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Abstract

In this paper, we present the hierarchical variable dependencies that were obtained from raw data with the use of two machine
learning techniques on an ecological data set. The data set contains features of field margins and the corresponding numbe
of spider species inhabiting them. This data set was used before by domain experts to construct a fuzzy qualitative model
with hierarchical variable dependencies, which we use for comparison with our results. One of the machine learning methods
constructs a hierarchical structure similar to the one in the experts’ model, while revealing some additional interesting relations of
environmental features with respect to the number of spider species. The other method constructs a different hierarchy from the
one proposed by the experts, which, according to our classification performance experiments, might be even more appropriate
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction In this paper, we present the hierarchical structures,
) ] o rules and relations that were learned from raw data with
Ecological domains are complex with interdepen- e yse of two machine learning techniques. Some in-
dent variables and hidden relations that are difficult tqmation is given about these techniques and the way
to explain. These characteristics indicate that ecology they were used to construct hierarchies of variables
experts might benefit from the use of machine learn- 5y the data. The data set we used contains the mea-

ing methods. Machine learning can be used to confirm gyrements of variables that might influence the diver-
hypotheses or to discover new relations, thus gaining sty of foliage-dwelling spiders in field margins. The

insight into vast amounts of data. However, the most meaning of the variables in this data set is described
demanding parts, evaluation and explanation, have 0, gection2. This data set was used before by domain
be done by experts. experts(Kampichler et al., 2000jo construct a fuzzy
qualitative model of hierarchical variable dependen-
* Corresponding author. cies. The model was mainly constructed manually with
E-mail address: martin.znidarsic@ijs.si (MZnidarsic). some use of data analysis techniques.
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Instead, we constructed hierarchical models of this to the model that was built by domain experts. It also
data set completely automatically in two ways, using provides some clues about which variables are equally
interaction analysis and function decomposition. Ex- appropriate to be used in the same place of the model
perimental work with both methods was performed structure, as well as additional clues about variable de-
with the OrangéDenBar and Zupan, 200data mining pendencies (some of which can be due to noise).
suite. Interaction analysidakulin and Bratko, 2003) The second method we used, function decomposi-
comprises a set of tools for identifying interactions tion, is a member of a larger family of constructive
among the variables in data. Interactions are dependen-induction methods, which focus on discovering novel
cies between variables that deserve closer investigation.concepts in data. We employed the hierarchy induction
In prediction tasks we are especially interested in three- tool HINT (Zupan et al., 1999)This method is also
way interactions between two independent variables able to create new variables and rules to compute their
(such as mean margin width or the number of small values, not only the hierarchical structure. However, it
plants) and the outcome (number of spider species). tends to be sensitive to noise in the training data. The
There are two types of three-way interactions: the two resulting hierarchy did not exactly match the hierarchy
variables may be synergistic in the sense that control- of the experts, but experiments indicate that the con-
ling for both of them unlocks an otherwise hidden pat- structed model is valid with respect to the given data,
tern. On the other hand, the two variables may be re- and could therefore be interesting to domain special-
dundant, if they both provide the same information. The ists.
interaction dendrogram, which summarizes the three-  Interaction analysis could be useful for construction
way interactions foundin data, yields a structure similar of preliminary models, thus saving experts valuable

Table 1
Variables that characterize the margins

margindensity
meanmarginwidth

Margin density (linear of margins per ha)
Mean width of margins

marginwidth Width of the strip

disturbances Number of disturbance events (ploughing, mowing, etc.) per year
herb.cover Cover of herbs (%)

herbs Proportion of total plant biomass (%) of herbs (estimated in the field)
legumes Proportion of total plant biomass (%) of legumes (estimated in the field)
grasses Proportion of total plant biomass (%) of grasses (estimated in the field)
sedgeshrooms Proportion of total plant biomass (%) of sedges and brooms (estimated in the field)
herhlegum Herbs + legumes

grass Grasses + sedga®oms

grasscover Cover of grasses (%)

plantcover Total cover of plants (%)

smallplantsspp Number of species20cm

branchedotal.spp Number of species20 cm with branched architecture

linear_total.spp Number of species20 cm with linear architecture

branchedspppersist Number of species20 cm with branched architecture, persistent until autumn
linear.spppersist Number of species20 cm with linear architecture, persistent until autumn
branchedsppdis Number of species 20 cm with branched architecture, disappear by autumn
linear.sppdis Number of species 20 cm with linear architecture, disappear by autumn
therophyte Proportion of species with life-form therophyte (%)

