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ABSTRACT

This paper introduces an evolving computational and a statistical model for quantitatively estimating the
establishment potential of a pest insect and compares their performances. The models were used to predict
the establishment potential of Planocuccus citri (Risso), the citrus mealybug. They have the common
clustering and probability evaluation modules, but very different regression modules. The evolving
computational model uses a dynamic neuro-fuzzy inference system to build the estimation function. The
statistical model employs a multiple linear regression model in its final stage. The evolving computational
model is preferred because (1) it creates fuzzy rules providing knowledge about how the pest responds to
influential environmental variables, and (2) it is able to accept new data during its operation. The model can
be incrementally trained and rules can be extracted from the model explaining the relationship between
conditions and probability of pest establishment.

Keywords: Pest risk assessment, Establishment potential, Evolving clustering, Dynamic evolving neural-
fuzzy inference system, Multiple regression.

1. INTRODUCTION

A variety of methods have been designed to predict the likelihood of pest establishment upon a
species introduction into an area (Barker et. al., 2002; Dentener et. al., 2002; Dobesberger, 2000;
Dobesberger, 2002; Stynes, 2002). The methods range from those using a graphic approach (Cook, 1925)
to those using computer based decision tools such as BIOSECURE (Barker et. al., 2002) (a tool for
management of biosecurity risk to New Zealand’s indigenous ecosystems). It is observed that, (1) a number
of methods have been developed specifically for problems at hand, and therefore have relatively narrow
applicability, and (2) usually only one method was applied to a data set, and therefore there is a lack of
comparative papers that show advantages and disadvantages of using different methods on the same data
set.
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Methods that compare climates in a pest’s current location with those in the pest free locations
have been very popular and are often used for predictive modeling of species habitat distributions
(Dentener et. al., 2002; Dobesberger, 2000; Dobesberger, 2002; Cook, 1925; Baker, 2002; Cohen, 1998).
The role of climate on a pest’s establishment has been extensively studied and an area’s climatic suitability
is considered to be a very important factor that will determine whether a pest is likely to establish in new
areas (Baker, 2002). In particular, temperature, relative humidity, soil moisture, and their combined effects
are considered to play an important role on pest establishment and distribution (Baker, 2002). The analysis
of the response of a pest to influential environmental variables is often so complex that traditional methods
are not very successful and researchers propose using methods based on artificial neural networks (Lankin,
et. al., 2001). Due to nature’s continual change there is a need for models that are able to learn about new
environments that a species might occupy as they become available, without forgetting knowledge that has
been previously acquired. Worner et. al. (2003) stated artificial neural networks as a promising tool for
decision support in ecological research.

This research describes and compares two models for predicting the establishment potential for a
pest in new locations using a case study, Planocuccus citri (Risso), the citrus mealybug. The models use an
evolving computation in a probabilistic estimation of the likelihood the pest will establish at the particular
locations. The predictions are expressed as numeric values, normalized between 0 and 1. The quantitative
methods proposed here can be used to assess the possibility of an establishment before the actual
introduction of the pest.

The remainder of this paper is organized as follows: Section 2 introduces the proposed models; in
Section 3, we show an example of application of the models; results and comparisons are given in Section 4
and conclusions are given in Section 5.

2. THE PROPOSED MODELS

The assessment of the establishment potential can be formulated by the following:
Given a domain data set: D = {Xl, X5, --,Xk,Y}, where Xi(i =1,-- -,k) are attributes D, and Y is

a discrete attribute to be estimated, suppose Y has m non-overlapping values yi,y,**,Y,, in D, and
d =Xx],Xp,"*+, X,y is one sample of D . The target is to predict ¥ in terms of X by numerical

function estimation Y = f(Xl . ¢ )
The proposed models, called Model A and Model B, comprise two identical stages and one unique
stage (see Fig. 1). Model B is an evolving system because all three stages comprise an evolving method. If

anew, yet unseen transaction of I, appears in the Model B input, all three stages will adapt their output to
accommodate the new input. This model can be used for on-line prediction applications. Model A’s
multiple linear regression stage is a static prediction method and therefore Model A is not suited for
adaptive predictions.

2.1. ECM clustering

The clustering stage utilizes an evolving clustering module called ECM (Evolving Clustering
Method). ECM is a fast, one-pass algorithm for dynamic clustering of input stream data, where there is not
a predefined number of clusters (Kasabov, 2002; Kasabov and Song, 2002). This algorithm is a distance-
based clustering method where the cluster centers (called “prototypes”) are determined online such that the

maximum distance, MaxDist , between an input sample di and the closest prototype cannot be larger
than a threshold value, Dy, .

