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Abstract

The interaction between environmental factors and the spatiotemporal dynamics of living organism is an important aspect in
ecology. We describe here a data-mining approach—the spatiotemporal assignment mining model (STAMM)—to extract the
spatiotemporal pattern, or assignment of environmental factors, which control the distribution of a living organism. In STAMM,
the spatiotemporal assignment of environmental factors is expressed via neighbourhood rules which will reflect the fuzzy or
uncertain prior knowledge about the relationship. The values of cells or points in the neighbourhood and the relationships are used
to construct a decision table. Indices expressing the probabilities of the ecological association rules are recursively processed in
order to determine the spatiotemporal assignment. These rules are objective assessments of our prior knowledge and they refine
our knowledge and understanding of the ecosystem. As a case study, we used this model to study the temperature pattern which
controls the assembling of fish in the Dasha area of the Yellow Sea in China.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

The regional spatio-temporal distribution of popu-
lations of organisms is intimately controlled by local
interactions between organisms and their surrounding
environmental characteristics (Brosse et al., 1999).
Modelling and simulation are useful tools to char-
acterise key aspects of the dynamics of ecosystems
but the capabilities of these models depend on the
available modelling techniques and computing power
(Giske et al., 1998). Many existing models on the
interaction between the environmental factors and the

∗ Corresponding author. Fax:+86-10-64889630.
E-mail address: sufz@lreis.ac.cn (F. Su).

organism do not explicitly consider the spatial aspects
(Kracker, 1999; Mackinson, 2000; Meaden, 2000).
However recently a number of modelling approaches
have utilised spatial information to analyse the distri-
bution, or the movement, of living marine organisms
(Hays et al., 2001; Letcher and Rice, 1997; Meaden,
2000; Solanki et al., 2001). Brown et al. (2000),
Gertseva and Gertsev (2002), Ji and Jeske (2000).

Some new techniques, or models, have been de-
veloped to analyse the spatial influence from the en-
vironment factors, for example, ANN (Brosse et al.,
1999), IBM (Bian, 2003; Fang et al., 1999), ES
(Mackinson, 2000), and so on. With the develop-
ment of spatial information technology, Geographical
Information System (GIS) has been used to study
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the influence of environmental factors (Du et al.,
2001; FAO-CRODT-ORSTOM, 1995; Meaden, 2000;
Somers and Long, 1994; Su et al., 2000, 2001).

Some of these research approaches analysed qual-
itatively the relationship between the distribution of
environmental factors and that of the living organism.
Others used the overlay function of the GIS to eval-
uate the suitability index of each point or area based
on the hypothesis the organism in one point or one
area is just influenced by factors in the local point or
area. However, these models don’t consider the spatial
relationship or assignment among the environmental
factors.

Living organisms are affected by local environ-
mental factors as well as factors around their neigh-
bourhood. The neighbourhood factors may influence
an organism independently, but the more complex
issue is that the influence is through spatial patterns
and spatial relationships. In this paper, the influence
of spatial structure, or the spatial assignment of the
environmental factors, will be considered using as an
example the spatio-temporal influence of sea-surface
temperature (SST) on the distribution of pelagic fish.

Fig. 1 shows that Spanish mackerel will assemble
in part of the area where the value of SST is in the
range of 9.3–10.8◦C in the south of Yellow Sea in
the first ten days in April in some years (Wei, 1988).
However, a simple linear regression between SST and
the density of fish (Fig. 2) cannot explain why there
is no fish in part of the area where SST is in the
range of 9.3–10.8◦C (Fig. 1) and why there is no

Fig. 1. Fishing areas and SST.

Fig. 2. Regression between SST and fish density.

assembling in some years although the temperature is
in the same range. A possible reason is that according
to anecdotal experience, the distribution of fish in this
area is determined by the presence of cold water mass
in the northwest in the period (Fig. 1). This cold water
mass will block the migration of fish in the period (Hu,
1995; Wei, 1988). Thus, the fish distribution relies on
the status of SST in this area and that to its north
so the regional spatial pattern of SST is important in
explaining distributions of fish.

