns

The data warehouse is transformed in a database of sequences with the algorithm

proposed by Alatrista et al. (2011).

This method first retrieves the list of all frequent occurrences (or frequent item)

in the database based on the minimum support. A frequent item means that a pattern

of greater length was found. For our experimentation, we use data sets for climate

elements (temperature, wind, rainfall…) and water quality parameters of the ponds

Fig. 4 Distribution of vectors in studied area

3 Tests were performed with RapidMiner to which we integrated the Weka algorithms.
4 This graphic format was chosen to facilitate interpretation by trade experts.
5 The number in parenthesis represents the total number of captured vectors in the studied area.
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(acidity content, dissolved solids, temperature…).6 Two analyses have been carried

out: pond gathered data and site gathered data. For the first data set (ponds), the time

dimension is a great deal varied, with a 0.9 minimal support (at least 90 % of the

ponds meet the supplied sequences requirements), 21,131 frequent sequences are

obtained (Table 1).

These obtained patterns make it possible to certify that the water quality of the

five (5) study ponds of the Ferlo zone (Fig. 1) is very similar. Indeed, these patterns

have a 100 % support. This means that all the ponds analysed during similar periods

have exactly the same behaviour. It is so equally deemed more relevant to confront

the variants of the ponds with those of the meteorology-climate environment to

control the impact of the latter on the pond water quality. Thus, studying the same

data on the basis of the rainfall stations and posts, we obtained very diversified

supports, varying between 44 % (temperature, pH, dissolved solids) and 94 %

(temperature; Table 2). This data set includes more geographical areas (localities)

but fewer dates. The results consist of 67,912 for a 0.4 minimal support (at least

40 % of the localities meet the sequence requirements).

These latest results provide no coherent interpretation. Indeed, this analysis

brings no answer based on possible correlations among the pond water character-

istics and those supplied by meteorological automatized stations. The low time

density could justify this. The meteorological data confirm that the rural community

climate in these study areas is very similar. It should then be fit to focus on other

parameters such as soil quality to be able to justify the study area vector diversity.

5 Conclusion and Perspectives

As a reminder, the present research work aims at proposing a decision environment

describing the interactions between the environment indicators and the spreading of

the RVF. This paper has presented the data model and a few extracts of the patterns

obtained on the pond water quality. The proposed data model makes it possible to

(1) identify the different analysis axes; (2) correlate the different quality

measurement indicators (Trujillo et al. 2003); (3) propose views corresponding to

the expectations of the different involved disciplines (Golfarelli et al. 2002).

Moreover, the data warehouse is also used as a data source for data mining tools and

the algorithm of spatio-temporal patterns. These experimentations have made it

Table 1 Patterns ‘‘Ponds’’

Patterns Support

(EC:[42.45;51.30])(TDS:[22.65;27.45])(Temp:[29.05 )(pH:[5.36;5.54]) 1 (5/5)

(pH:[5.54;5.66])(Temp:[28.35;29.05]) 1 (5/5)

(pH:[5.36;5.54])(TDS:[22.65;27.45])(EC:[42.45;51.30])(Temp:[28.35;29.05]) 1 (5/5)

6 TDS: Total Dissolved Solids, EC: Electrical Conductivity, Temp: Temperature, pH : potential

Hydrogen.
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possible to confirm that the Ferlo area ponds present the same water quality

characteristics. In spite of the weak data set, the realized experiments confirm this

integration approach of the spatio-temporal attributes to understand and have

control over the RVF health risk. For the continuation of this research work, it is

important to be able to confront the achieved results with virological data. In

addition, we are working on identifying neighbourhoods of geo-referenced objects

following polar and/or Euclidean approach. Thus, the problem will be to identify all

correlations between the geographical environmental parameters and the entomo-

logical and health data taking into account basic characters such as time and space.

Furthermore, observing the livestock transhumance should provide additional

elements for space–time projections of the RVF appearance and spreading. In data

mining, data make up the information raw material upon which the decisions should

be made. So, issues related to the data quality are the cause of the main failures in

setting up a decision system. To go thoroughly into the present approach, it would

be appropriate to propose a method for rebuilding the missing data, taking into

account their proportion and their type.
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