Although, the algorithm does not require a pre-set number of clusters, the number of clusters can
be user-controlled by selecting a value for the clustering parameter Dyy,,.. This parameter can be adjusted

during the on-line clustering process, depending on some optimization and self-tuning criteria (Kasabov,
2002). ECM partitions a data set into f clusters:

D={a,}V ={c1.Cp.Ce} where E)1. (1)
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Figure 1. The proposed models.

2.2. Probability evaluation
Given Cl,Cz,---,Cér} are clusters from a clustering module. For each cluster

C; e {Cl ,C 2,7 C 5} the following mean vector can be calculated:

Ci
Zx
XiCZ%,where i=1,---,&. ()
The probability p(Y|X ) for cluster C; is given by:
C[ m k
S S o)
p; . X, )= j=1 a=1 b=1 3)
l( | 1>42 k) |Ci|
k
According to Bayesian theory (Neter, 1990) p(ya|x1,x2,~~,xk)= p(ya|xb) and Eq. (3) can be
e
reformulated as
Ci m
ZZP()’a|xl’x2""’xk)
PE(¥lxp, xo,e o 2 ) = L2197 . “
l( | 1>42 k) |Ci|

To keep the problem simple, suppose that the pest establishment potential is a one-dimensional vector. In
this special case m =1, and Eq. (4) can be further simplified as
C

i

p()’a|xlax2a"'7xk)
PiC(Y|x1’x2""’xk): =

)
Cil

2.3. Multiple liner regression
Multiple linear regression (MLR) was applied to X ¢ using:
Y= 1(®)= fulPe.x°) (©)
where fR denotes a regression function,

pP* :{Pf(Y|x1’x2""’xk),"',Pg(y|x1,x2"",xk)} @)
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XC:{XIC’XE,...’XE} (7)
It should be noted that, the regression is performed between clusters C , instead of between transactions in
D . This enables the model to estimate probability without losing the key information among clusters.

2.4. Dynamic Evolving Neural-Fuzzy Inference System (DENFIS)

DENFIS is a fuzzy inference system based on the Takagi-Sugano fuzzy Inference System
(Kasabov, 2002; Kasabov and Song, 2002). The system combines on-line learning from data, rule insertion,
rule extraction and inference over these rules. It evolves through incremental, hybrid learning, and
accommodates new input data through local element tuning. New fuzzy rules are created, updated and can
be extracted during the DENFIS operation:

Rule k:
if X1 is GaussianMF(c1k c2k) and X2 is GaussianMF(c3k c4k) then Y = B0+ 1 * X1 + 2 * X2
The details of the algorithm can be referenced in Kasabov (2002).

3. APLICATION OF MODELS

Meteorological data were compiled from 454 worldwide locations where the Planocuccus citri
(Risso) has been recorded as either present (223 locations) or considered absent (232 locations). Each
location is described using a 16-dimensional vector of temperature and a class designator (present/absent).

The ECM partitioned the domain data set D into 20 clusters. The partition is shown in Fig.2. The
input data samples (circles), the cluster centers (crosses) and their cluster radii are projected in the 2D input

space of the first two input variables X; and X, . The maximum distance, MaxDist , between one

transaction of D and the corresponding cluster center is 0.3450.

Next, we employed the common probability evaluation module (Eq. (2) and (5)) to estimate pl-c
for each ECM cluster.

Thereafter, P and X were used to build the estimation function by the multiple linear
regression module and DENFIS. The regression formula obtained by MLR is:

Y = 1.8197 - 0.90427*X1 - 2.4855%X2 - 0.00056387#X3 - 0.014388*X4 + 0.028924*X5 - 1.8115%X6
+ 2.7894*X7 - 0.6598%X8 - 0.93585*X9 + 1.7763*X10 + 0.89117*X11 - 2.3186%X12 + 3.3508*X13
+0.18488*X14 + 0.21186*X15 - 0.12459*X16

Consequently, we obtained fifteen rules from DENFIS, each of them representing the 15 rule
nodes created during learning. The first two extracted rules are as follows:

Rule 1:
if X1 is £(0.20 0.75) and X2 is f(0.20 0.70) and X3 is f(0.20 0.10) and X4 is f(0.20 0.53) and
X51is £f(0.20 0.33) and X6 is f(0.20 0.73) and X7 is f(0.20 0.75) and X8 is f(0.20 0.76) and
X91is £f(0.20 0.76) and X101is £f(0.20 0.72) and X11 is £f(0.20 0.71) and X12 is f(0.20 0.69) and
X13is£(0.20 0.69) and X14 is f(0.20 0.71) and X15 is f(0.20 0.72) and X16 is f(0.20 0.71)
then Y =-2.45-27.88%X1 -150.94*%X2 - 1.27*X3 - 4.04*X4 + 4.65*%X5 - 59.00%X6 + 85.32*%X7
- 19.85%X8 - 29.54*%X9 + 72.00*X10 + 45.41*X11 - 129.34*X12 + 203.15*X13 + 11.39*X14
+ 12.75%X15 - 6.59*%X16

Rule 2:

if X11is£(0.20 0.48) and X2 is f(0.20 0.53) and X3 is £f(0.20 0.19) and X4 is £f(0.20 0.22) and
X51is £f(0.20 0.07) and X6 is f(0.20 0.48) and X7 is f(0.20 0.48) and X8 is f(0.20 0.47) and
X91is £f(0.20 0.47) and X101is £f(0.20 0.49) and X11 is £f(0.20 0.53) and X12 is f(0.20 0.52) and
X13is f(0.20 0.52) and X14 is f(0.20 0.54) and X15 is f(0.20 0.55) and X16is f(0.20 0.53)

then Y = -245-27.88*%X1 -150.94%X2 - 1.27*X3 - 4.04*X4 + 4.65*X5 . ..
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Figure 2. Result of clustering the data by ECM.

4. RESULTS AND DISCUSSION

The proposed models were used to estimate the establishment potential for Planocuccus citri
using, using a database of temperatures associated with the global sites where the pest has either been
established or considered absent. Table 1 and 2 list the establishment potential predicted by the two models.
Each location is described by a pair of coordinates (latitude, longitude), which are given in column 2. The
predictions by Model A and B are presented in column 3 and 4 respectively. Column 5 lists the known
establishment status of the pest (presence: 1, absence: 0).

The results show that both models gave the same predictions, regardless of their different
regression formulae. The highest establishment potential was obtained for the 12 locations where the pest is
already recorded as present. The location in Canada with the latitude/longitude of 46.17/60.05 (Table 1)
and where the pest is not known as being present has given a high score, and should be considered as a
location where the citrus mealybug’s is likely to establish upon its introduction. Four locations have
calculated establishment potential less than 0.2 (Table 2). Three of those are locations where the citrus
mealybug is considered absent.

Table 1. Prediction results obtained by Model A and Model B. The establishment potential > 0.7.

Location (Latitude, Longitude) Model A Model B P/A
Valencia 39.5,-04 1 1 1
Lima -12.1,-77 0.86931  0.86931 1
Torit, Sudan 44,325 0.83524  0.83524 1
Juba, Sudan 4.87,31.6 0.83323  0.83323 1
Ghana 8, -1 0.7466 0.7466 1
Ibadan, Nigeria 7.4,3.9 0.74544  0.74544 1
Rwanda -2,30 0.7367 0.7367 1
Uganda 2,32 0.72937  0.72937 1
Zhejiang, China 29, 120 0.71056  0.71056 1
Trinidad, Cuba 21.48, -80 0.71012  0.71012 1
Fujian, China 26,118 0.70931  0.70931 1
Daka, Senegal 14.7, -17.5 0.70635 0.70635 1
Sydney, Canada 46.17, -60.05 0.70601  0.70601 0
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Table 2. Prediction results obtained by Model A and Model B. The establishment potential < 0.2.

Location (Latitude, Longitude) MLR DENFIS P/A

Sehore, India 23.1,77.05 0 0 0

Bhopal, India 23.2,77.2 0 0 0

Khalkh-Gol, Mongolia ~ 47.62, 118.62 0.16965 0.16965 0

Uttar Pradesh, India 27, 80 0.16158 0.16158 1
5. CONCLUSION

In this paper, we introduced an evolving computational and a statistical model for calculating the
establishment potential of a pest insect. The models are suitable for applications when the response of a
biological population to influential environmental variables is unknown.

In the experiment, we used both models for predicting the establishment potential of the citrus
mealybug. The results of the experiment show that both models gave the same predictions, regardless of
their different regression formulae. The evolving model is preferred because it is not only able to accept
new data during its operation, but also it creates fuzzy rules that are useful to researchers in the study of
pest-environmental relationships. During learning the model created 15 rules explaining the relationship
between conditions and probability of pest establishment. It is recommended for applications where new
data has to be accepted on-line. The proposed statistical model employs a multiple linear regression model
in its final stage, so it cannot be used when on-line operation is required.
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