Many studies used correlation analysis or multi-
ple least-square regression (MLR) to parametrise the
relationship between the environmental factors and
the spatial occupation of living organisms (Binns and
Eiserman, 1979; Ricker, 1975). The linear MLR
method is now a statistical tool that is used routinely
in ecology, but suffers from some drawbacks in that
the relationships between variables found in envi-
ronmental sciences are often nonlinear (James and
McCulloch, 1990).

In our case, it is difficult to take into account the
proper spatial relationship of the cold water mass with
a linear regression method. Nonlinearities between the
cold water area and the fish distribution arise because
of the Boolean relationship where the fish go north
when the cold water mass does not form. Hence, it
is difficult, with a quantitative analysis method, to
extract the spatial structure of environmental factors
which determine the distributional behavior of fish.
Integrated information techniques are clearly required
in this field.

At the same time, life cycle processes affect the
spatio-temporal response of fish to the environmen-
tal variations. For example, outside of the migration
period of the fish, there is no fish assembling when
the time is not in the period of migration of the fish
although the SST distributes asFig. 1. That means
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that both spatial assignment with its corresponding
time determines the aggregation pattern of the fish.
So, our approach in investigating this problem was
to set up a spatiotemporal assignment mining model
(STAMM) to extract the spatiotemporal assignments
that “restrict” the distribution of fish. This assignment
and its corresponding distribution of fish can be ex-
pressed as rules which can be used as knowledge in a
decision support system or an expert system. We de-
fine this kind of rule as an ecological association rule.

Much prior knowledge about the ecosystem, which
maybe fuzzy or uncertain, can be used to guide the
formulation of the analysis by suggesting types of re-
lationships and associations which might be operating.
Analysis of the data and the relationships in STAMM
provides more exact and quantitative knowledge about
the associations which may be operating within the
ecosystem. This is one of the main aims of ecological
modelling (Jorgensen, 1997).

2. STAMM

2.1. Ecological association rules

In deriving the ecological association rules, our
modelling approach will adopt some techniques used
in data warehouse mining or knowledge discovery.
Spatial association means the relationship among ob-
jects that are distributed in space (Fayyad et al., 1996;
Koperski and Han, 1995). That is to say, the spatial
attribution, or scale of an object, can be inferred from
other objects that are related with it in space.

In this paper, we develop modelling approaches to
examine spatiotemporal associations. Spatiotemporal
association means that one spatiotemporal event can
be inferred by another spatiotemporal event. Once the
attributes in a spatial structure at a special time get
their values, we say that a spatiotemporal event has
happened. In this paper, the spatiotemporal event is
an ecological event and the spatiotemporal association
is an ecological association. For example, an event
occurs when fish assemble when the SST at position
A is 5◦C with 10◦C at positionB at 3 o’clock. If
assembling of the fish is controlled by the SST ofA
andB at 3 o’clock, then an ecological association rule
can be expressed as (T, 3 o’clock) ∧ (A, 5) ∧ (B, 10)
→ (fish, assembling).

2.2. Spatiotemporal assignment

As mentioned above, the behavior of the living or-
ganism is influenced by local environment factors, and
also by the pattern of the factors around the local place.
The pattern includes the distribution of objects with
their spatial relationships. The spatial relationships in-
clude those associated with topology, distance, direc-
tion and the relative value of attributes. The pattern
will change with time. We call the pattern with its cor-
responding time as spatiotemporal assignment.

In order to express the spatial pattern, we divide
the 2-dimension space as a grid and we set the state
of the living organism in one cell as the dependent
variable of interest. We define this cell as the focus.
Our prior qualitative or fuzzy knowledge are used to
guide the selection of appropriate explanatory factors
within some areas or points around the focus which
we expect will affect the state of the focus. These areas
are defined as the neighbour, and the focus together
with the neighbours makes up the neighbourhood. As
Fig. 3shows, the shaded cell is the focus and the blank
cells or the points are the neighbours.

