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Abstract 
The author's rough set based knowledge induction methodology (Aldridge 1998) 
and the C4.5 decision tree algorithm (Quinlan 1993) are applied to spatially refer-
enced ecological data to develop models making use of spatial relationships. The 
data set records the habitat characteristics and the population distribution of a spe-
cies of Australian arboreal marsupial, Peteroides volans, commonly known as the 
greater glider possum. The study area is 1600 hectares of south-eastern Australian 
coastal ranges and tableland. The ability of the possums to glide between trees sug-
gested that identifying spatial relationships between habitat variables might be im-
portant when predicting local population density. A variable-sized "context win-
dow" is used in the search for spatial relationships.  

Other researchers using several machine learning methods to generate both spatial 
and non-spatial models have already studied the greater glider dataset. The results of 
these earlier studies are used as benchmarks against which to compare the results of 
the present work. The models developed using the rough set based algorithms are 
found to be statistically indistinguishable in terms of classification accuracy from 
the best of the models reported in the literature. 
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1.0 INTRODUCTION 
The objective of this research is to place the rough set based knowledge induction methodology (RS-GKDD) 
developed by the author (Aldridge 1998) in the context of other approaches to the machine induction of spatial 
and non-spatial ecological knowledge.  

This study uses data describing the distribution of a species of arboreal marsupial living in the forests of south-
eastern Australia, the possum Peteroides volans, commonly known as the greater glider. This species is regarded 
as, "an indicator of the suite of arboreal marsupials present in the area." (Stockwell et al. 1990: 36.) The 1600-
hectare study area is located in the region's coastal ranges and tableland. It is part of a wildlife reserve that has 
been intensively studied. Researchers have sought effective means of predicting the possum's distribution indi-
rectly by using more readily available and less expensive knowledge (op. cit.). Stockwell et al. (1990) collated 
data from earlier investigations and used them to develop several models aimed at predicting the distribution of 
greater gliders. The methods and algorithms used are summarised in Table 1. 

The methods referred to in Table 1 are briefly described in Stockwell et al. 1990. Note that the maximally gen-
eral classification (MGC) is the one decision class that occurs most frequently in the training data. It provides a 
simplest model baseline. On the other hand, the maximally specific classification (MSC) is a decision table con-
sisting of all unique antecedents in the training data. Each antecedent is associated with its most common deci-
sion. When this model is used to classify its training data it provides a useful measure of the level of inconsis-
tency ("noise") in the data. A totally consistent MSC model would classify all training instances correctly. 
Stockwell et al. report a classification accuracy of 74% for their non-spatial MSC greater gliders model.  



 

  

 

In Stockwell et al.'s experiments the ID3 (Quinlan 1986) and CART (Breiman et al. 1984) machine induction 
algorithms generated the best models having 57.3% and 54.8% classification accuracies on randomly chosen test 
data. 

All the models generated by Stockwell et al. were non-spatial; the decision for a given instance was determined 
solely by its local properties. No allowance was made for possible spatial relationships. Pearson and McKay 
(1996) reviewed the results of this study and argued that spatial relationships could be important because of the 
greater glider's conflicting feeding and nesting requirements, combined with its relative ease of movement 
through the forest canopy. These authors then conducted a series of new experiments using the same data. They 
used the Rulefinder decision tree algorithm, which they describe as similar to CART. A non-spatial baseline 
experiment gave a classification accuracy comparable to the earlier CART result (52.3%).  

Table 2 shows the spatial relationships used by Pearson and McKay for inductive learning. The relationships for 
experiments 4a and 4b define a spatial neighbourhood, or window. Experiments 5a and 5b constrained this 
neighbourhood to a distance of one raster unit and therefore only selected elements adjacent to the focus ele-
ment. This defined a spatial context window with a unit length parameter. This approach is also used in the pre-

Table 1 Modelling methods reported by Stockwell et al. (1990) 

Method/Algorithm Model Code 
Multiple regression (stepwise) Linear MR 
Principal components analysis Decision table PC 
Knowledge acquisition Rule base (describing 

expert’s mental model) 
KA 

Machine induction - CN2 Decision tree CN2 
Machine induction - ID3 Decision tree ID3 
Machine induction - CART Decision tree CART 
Maximally general classification Decision table MGC 
Maximally specific classification Decision table MSC 

Table 2 A priori spatial relationships used in the Pearson and McKay (1996) inductive 
learning experiments 

Expt.
No. 