geophyte Proportion of species with life-form geophyte (%)

hemicryptophyte Proportion of species with life-form hemicryptophyte (%)

chamaephyte Proportion of species with life-form chamaephyte (%)

phanerophyte Proportion of species with life-form phanerophyte (%)

slopedirection
spidetrspecies

Direction of slope
Number of spider species

The variables margidensity and meamarginwidth characterize each of the seven study areas, whereas all other variables characterize single

margins (plot size 50 nx 1 m).
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time. It is also possible that both methods could help Table 2

identify complex concepts, ones that would be hard to The following variables are the mean values of the indices by Ellen-
. ' ; . berg(Ellenberg et al., 1992)

discover manually. The results suggest that integrating

the approaches of interaction analysis and function de- ight min. eXC:US?Ve:V in ge_eﬁtSha(f_e "
composition might be a promising direction for further min. exclusively in bright suntigh|
. . . . temperature max. exclusively in highest regions of European
work: i.e., one might extract the hierarchy with inter- mountains
action analysis and then use HINT to find the rules in max. exclusively on the warmest locations of
its internal nodes. central Europe

continentality  min. center of distribution in westernmost Europe
max. only in easternmost parts of central Europe

. . . moisture min. exclusively on very dry soils
2. Foliage-dwelling spiders dataset max. mostly on very wet soils
acidity min. exclusively on acid soils
Field margins are grassy strips between arable max. exclusively on calcareous soils
fields or meadows. They contain only single shrubs nutrient min. on sites with lowest N concentrations

max. on sites with highest N concentrations

and trees and they are not cultivated or ploughed. Field
margins support beneficial arthropods, e.g. predators Each plant species has an indicator value for a number of factors like
of crop pests, and can be of potential value to species '9nt temperature, etc. ranging from O [very low] to 9 [very highl, for

f . L hel d Plach example “light”: 0—exclusively in deep shadow, 9—exclusively in
0 Conservatlona_ |mpor_tanceBart el an a(_: er open habitats. Mean values calculated by presence/absence of species
(1996) and Anderlik-Wesinger et al. (19963tudied without weighting by abundance.
foliage-dwelling spider occurrence in field margins

in seven agricultural areas in southern Germany gab'ei imated in the field ical orofection of the blant

: over (estimated In the tfield as a vertical projection 0 e plants

(§eeBa}rtheI a.”d F.)IaCher (199,65|g. 1) by Sta_ndard onto the soil surface, thus the sum-i200%)
visual inspection in the herbaceous vegetation. They — c P T———

used between 12 and 17 plots X150 m) in each croiayer over of all plants in the herb fayer

L soil_layer Open soil

area yielding a total of 96 plots and analysed the |y jayer Cover of plant litter

influence of margin and landscape characteristics
(see list of variables infables 1-% on the species  Taple 4

number of spiders per plot. By applying correlation Cover (estimated in the field) in different heights (st#h00%)

and regression analyses they identified margin density, smallcover (cm) <25
margin width, percent cover of herbaceous plants medcover (cm) 26-50
and the number of mechanical perturbations as the high.cover (cm) 51-100

main factors influencing spider diversity. Using these Vhigh-cover (cm) >100

variables Kampichler et al. (2000¢laborated a fuzzy

rule-based model, increasing the predictive power for Spiders (six singletons) (sé@mpichler et al. (2000)
unseen field-margins in comparison with the original Fig. 2). The model is ecologically plausible and
multiple regression mode(Anderlik-Wesinger et  reflects domain knowledge on the biology of spiders
al., 1996) which read speciesumber = 87— in field-margins obtained in various empirical studies
2.13 (3/marginwidth) 4+ 0.02 margindensity— (e.g.,Gibson et al., 1992; Thomas et al., 1992; Baines
1.53disturbance- 0.05 herhcover. In the fuzzy  etal, 1998

model a rule set relates disturbance (two fuzzy sets) A short explanatiohof the variables in the spiders
and margin width (three fuzzy sets) to an intermediate data setis given iffables 1-4

variable called habitat persistence (six singletons);

another rule set relates habitat persistence (six fuzzy 3. Interaction analysis

sets) and margin density (three fuzzy sets) to another

intermediate variable called colonisation potential  Afundamentalgoal of dataanalysisis the identifica-
(eight singletons); finally a third rule set relating tion of connections between variables. Connections in-
colonisation potential (seven fuzzy sets) and herb

cover (three fuzzy sets) predicts species number of ! Provided by Gabriele Andersik-Wesinger.
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Fig. 1. The variable proximity matrix illustrates the strongest connections between individual variables: the darker the corresponding box the
higher the mutual information between the variables.