The shape of the neighbourhood can be a rectangle,
a circle, an annulus or a slice of a circle, Neighbour-
hoods can also be created by an irregular grid size. We
can extract one or some factors from the neighbour-
hood which might effect the behavior of the state of
the living organism at the focus. For example, temper-
ature and chlorophyll will affect the behavior of fish,
thus, we can get their values and their relative values
from each of the cells or points in the neighbourhood.
Or, if we just want to explore the relationship between
the temperature and the neighbour variables, we can
extract the temperature and its relative value only.

The behavior of the living organism at the focus
varies with the values of factors in the neighbourhood
through time. The spatiotemporal assignment is the
quantitative expression of the spatial pattern of fac-
tors, at the corresponding time, that is relevant to the
state of the focus. We define the behavior of the liv-
ing organism with its spatiotemporal assignment as an
ecological event (EE). All the factors, or their spatial
relative relationship, the time and the behavior at the
focus are defined as attributes of the ecological event.

The neighbourhood is defined by the qualitative
or fuzzy knowledge or prior experience. That means
some factors in some cells may not influence the
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Fig. 3. The structure of neighbours.

behavior at the focus. These factors or the cells can
be unselected by STAMM through the algorithm in
Section 2.5.

2.3. From ecological event to decision table

In order to extract the spatiotemporal assignment, a
decision table should be constructed. As an example,
we divide the research space as a raster as inFig. 4e
and the cells are identified by an ID, as shown in
Fig. 4e. We assume, from prior knowledge, the behav-
ior of the living organism is influenced by the state in
its-four neighbour cells. So we set the neighbourhood
as the cells which are identified by letters inFig. 4a,
where cell F is the focus.

We assume, from prior knowledge, that the behavior
of the living organism is influenced by factorsA and

Fig. 4. The sea surface expressed as a raster grid.

B. The numbers inFig. 4bare the values of factorA
at timeT1, numbers inFig. 4care the values of factor
B at T1, the number or letter inFig. 4dis the behavior
of the living organism in the focus cell at timeT1.

The numbers inFig. 4f are the values of factorA at
timeT2, the numbers inFig. 4gare the values of factor
B at T2, the number or letter inFig. 4his the behavior
of the living organism in the focus cell at timeT2.

The decision table is constructed by overlaying the
neighbourhood on the analysis area to obtain the eco-
logical event, and the attributes of the event are iden-
tified (ID) and tabulated as inTables 1 or 2. For the
particular example inTable 2, the attribute for the fo-
cus, denoted D in the table, is a binary presence or
absence (Y or N) of the decision attribute. Each row
in Table 2is derived by successively moving the focus
across the cells of the analysis grid and recomputing
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Table 1
Basic decision table

ID T AF BF D

. . . . . . . . . . . . . . .

θ T1 5 17 Y
θ T2 2 57 N
. . . . . . . . . . . . . . .

the attributes of the neighbourhood and the decision
attribute at the focus. In this way, the attribute-encoded
information is catalogued in the decision table ready
for analysis.

FactorsA andB together with the time are jointly
referred to as the condition attributeC, which has the
associated behavior attributeD at the focus cell.