Spatially Related Site(s) Spatial Relationship Attribute Values 

3a Any elements (u, v), (x, y) where 
(u, v) ≠ (x, y) and with property 
pi(u, v) = pi(x, y) 
 

Euclidean (real-numbered) distance 
di((x, y), (u, v)) 

3b Any elements (u, v), (x, y) where 
(u, v) ≠ (x, y) and with property 
pi(u, v) = pi(x, y) or qi(u, v) = qi(x, y) 

Euclidean distance di((x, y), (u, v)) 

4a As for 3a 
 

Taxicab (integer) distance ti  
(a) For any elements (u, v), (x, y) 
n ≤ ti((x, y), (u, v)) ≤ m where n ≤ m are 
integers  
(b) For all elements (u, v) 
n ≤ ti((x, y), (u, v)) ≤ m 

4b As for 3b As for 4a 
5a As for 3a 

 
(a) For any elements (u, v), (x, y) 
ti((x, y), (u, v)) = 1 where n ≤ m are inte-
gers  
(b) For all elements (u, v) 
ti((x, y), (u, v)) = 1 

5b As for 3b 
 

As for 5a 



 

  

 

sent study to investigate spatial relationships. 

Significantly improved classification accuracies were achieved when compared with earlier non-spatial results. 
Accuracies were 65.5% to 71.3% for the "a" experiments and 68.3 to 71.0% for the "b" experiments. Pearson 
and McKay argued that their best models approached the limit set on classification accuracy by inconsistencies 
inherent in the dataset (i.e. noise). 

Pearson and McKay argued that, because of spatial correlation proximal learning and testing data cannot ac-
cepted as independent, despite instances being randomly selected. As a consequence, a system would over-learn, 
and classification accuracy estimates would be overstated. This is a problem with spatial data, even when ele-
ment-specific (i.e. non-spatial) learning is attempted (Stockwell et al. 1990, Whigham 1996).  

Whigham (1966) used the gliders dataset to develop a series of propositional grammars that were used to induce 
programs in the form of if-then-else intensional knowledge using a genetic algorithm. For a non-spatial model 
an element-specific grammar was 'trained' on half the 400 elements in the dataset. 100 runs of the system pro-
duced 100 programs. The best six programs averaged 52.5% classification accuracy on test data, which is also 
comparable with Stockwell et al's non-spatial result. During later experiments, the initial grammar was extended 
to enable the genetic algorithm to induce statements that included knowledge of elements away from the focus 
element. In effect this defined a context window with a length parameter of 1 or 2 raster units -- equivalent to 
the spatial relationship used in Pearson and McKay's Experiment 3. The spatial relationships significantly im-
proved the average classification accuracy to 64.1%. One further grammar allowing for distances up to 5 units 
and incorporating two "bias" rule statements brought the resulting classification accuracy up to 67.2%. 

The greater gliders data has therefore been investigated non-spatially and spatially using a number of methods, 
resulting in several moderately effective models. The research reported in this paper extends these investigations 
by developing spatial and non-spatial models using the RS-GKDD method (Aldridge 1998) and the C5 decision 
tree algorithm (Quinlan 2000). 

2.0 THE GREATER GLIDERS DATASET 
The greater gliders dataset was first published as thematic raster maps by Stockwell et al. (1990). Figure 1 shows 
the forest inventory and gliders data as thematic maps. Each map is a 20 x 20 raster of 200 x 200 metre cells. 
The study area is therefore a square region of 1600 hectares. In the figure, the attribute values have descriptive 
names, but in the data they are represented by integer codes to enable more efficient processing. 