dicate the existence of a pattern which can be identified possible patterns, an interaction as the cause of a pat-
by examining the connected variables simultaneously. tern, or an association as the psychological reaction to
If there is no such pattern, there is no need for connect- the discovery of a pattern. But how to define the exis-
ing the variables, and we can safely assume them totence of a ‘pattern’ mathematically? Interaction analy-
be independent. Such a pattern-based view of connec-sis (Jakulin and Bratko, 2003% one approach to this
tions subsumes the notions of a correlation as one of task.
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3.1. Methodology entropy H(A, B) the stronger the pattern iR(A, B)
and the more telling the model. However, entropy does
Let us examine interaction analysis on a simple ex- not provide the information about the reducibility of
ample of two variables4 andB. There are two pos-  the model through the assumption ofindependence. For
sibilities: we can assume that there is a pattern, and that purpose, we can restate EB.in terms of entropy,

the resulting probabilistic model will take the form  matching the definition of mutual informatidgA; B):
of P(A, B). Alternatively, we can assume the two
D(P(A, B)I|P(A)P(B))

variables to be independent, and the model will be
P(A)P(B). Let us examine such a probabilistic model ~ = H(A) + H(B) — H(A, B) = I(A; B) (2)
on an example, by assuming tblaandB are discrete

variables, andr andb are individual values that they

can take. IfA denotes diversity, an8 the margin den- — '“Ergi“—de‘?“tlfd .
. . . . . mean margln widt
sity, the resulting distribution of the 97 examples can e e
be shown in a contingency table: moisture
B A HiECe: Jayar
Low diversity High diversity Total margin disturbances
(%) (%) density SPIDER DIV};R]S,ITY
margin widt
High margin dens_ity 46 25 71 linear spp persist
Low margin density 3 26 29 branched spp persist
Total diversity 49 51 100 phanerophyte
K .. 1 s
Inthe center, the percentages describe the joint prob- higﬁ:iwtophwe
ability mass functionP(A, B), on the rightP(B), and temperature
in the bottomP(A). therophyte
Ifwe employ areliable approach for obtaining all the | e
. . L herb_legum
probabilistic models, the less restricted moHéH , B) crasses
can be used as a reference to which we compare the | : grass
loss of the restricted modet(A)P(B). In the above ’ herb_cover .
example, we can see a distinct deviation caused by the [ pacien ol e
A ) A - - branched_total_spp
unexpec'_tedly low pgrcentage of I_ow dlver5|ty of spider geophyte
species in areas with low margin density, where we plant_cover
compareP(low_diversity, lowmargindensity) =0.03 — 1?“6“_??15_?15
. . . . . inear ota S
with  P(low_diversity)P(low_margindensity) = 0.14. - ~SFF
The measure of the pattern in interaction analysis chamaephyte
is the loss caused by the assumption of variable small plants spp
independence in the mod&(A) P(B), relative to the if;:‘t*ty
dependence-assuming modél(A, B). Employing sedges_brooms
the device of Kullback-Leibler divergence we can grass_cover
compute the ‘distance’ between both models: soil layer ,
P(a b) continentality
D(P(A, B)||P(A)P(B)) = ) P(a,b) logy ————— small_cover
(P4, BYIPAYP(B) = 3 Pla. D) 10g; e s einpr 2
ab high_cover
(1) vhigh cover

We can express the same in terms of the Shan- Fig. 2. The two-way interaction dendrogram summarizes the mutual
non entropy, for two variables defined &%A, B) = information between individual variables. The color hue indicates the

power of the interaction. Strong ones are red (darker) and the weak
- Za,b P(a, b) |092 P(a, b). Entropy measures the ones are green (lighter). (For interpretation of the references to color

!aCk of StrUCture inP(A,.B), and_is similar in mean-  jn this figure legend, the reader is referred to the web version of the
ing to variance, uncertainty or disorder. The lower the article.)
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If I(A; B) is sufficiently high, we say thad and B Fig. 2 The dendrogram is effectively an empirical tax-
interact. Mutual information can be seen as a mea- onomy of the variables, created purely from the data.
sure of a two-way interaction between two vari- We can see three clusters of variables. On the top, there
ables. The role of mutual information is analogous to are mainly the variables that reflect human intervention.
that of the non-parametric measure of correlation or The variables that describe the density of margin veg-

association. etation are at the bottom. In between there is a large
group of diverse variables that tend to characterize the
3.2. Results composition of the plant community. We can clearly

3.2.1. Analysis of associations

In association analysis, we are primarily interested
in mutual information between pairs of variables, with-
out regard for any particular dependent variable. The
dependent variable is considered to be equivalent to
other independent variables. The task of association

analysis helps to understand the general structure of
variables in the data, which then helps separate the vari-

ables into groups. In the context of interaction analysis,
the association between two variables is quantified with
mutual information.