Once the table is populated, a number of analysis
procedures can be performed—such as a standard re-
gression analysis. In STAMM, the basis of the anal-
yses are a set of rules which can be mined. These
rules are, for example fromTable 1, of the form: (ID,
�) ∧ (T, T1) ∧ (A, 5) ∧ (B, 17)→(D, Y). The de-
tailed description of the mining method and algorithm
will be left for Sections 2.4 and 2.5. The above rule
means that for the row representing the condition and
decision identified byθ, when factorsA andB are 5
and 17, respectively, at timeT1, then the decision at-
tribute, or activity of organism at the focus, is Y. Such
a simple relationship, however, does not consider the
spatial relationships which may be operating in the
neighbourhood. Thus, results derived from such rules

Table 2
Attributes of events with spatial neighbourhood

ID T AU AL AF AR ADo BU BL BF BR BDo D

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

θ T1 8 1 5 7 6 12 22 17 32 38 Y
θ T2 4 5 2 8 3 18 33 57 48 33 N
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 3
Attributes of events with spatial relative relationships

ID T AU . . . ADo BU . . . BDo AF–AU AR–AF . . . BF–BU BR–BF D

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

F T1 8 . . . 6 12 . . . 38 −3 2 . . . 5 15 Y
F T2 4 . . . 3 18 . . . 33 −2 6 . . . 39 −9 N
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

do not reflect the influence of surrounding factors on
the activity at the focus.

Assuming that the value ofD is affected by the
value of factorsA andB in the focus cell and that in
its neighbourhood, we should construct the table as
Table 2to extract rules such as:

(ID, θ) ∧ (T, t1) ∧ (AU,8) ∧ (AF,5)

∧(BU,12) ∧ (BF,17) → (D,Y)

In addition to the values of neighbour cells, rela-
tive values between neighbouring cells, reflecting for
instance gradients, or potential energy between two
points or areas, can also be used to construct more
sophisticated rules such as those inTable 3. An exam-
ple rule set constructed fromTable 3may be of the
following form:

(ID, θ) ∧ (T, t1) ∧ (AU,8) ∧ (AF,5) ∧ (BU,12)

∧(BF,17) ∧ (BR − BF,15) → (D,Y)

Rules such as these which integrate the attributes of
space, time and spatial relationship can be extracted
from Table 3.

2.4. Describing the ecological association
rule (EAR)

In order to systematically study the mining of eco-
logical association rules, we define some preliminary
concepts to describe the rules.
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Definition. An ecological association rule relates a
decision attributeD with a conditionC such that:

C → D C ⊂ I,D ⊂ I andC ∩ D =  (1)

whereI = {i1, i2, . . . , im} denotes the collection of
attributes associated with the ecological event (EE),
and the itemim may denote a temporal, spatial, non-
spatial, or a relative value attribute. Once the values of
I are set, we call it an ecological event (EE) and use
EEID to identify it. The list of ecological events (EE)
are arranged as a decision table and identified as an
ecological decision table (EDT). Each recorded row
in the table is an ecological event. The formula in (1)
implies that the condition attributeC can be used to
infer or resolve the status of the decision attributeD.

For describing the importance of each rule, we de-
fine four indices:

Index 1: Confidence

CCD = |{EE :C ∧ D⊆ EE,EE ∈ EDT}|
|{EE :C ⊆ EE,EE ∈ EDT}| = c%

(2)

CXY expresses the Confidence of the ruleC
→ D. The formula means thatc% of conditions
C support the decisionD on the premise thatC
is in the EDT. That is to say,CCD shows how
much of the probability ofD is captured inC.
For example, if there are 100 ecological events
within which the consistency of chlorophyll lies
in the range ofR in a special areaA, and of those
events 60 result in fish assembling at the focus.
That means the Confidence of the rule:

(consistency of chlorophyll,R) ∧ (Position,A)

→ (fish,assembling) is 60%.

Index 2: Support

SCD = |{EE :C ∧ D ⊆ EE,EE ∈ EDT}|
|EDT| = s%

(3)

SCD is the Support of the ruleC → D. It is
defined ass% of the events in the table which
supportC andD. That is to say,SCD shows how
much the probability ofD together withC is. For
example, if there are a total of 200 records in the

table and there are 60 records that (chlorophyll,
R) ∧ (Position,A) and (fish, assembling) in the
same record.

That means the overall Support of the rule:

(chlorophyll,R) ∧ (Position,A)

→ (fish,assembling) is 30%.