The dataset has no ratio or interval measures. All attributes except Slope and Glider density are nominal (cate-
gorical) measures. The data is therefore not suitable for numerical induction methods, but is amenable to the RS-
GKDD approach. Site quality and Floristic nutrients are ordinal measures except for the “outside of study area” 
value. The presence of ordinal data is not a particular issue when applying RS-GKDD as the ordering relation is 
not used during knowledge discovery. 

The size of the non-spatial rule space as calculated from the domain cardinalities of the six condition attributes 
and the single decision attribute is ( ) ( ) ( ) ( ) ( ) ( )3 1 2 1 6 1 4 1 4 1 3 1 4 33 360+ × + × + × + × + × + × = , ,  which is quite 
moderate. However when using a context window the number of the number of cells analysed, and hence the 
number of attributes included, increases with the square of neighbourhood distance. Therefore the rule space 
effectively increases exponentially with neighbourhood distance once possible spatial relationships are included 
in knowledge induction. 

For the research reported here, non-spatial analysis uses a text file with a column for each of the seven element 
attributes. Each row in the table corresponds to a raster cell instance (i.e. a spatial element). This dataset is re-
ferred to as "NonSpatialKRS", where KRS denotes "Knowledge Representation System".  

For spatial knowledge discovery, the data was assembled with an additional set of condition attributes for each 
neighbouring element. Two spatial context data files were prepared, one with a window length parameter of one 
unit, defining a Moore neighbourhood, and consisting therefore of nine elements, including the focus element. 
This is dataset “Context1KRS”. A second data file, “Context2KRS”, uses a context distance of two units, defin-
ing a von Neumann neighbourhood. This resulted in 24 context elements and one focus element, giving 150 
condition attributes and one decision attribute. The non-spatial data file included all 20 x 20 = 400 elements. 
However, because of boundary effects, the 9 element context window file consisted of 18 x 18 = 324 elements. 
The 25 element one had 16 x 16 = 256 elements. 



 

  

 

In this research, to support comparison of the results obtained with those obtained in earlier greater glider ma-
chine learning experiments, the validation procedure adopted by Stockwell et al. (1990) has been adopted. This 
approach to validation randomly partitions the dataset into a 'training' set of 200 elements and a 'testing' set of 
200 elements. Mean classification accuracies and standard deviations are calculated using six of these paired 
datasets. This paired approach to model generation and validation is inferior to k-fold cross validation because it 
only uses half the dataset for model induction. When cross validation is used all the data can be used to induce 
the model. Also consistent with Stockwell et al. (1990), Pearson and McKay (1996) and Whigham (1996), the 
relative accuracies of models are compared using a Student's t test.  

 

Figure 1 Thematic maps of the greater glider study area 



 

  

 

3.0 KNOWLEDGE DISCOVERY METHODS 

3.1 RS-GKDD 
The rough set (based) geographic knowledge discovery in databases (RS-GKDD) methodology provides a 
means for inducing rule-based knowledge from the digital database equivalents of chloropleth maps. It combines 
many of the elements of the comprehensive information system development "methodologies" of Kennedy 
(1993) and Maddison (1983) with the tasks of the knowledge discovery "process" described by Fayyad et al. 
(1996). The "tasks" of Fayyad et al. therefore become "phases" of an encompassing methodology, which also 
has ascribed to it a philosophy and a theory based around, firstly, the concept of rough sets proposed by Pawlak 
(principally 1982, 1991) and, secondly, a theory of geographic knowledge centering on chloropleth maps and 
their digital representation (Aldridge 1998). The RS-GKDD methodology has objectives, scope, constraints, 
assumptions, theory, procedures, algorithms, and tools. Knowledge discovery is accomplished in four principal 
phases: project analysis and design, data preparation, rough-set-based knowledge induction, and knowledge in-
terpretation/application. The scope for iterative looping and backtracking in the execution of these phases is ac-
knowledged. The methodology is described in detail in Aldridge (1998). 