Expected Confidence

ECCD = |{EE :D ⊆ EE, EE ∈ EDT}|
|EDT| = e%

(4)

ECCD is the Expected Confidence of the ruleC
→ D. That meanse% events in the table support
D. That is to say, ECCD shows how much the
probability ofD is in the table. For example, there
are 200 records in table and there are 80 records
that (fish, assembling). That means the Expected
Confidence of the rule:

(chlorophyll,R) ∧ (Position,A)

→ (fish,assembling) is 40%.

Lift

LCD = C(C → D)

EC(C → D)
(5)

LCD is the Lift of the ruleC → D. It describes,
to D, how importantC is. If there are 200 records
in the table, and of those 100 are of records
(chlorophyll,R) ∧ (Position,A), 80 records (fish,
assembling), 60 records (chlorophyll,R) ∧ (Po-
sition, A) ∧ (fish, assembling). That means the
Lift of the rule:

(chlorophyll,R) ∧ (Position,A)

→ (fish,assembling) is 1.5.

The indices also can be expressed by probability
formulas which are summarised inTable 4.

The Confidence evaluates the suitability of the rule
when it is used to infer the ecological event. The Sup-
port describes how important the rule is in the ecolog-
ical event table. The Expected Confidence describes
the support forD when C is not taken into account.
The Lift describes the influence onD from C. The
higher the Lift is, the more the influence onD from C.
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Table 4
Probability formula of the index of the association rule

Index Description Formula

Confidence Probability ofD at the
premise ofC

P (D/C)

Support Probability of
intersection ofD andC

P (C ∩ D)

Expected
Confidence

Probability of D P (D)

Lift Ratio of confidence to
expected confidence

P (D/C)/P (D)

In general, the value of the Lift of a useful rule should
be larger than 1 because if the value of Confidence is
larger than that of the Expected Confidence, it implies
that C does affectD or there is some relationship be-
tween them. If the value of the Lift is smaller than 1,
the rule is not of value.

The Support or the Confidence can reflect the ap-
propriateness of the rule mined directly. The defini-
tions of EAR and its indices show there are always
association rules between any two attributes although
the values of the indices of the rules are different. So,
an infinite number of rules will be found from the ta-
ble if we do not impose the minimum value of Confi-
dence or Support. In fact, the interesting rules are those
whose Support or Confidence is larger than a special
value. So the threshold for the Support or Confidence
should be given when mining the rule. The threshold
of Support is called the minSupport and the threshold
of Confidence is named the minConfidence. Too many
valueless rules will be mined and the computing time
will be too long if the threshold is too small. And,
valuable rules will be lost if the threshold is too large.

2.5. Mining algorithm

After the ecological events are expressed inTable 3,
the mining algorithm should be applied. Our algorithm
is designed as a recursive algorithm based on the Fre-
quent Item Set (Agrawal et al., 1993) paradigm. It can
be divided into two phases:

(1) Searching attributes whose Confidence or Support
is larger than the minConfidence or minSupport
level. These attributes are named as the Frequent
Item Set.

(2) Selecting the rules from these Frequent Item Sets.
In general, ifA1A2A3A4 and A1A2 are Frequent

Item Sets and the Confidence or the ratio of Sup-
ports ofA1A2A3A4 andA1A2 is larger than min-
Confidence, that ruleA1A2 → A3A4 is selected.

The detail process list of the algorithm is as follows:

(1) Frequent setL1 = {large 1− item sets}
(2) for (k = 2; Lk−1 �= ; k++) do begin
(3) Ck = −extension (Lk−1); //new

candidate set, extensions fromLk−1
(4) for all ecological events EE∈ EDT do

begin
(5) Ct = subset (Ck t); //candidate set

contained in EDT
(6) for all candidatesc ∈ Ct do
(7) c. count++
(8) end
(9) Lk = {c∈Ck/c. count≥ minsupp}

(10) end
(11) Answer= ∪kLk

The algorithm requires firstly getting the frequent
1-item setL1, then getting the next frequent 2-item set
L2, this iteration is repeated till the point at whichLk
is none, and the process is stopped. For each attribute
in the aggregate of candidateK-item set,Ck is an
attribute aggregate which is added to the frequent set
Lk−1.

In general, if the attribute is a numeric value and
its domain of values is large, it should firstly be par-
titioned into different intervals, after which it can be
mapped for each (attribute, interval) pair to a boolean
attribute which is more suited to applying the algo-
rithm. For example, if the domain of value ofA is [l,
r], it can be divided into ranges [lk, rk] and the (A,
value) can then be mapped to (A, K).

3. Experiment

In this section, we use the model to study why and
when the fishing ground will come into being in the
Dasha area in the north of Yellow Sea. The fishing
ground is assumed to be established where the catch
per net is larger than 500 boxes.

Our analysis grid, surrounding the fishing ground is
shown inFig. 5 with the decision focus cell denoted
by a box surrounded by a neighbourhood comprising
cells denotedT1, T2, . . . , T9, Ta, . . . , Tg. We extract
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Fig. 5. The neighbourhood definition.

the temperature of the neighbourhood and the fish den-
sity at the target as inTable 5, where ID denotes the
identification number for the target cell, Week denotes
the week number. For example, 8801 denotes the first
week in the year of 1988.T1, T2, . . . , Tf , Tg denotes
the temperature at their respective positions.Tg–T1,
Tg–T2, . . . , Td–T3, Td–T4 are the relative values of
SST between the respective cells. Density is the catch
per net in the target cell.

The SST is derived from the NOAA satellite image
and the density is calculated from fishing catch data.
We assume that temperature represents the condition
attributes and density as the decision attribute.

Table 5
Fishing ground condition attributes for different weeks, and the density attribute at the focus

ID Week T1 T6 T7 Ta Tb Tg . . . Tg–T1 Ta–T7 Density

888 8801 11.5 14.2 14.1 15.1 17 18 . . . 6.5 1 0
888 8901 11.7 11.2 12.1 11.3 12.3 13.8 . . . 2.1 −0.8 4170
888 9001 13.3 14 12 14.7 15 16 . . . 2.7 2.7 1275
888 9101 13 13.1 13 14.8 13.8 15 . . . 2.0 1.8 2650
888 9201 14.2 13.7 13.7 14.6 14.3 15.2 . . . 1 0.9 0
888 9301 13 13.9 12.9 14 14 17 . . . 4 1.1 1112
888 9401 12.3 14.8 15 13.4 14 17.1 . . . 4.8 −1.6 740
888 9501 12.5 12.7 12.3 14 13 16.4 . . . 3.9 1.7 0
888 9601 12.7 12.6 11.6 13.1 13.5 14.6 . . . 1.9 1.5 0
888 9701 11.5 13 13.9 11.7 13.9 16.5 . . . 5 −2.2 0
888 8802 11.4 14.5 14.0 15.3 16.7 17.8 . . . 6.4 1.3 0
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

3.1. A correlation analysis

We used the nonparametric Spearman rank corre-
lation to test the relationship between the condition
attributes and the decision attribute inTable 5. We
found that the significance level is relatively large that
the correlation is not significant. However, despite this
we can not say that there is no relationship because
a correlation, or rank correlation, analysis may not be
suitable in this application.

3.2. Spatiotemporal assignment extracted by STAMM

In order to apply the STAMM algorithm, we sim-
plified the attribute information by firstly partitioning
the values into intervals as follows and constructing
the attribute (Table 6):

Intervals for temperature: a: ∼12.9; b: 13.0–15.0;
c: 15.1

Intervals for the density: Yes: density> 500 boxes
per net; No: density≤ 500 boxes per net

Intervals for the relative temperature:

(1) Y: �T ≥ 1; N: �T < 1. When the distance
between two positions is one cell.