3.2 C5.0 
The C5.0 knowledge discovery toolset (Quinlan 2000) is the evolutionary product of work by Ross Quinlan 
since the early 1980s. The proprietary C5.0 software was developed from the well-known C 4.5 machine learn-
ing algorithm (Quinlan 1993). C4.5 induces a decision tree from training instances using entropy-based recur-
sive partitioning. The decision tree can be expressed as rules if needed. Although not published, it appears that 
the C5.0 algorithm develops its decision tree by the same means. However, the tool set that includes the algo-
rithm is demonstrably much faster than C4.5 when processing very large datasets (Quinlan 2000). It also has a 
number of additional facilities to support improved knowledge extraction. These include boosting, which can 
combine multiple decision trees into a single more effective one, and winnowing, which focuses on more rele-
vant attributes and can result in smaller trees and improved predictions. In this research these new facilities are 
applied to the greater gliders dataset. 

4.0 RESULTS 

4.1 Non-Spatial Models 
Table 3 (next page) presents the various non-spatial models developed using the gliders data during this and 
previous research. 



 

  

 

Table 3 Non-spatial models induced from greater glider data 

  Classification Accuracy, 
% 

No. of  
Rules 

Knowledge Type   Training Test Equivalent 
(Induced Model) Code Mean S.D. Mean S.D. Mean  
Maximally general classification1 MGC 36.7 0.8 33.2 1.6  1.0 0.0 
ID3 (version 3)1 ID3 60.7 0.8 57.3 1.6 11.2 0.2 
Principal components analysis1    41  11.0  
Multiple regression1    45   4.0  
CN21 CN2 50.8 2.6 45.2 2.2  5.2 0.5 
Expert system1    48  29.0  
Maximally specific classification1 MSC 75.8 1.2 48.3 1.6 65.7 1.2 
Rulefinder – Expt. 12    52.5  26.0  
Program from CFG – Gggd 3 CFG 57.9 1.4 52.5 3.4  6.0  
CART1 CART 61.2 3.5 54.8 3.9  5.0 0.9 
RS-GKDD4        
 {Slp} RS1 46.8 2.9 46.8 2.9  2.0 0.0 
 {Std, Slp} RS2 57.1 3.7 52.0 3.7  7.8 0.4 
 {Std, Qul, Slp} RS3 63.6 3.9 57.4 3.9 14.8 1.5 
 {Std, Qul, Nut, Slp} RS4 68.1 4.8 59.6 4.8 21.7 1.9 
 {Dev, Std, Qul, Nut, Slp} RS5 70.2 4.6 58.4 4.6 32.7 2.0 
 {Dev, Stm, Std, Qul, Nut, Slp} RS6 71.3 3.3 58.6 3.3 35.2 2.0 
C5.05        

 Default rule induction C5d 68.8 4.2 55.4 3.6 13.5 2.4 
 Boosted rule induction (10 trials) C5b 99.6 0.7 64.6 2.6 145.5 7.3 
 Rule induction with 
winnowed attrs. 

C5w 65.3 4.6 53.8 3.1 10.7 2.3 

1. Stockwell et al. (1990). 
2. Pearson and McKay (1996). Number of rules deduced from reported decision tree. 
3. Whigham (1996). Program was evolved from a context free grammar using a genetic algorithm. 

Number of rules deduced from reported program. Model uses an ordering relation (>). 
4. Aldridge (1998). Models with optimal attribute(s) shown. 
5. This research. 



 

  

 

4.2 Spatial Models 
Table 4 presents the various spatial models developed on the gliders data during this and previous research. 

Table 4 Spatial models induced from greater glider data 

  Classification Accuracy, % Rules 
Intensional Knowledge Type   Train Test Equivalent 
(Induced Model) Code Mean S.D. Mean S.D. Mean S.D. 