(2) Y: �T ≥ 1.5; N: �T < 1.5. When the dis-
tance between two positions is two cells.

(3) Y: �T ≥ 2; N: �T < 2. When the distance
between two positions is three cells.

Many rules can be extracted from the table and
the choice as to which are useful or not depends on
the analysis, or interpretation, which is possible and
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Table 6
Coded interval attributes for the STAMM decision table analysis

ID Week T1 T6 T7 Ta Tb Tg . . . Tg–T1 Ta–T7 Density

888 8801 a b b c c c . . . Y Y No
888 8901 a a a a a b . . . Y N Yes
888 9001 b b a b b c . . . Y Y Yes
888 9101 b b b b b b . . . Y Y Yes
888 9201 b b b b b c . . . N N No
888 9301 b b a b b c . . . Y Y Yes
888 9401 a b b b b c . . . Y Y Yes
888 9501 a a a b b c . . . N Y No
888 9601 a a a b b b . . . Y Y No
888 9701 a b b a b c . . . Y Y No
888 8802 a b b c c c . . . Y Y No
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

guided by our knowledge of the fishery. For example,
we can choose one rule with the highest Confidence
to analyse:

(ID,888)∧(WEEK,1)∧(T6,b)∧ (Ta,b)∧ (Tg–T1,Y)

→ (Density,Yes) 100%

The rule shows, for the target cell in the first week,
there will be a fishing ground if the temperature of its
left-upper position point lies in the range of 13–15◦C
and that of its left-lower is in the range of 13–15◦C and
there is a special difference of temperature in the di-
rection of southeast-northwest. The difference of tem-
perature in the direction of southeast-northwest makes
the fish concentrate in a relative small area hence the
density of fish is high.

4. Discussion

The example experiment shows that in situations
where simple linear or nonparametric correlation ap-
proaches fail, rule-based data-mining approaches such
as the STAMM algorithm developed in this paper can
successfully model the information.

The STAMM model can incorporate fuzzy knowl-
edge as prior experience in formulating the definition
of the neighbourhood and the appropriate condition at-
tributes. Through the model the fuzzy knowledge can
be refined in the selection of those rules with good per-
formance criteria (confidence, expected confidence,
support and lift). As the experiment shows, prior fuzzy

experience suggested an expected influence on fish-
ing assembling, SST, and SST gradients, around the
focus area. Analysis by the STAMM model yielded a
robust rule which incorporated this prior knowledge
as shown inSection 3.2.

The model based on a raster grid makes it conve-
nient to get information on spatial relationships be-
tween cells. And the raster data structure is suitable
for analysing temporal change. This is also the for-
mat for data derived from remote sensing informa-
tion, for example, temperature, chlorophyll, or sand,
and so on. However our STAMM modelling approach
can handle other forms of spatial neighbourhood ar-
rangements including points, cells, polygons and in-
deed 3-dimensional or multi-dimensional information.

There are two points which we draw attention to:
The first is how to define the neighbourhood. If the

neighbourhood is defined too small (in relation to the
influence of the surrounding spatial area on the fo-
cus) or some relationships are missing, this will result
in the rule set not being complete, or that it cannot
be successfully mined. But if the neighbourhood is
too large or there are too many potential relationships
(compared to the available information), long compu-
tations will be required and the resulting rule set may
not be robust.

Similarly, in the definition of neighbourhood condi-
tions, the attributes that should be selected into the ta-
ble are a problem. If too many attributes are selected,
that will make the computing time long. But if too
few attributes are selected, that will result in the rule
mined being incomplete, or the rule cannot be mined.
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If the neighbourhood defined includesm cells andn
attributes that are to be taken into account, then there
aremn + nC2

m condition attributes in the decision ta-

ble and it should search the table
∑mn+nC2

m

k=1 Ck
mn+nC2

m

times. If one cell is added into the neighbourhood
and the number of attributes isn, the search time

will be
∑(m+1)n+nC2

m+1
k=1 Ck

(m+1)n+nC2
m+1

. If one more

attribute is added into the table and the cell number
in the neighbourhood ism, the search time will be
∑m(n+1)+(n+1)C2

m

k=1 Ck
m(n+1)+(n+1)C2

m
. That is to say, if

the cell number is 9 and the attribute number is 1,
it should search the table 69× 109 times. If the cell
number is 10 and the attribute number is 1, it should
search the table 36× 1015 times. If the cell number is
9 and the attribute number is 2, it should search the
table 1.2 × 1027 times. So caution must be exercised
when we select the neighbourhood and the attributes.
If we do not take the difference of values between two
cells, the number of searches will decrease markedly.

Another problem is how to partition the values into
intervals. If the interval is not partitioned properly such
that the range of each interval is too short, too long, or
the points divided are not the appropriate points, the
rule mined will not be compete, or the rule cannot be
mined.

There are two ways to resolve these two problems:
The best way is to obtain prior expert knowledge,

even if it is qualitative or fuzzy, to determine the form
of relationships that might be usefully examined. In
complex problems, this knowledge is needed to guide
the selection of an appropriate neighbourhood range
and the necessary attributes, with their form of re-
lationship with the focus. These condition attributes
need to be encoded, or partitioned into suitable inter-
vals, in order to simplify and guide the resulting com-
putations. Incorporation of prior knowledge is thus a
key element in the design and interpretation of the
analyses.

If there is no prior background on the research prob-
lem, the solution has to depend on brute-force com-
puting. So in defining the neighbourhood, or selecting
the attributes, we need to define the neighbourhood
large enough (to encompass conceivable interactions)
and select enough attributes. Using our four previ-
ously defined performance criteria, the algorithm can
choose those cells, and the attributes which are signif-

icantly related with the decision attribute in the focus
cell. When partitioning the intervals, a few sets of in-
tervals may need to be trialled. The mining alrogithm
will need to be applied to each set of intervals, in or-
der to search the rule sets with reference to the perfor-
mance criteria and to select the best set of condition
attributes and rules.

While the computer can mine the rules, it cannot
provide understanding about these rules. So a key task
after mining the rules, is to analyse the rationality of
the selected condition attributes and rule sets and to
iteratively select those which are meaningful.

5. Final remarks

With the development of technology, the difficulty
to obtain data is decreasing and the difficulty to
analyse the huge volume of data is increasing. That
is to say, it is technically more difficult to extract
knowledge from the huge volume of data which are
currently being stored in databases. We have pre-
sented in this paper a data-mining approach that uses
the theory of raster GIS to mine the relationships, or
rules, between environmental attributes and the be-
havior of living organisms. Spatial neighbourhood is
used to get the attributes of spatial structure and then
a decision table is constructed from which the tempo-
ral attribute is analysed as a condition attribute. After
recursion, ecological association rules are mined and
the spatiotemporal assignments are extracted using a
set of performance criteria developed here. Our ex-
ample experiment showed that the STAMM model
can successfully analyse the nonlinear rule-based
relationship even when nonparametric correlations
fail.

The characteristics of STAMM may be summarised
as following:

(1) The continuos space and time of ecological pro-
cess is discretised by the model.

(2) The uncertain or fuzzy prior-experience or knowl-
edge can be reflected in the model.

(3) The prior knowledge will be refined as quantita-
tive rules when data are mined by the model. This
refined rule can be used in expert systems to pre-
dict the behavior, or spatio-temporal occupancy of
living organisms.
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(4) The model can deal with the nonlinear relation-
ships between the environment pattern and the liv-
ing organism.

The biggest merit of STAMM is that it can extract
the spatiotemporal assignment which affects the be-
haviour or spatial occupancy of living organisms.
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