Rulefinder2     
Expt. 3a RF3a - - 70.5 5.68 14.0 - 
Expt. 4a RF4a - - 71.3 4.64 - - 
Expt. 5a RF5a - - 65.5 6.78 20.0 - 

Program from CFG3     
Gggd–spatial  CFGs 67.3 2.00 64.1 2.00 5.0 - 
Gggd–spatial–biased  CFGsb 71.8 1.30 67.2 1.70 7.0 - 

Maximally Specific Classification5  MSC    
Spatial (context distance = 1)  99.8 0.3 62.0 4.5 162 0.0 
Spatial (context distance = 2)  100.0 0.0 70.2 4.3 128 0.0 

RS-GKDD4     
{1-SWSlp} RS1-1 51.7 1.59 49.5 1.59 2.0 0.00 
{1-SWSlp, 0-L-Std} RS1-2 59.4 3.91 53.4 3.91 7.7 0.52 
{1-SWSlp, 0-L-Std, 1-SWDev} RS1-3 62.3 2.91 58.4 2.91 12.5 0.55 
{1-SWSlp, 0-L-Std, 1-SWDev, 1-W-Slp } RS1-4 65.7 2.67 58.9 2.67 17.3 1.37 
{1-SWSlp, 0-L-Std, 1-SWDev, 1-W-Slp, 1-SE-
Flo} 

 
RS1-5 71.1 2.80 59.5

 
2.80 

 
23.2 

 
1.47 

{1-SWSlp, 0-L-Std, 1-SWDev, 1-W-Slp, 1-SE-
Flo, 1-SW-Ste} 

 
RS1-6 74.9 1.49 61.9

 
1.49 

 
30.2 

 
2.14 

{2-SWSlp} RS2-1 55.7 2.95 54.8 2.95 2.0 0.00 
{2-SWSlp, 2-E-Ste} RS2-2 62.2 2.89 61.8 2.89 5.2 1.17 
{2-SWSlp, 2-E-Ste, 2-E-Flo} RS2-3 67.6 4.35 64.7 4.35 9.0 0.89 
{2-SWSlp, 2-E-Ste, 2-E-Flo, 2-NWStm} RS2-4 70.6 5.37 69.7 5.37 11.7 1.63 
{2-SWSlp, 2-E-Ste, 2-E-Flo, 2-NWStm, 0-L-
Std} 

RS2-5 76.7 2.40 69.4 2.40 24.8 1.83 

C5.05     
 Default rule induction (context distance = 1) C5-1-1 89.1 2.4 54.3 2.9 20.2 2.8 
 Boosted rule induction (context distance = 1) C5-1-2 98.7 1.3 63.2 3.5 198.2 5.6 
 Winnowed attr. rule induction (cont. dist. =1) C5-1-3 76.0 3.3 51.8 3.5 15.8 3.8 
 Default rule induction (context distance = 2) C5-2-1 90.4 1.6 63.4 3.1 15.2 1.6 
 Boosted rule induction (context distance = 2) C5-2-2 99.6 0.7 64.6 2.6 145.5 7.3 
 Winnowed attr. rule induction (cont. dist. =2) C5-2-3 82.2 4.1 63.2 3.1 12.3 3.4 

1. Stockwell et al. (1990). 
2. Pearson and McKay (1996). The number of rules is deduced from the reported decision tree. 

The spatial relationships used in these experiments are described in Table 2.  
3. Whigham (1996). Program was evolved from a context free grammar using a genetic algorithm. 

Number of rules deduced from reported program. Model uses an ordering relation (>). 
4. Aldridge (1988). Optimal attribute sets shown. 
5. This research. 



 

  

 

5.0 ANALYSIS OF RESULTS 

5.1 Non-Spatial Models 
Table 5 (above) confirms and extends the statistical analysis of non-spatial model significance presented in 
Whigham 1996 (as Table 4.18). Abbreviated codes used to identify models correspond with the descriptions 
provided in Table 3. 

In Table 5 the columns with "Sig" codes identify the superior non-spatial models. The models most frequently 
achieving significantly better classification accuracies are identified by the table rows with the most "Sig" en-
tries. These can be viewed as the 'best' model choices in terms of classification accuracy with this data set. In 
terms of comprehensibility, and referring to Table 3, the RS4 model has almost twice as many rules as the ID3 
one. On the other hand, the boosted C5.0b model achieves a high classification accuracy (suspiciously high, 
perhaps) at the cost of an incomprehensible 145.5 rule average. Thus for the induction of "interesting" rules, the 
method ID3 appears the best choice for this non-spatial analysis of gliders data. However RS3 has a mean accu-
racy not significantly different from ID3 and only has an average of 3.6 more rules in its model and could there-
fore be a reasonable alternative. 

5.2 Spatial Models 
Table 6 (below) shows the result of the statistical comparison between the previous spatial models from earlier 
research.

Table 5  Comparison of accuracies of induced non-spatial models on test data 

    Code M
G

C
 

C
N

2 

R
S1

 

M
SC

 

R
S2

 

C
FG

 

C
5w

 

C
A

R
T 

C
5d

 

ID
3 

R
S3

 

R
S5

 

R
S6

 

R
S4

 

C
5b

 

   Mean 33.2 45.2 46.8 48.3 52 52.5 53.8 54.8 55.4 57.3 57.4 58.4 58.6 59.6 64.6
Code Mean S.D. 1.6 2.2 2.9 1.6 3.7 3.4 3.1 3.9 3.6 1.6 3.9 4.6 3.3 4.8 2.6
MGC 33.2 1.6   - - - - - - - - - - - - - - 
CN2 45.2 2.2 Sig   - - - - - - - - - - - - 
RS1 46.8 2.9 Sig    - - - - - - - - - - - 
MSC 48.3 1.6 Sig Sig    - - - - - - - - - - 
RS2 52.0 3.7 Sig Sig Sig       -  - - - - 
CFG 52.5 3.4 Sig Sig Sig Sig      -   - - - 
C5w 53.8 3.1 Sig Sig Sig Sig         -  - 
CART 54.8 3.9 Sig Sig Sig Sig           - 
C5d 55.4 3.6 Sig Sig Sig Sig           - 
ID3 57.3 1.6 Sig Sig Sig Sig Sig Sig         - 
RS3 57.4 3.9 Sig Sig Sig Sig           - 
RS5 58.4 4.6 Sig Sig Sig Sig Sig          - 
RS6 58.6 3.3 Sig Sig Sig Sig Sig Sig Sig        - 
RS4 59.6 4.8 Sig Sig Sig Sig Sig Sig           
C5b 64.6 2.6 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig     

1. Each cell answers the question, "Is the row model a significant improvement on the column model in terms of mean 
test data classification accuracy?" 

2. The statistical significance of the difference between the means is assessed using Student's t statistic. 
3. "Sig" denotes significant improvement at a confidence level of 95%. 
4. "Sig" denotes a significant improvement at a confidence level of 99%. 
5. "-" indicates that the row model is significantly worse than the column model at a confidence of 95% (at 99% if "-"). 
6. A blank entry indicates that test has failed to show that the mean classification accuracies of the models are signifi-

cantly different at the 95% level. 



Table 6  Comparison of accuracies of induced spatial models on test data 
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R
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    No.  49.5 51.8 53.4 54.3 54.8 58.4 58.9 59.5 61.8 61.9 62.0 63.2 63.2 63.4 64.1 64.6 64.7 65.5 67.2 69.4 69.7 70.2 70.5 71.3

Code Mean S.D. Rules 1.6 3.5 3.9 2.9 3.0 2.9 2.7 2.8 2.9 1.5 4.5 3.1 3.5 3.1 2.0 2.6 4.4 6.8 1.7 2.4 5.4 4.3 5.7 4.6
RS1-1 49.5 1.6 2    - - - - - - - - - - - - - - - - - - - - - 
C5-1-3 51.8 3.5 16       - - - - - - - - - - - - - - - - - - - 
RS1-2 53.4 3.9 8        - - - - - - - - - - - - - - - - - - 
C5-1-1 54.3 2.9 20 Sig      - - - - - - - - - - - - - - - - - - 
RS2-1 54.8 3.0 2 Sig       - - - - - - - - - - - - - - - - - 
RS1-3 58.4 2.9 13 Sig Sig        -  - - - - - -  - - - - - - 
RS1-4 58.9 2.7 17 Sig Sig Sig Sig        -  - - - -  - - - - - - 
RS1-5 59.5 2.8 23 Sig Sig Sig Sig Sig          - -   - - - - - - 
RS2-2 61.8 2.9 5 Sig Sig Sig Sig Sig              - - - - - - 
RS1-6 61.9 1.5 30 Sig Sig Sig Sig Sig Sig             - - - - - - 
MSC1 62.0 4.5 162 Sig Sig Sig Sig Sig              - - - - - - 
C5-2-3 63.2 3.1 12 Sig Sig Sig Sig Sig Sig Sig            - -  - - - 
C5-1-2 63.2 3.5 198 Sig Sig Sig Sig Sig Sig              -  - - - 
C5-2-1 63.4 3.1 15 Sig Sig Sig Sig Sig Sig Sig            - -  - - - 
CFGs 64.1 2.0 5 Sig Sig Sig Sig Sig Sig Sig Sig           - -  - - - 
C5-2-2 64.6 2.6 146 Sig Sig Sig Sig Sig Sig Sig Sig            -  -  - 
RS2-3 64.7 4.4 9 Sig Sig Sig Sig Sig Sig Sig                   
RF5a 65.5 6.8 20 Sig Sig Sig Sig Sig                     
CFGsb 67.2 1.7 7 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig  Sig Sig           
RS2-5 69.4 2.4 24 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig          
RS2-4 69.7 5.4 12 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig               
MSC2 70.2 4.3 128 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig          
RF3a 70.5 5.7 14 Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig           
RF4a 71.3 4.6 NA Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig Sig                 
 



 

The pattern of significantly different classification accuracies in Table 6, identifies the superior models. These 
are the six models RF4a, RF3a, MSC2, RS2-4, RS2-5, and CFGsb. Because the row-column intersections in 
Table 6 for these seven models are blank, there is no reason on the basis of these statistical tests to regard any 
one of them as best simply in terms of classification accuracy; they are all of indistinguishable classification 
performance with this dataset.  

When comparing spatial and non-spatial models, it is particularly interesting to note that the three best non-
spatial models (ID3, RS4 and RS6) are still only significantly better, in terms of classification accuracy, than one 
of the spatial models (RS1-1). What is more, the spatial models often achieve their superior classification accu-
racies using fewer rules than similar but non-spatial models derived using the same induction method. 

6.0 CONCLUSIONS 
The rough set based algorithm forming the central part of the RS-GKDD methodology inducing ecological spa-
tial and non-spatial models that can be ranked with the best published models, in terms of classification accu-
racy. This was the case for both spatial and non-spatial intensional knowledges. However, in achieving these 
competitive classification accuracies, the rough set based models did tend to have more rules.  

The ID3 method is able to produce a non-spatial model that achieves a superior classification accuracy with rela-
tively few rules. This method is therefore responsible for the "best" non-spatial model in terms of accuracy and 
comprehensibility. Interestingly the latest incarnation of Quinlan’s ID3 algorithm, C5.0, fails to achieve signifi-
cantly better than its predecessor. That is, unless the 145 rule but more accurate boosted non-spatial C5.0 model 
can be viewed as an improvement! 

For the greater gliders dataset, the inclusion of spatial relationships into the knowledge induction process almost 
invariably resulted in models that achieved better classification accuracy using relatively fewer rules, or rule 
equivalents, than did the same methods used non-spatially. That is, the induced spatial models were more inter-
esting and useful than the simpler non-spatial models that could be acquired, albeit at typically less computa-
tional cost.  
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