For the purpose of this analysis, each numerical
variable was converted into a three-level discrete one.
Each discrete value corresponds to a tercile in the
distribution of the numerical values. Three-valued
discrete variables allow relatively robust maximum
likelihood estimation of probabilities in the resulting

9 groups and the available 97 instances. Fewer levels

would cause a loss in pattern detection, while more
levels would cause unreliable probability estimates.

In this analysis, the outcome was handled in the same

way as all other variables.

It is a well-known result that the joint entropy
H(A, B)isthe upper bound for the mutual information
I(A; B). Therefore, we can express mutual informa-
tion as a percentage of joint entropy. This percentage is
a measure of proximity between two variables across
all the instances. Without such a normalization, the
number of variable values would influence the mutual
information, and the complex variables would there-
fore appear to be more connected than simple vari-
ables. Such a normalization was originally proposed
by Rajski (1961)who has also shown that the resulting
normed mutual information obeys the triangle inequal-
ity and is therefore a metric.

Fig. lillustrates the resulting variable proximity ma-
trix, but in itself it is not very clear. A popular approach
to summarizing proximity matrices is hierarchical clus-
tering(Struyfetal., 1997)and the resultisillustrated in

see that the spider diversity is primarily associated with

the human intervention variables. The clustering is also
meaningful since the interactions are to some extent
transitive.

3.2.2. Analysis of predictors

Sometimes the objective of data analysis is to pre-
dict a particular outcome, in our example it is the num-
ber of spider species in a particular area. The outcome
plays the role of the dependent variable, while other
variables are considered to be independent. For exam-
ple, we are not interested in the mutual information
between the margin density and the orientation of the
field, as this is not within the context of the outcome.
Instead, we are only interested in the mutual informa-
tion between independent variables and the dependent
variable. It is easy to see that the mutual information
also quantifies the reduction in the uncertainty of the
outcome (spider diversity) as allowed by the informa-
tion about the margin densit{(margindensity; diver-
sity) = D(P(diversity| margindensity)|| P (diversity)).

When we are predicting the outcome with two in-
dependent variables on real data, the information pro-
vided by these two variables might not be truly indepen-
dent: variable independence is a modelling assumption,
but rarely an intrinsic property of the data. For exam-
ple, the second variable might provide some informa-
tion that the first variable already provided about the
outcome (consider the relevance of the variables tem-
perature and altitude). Or, the second variable might
affect the effect of the first variable on the outcome. It
may turn out, for example, that the influence of grass
coverage on the spider diversity is not independent of
mean margin width.

One way of quantifying these deviations from inde-
pendence is based on three-way interaction information
(Jakulin and Bratko, 2003; McGill, 1954)

1(A; B;C) = I(A, B;C) — I(A; C) — 1(B; C)
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herb mean
legum margin width
9.62% | P<0.005 13.4% | P<0.003

I
' 911% 14.2% 13.7%
1 P<0.057 P<0.015 P<0.049
1

grasses herbs grass small plant species

13.3% | P<0.003 14.4% | P<0.002 4.96% | P<0.083 0.06% | P<0.994

12.9% 12.1% 12.5%
P<0.025 | P<0.033 P<0.008

phanerophyte
0.13% | P<0.980

Fig. 3. The three-way interaction graph shows which pairs of variables interact with the outcome. The nodes identify individual variables, the
undirected dashed edge indicates a redundancy, and the directed edges correspond to synergies between two variables and the outcome. Nox
are labeled with/(4; C), the mutual information between the variable and the outcome, while interactions are labelé¢Awvith C), both

expressed as a percentage of the outcome enfigpy. The P-values of the interactions are also shown.

Here,I(A, B; C) is simply the mutual information be-  the most distinct interactions with the dependent vari-
tweenA andB together on one side, artion the other able. To prepare our data for analysis, we employed
side: I(A,B;C)= H(A,B)+ H(C)— H(A, B, (). the Fayyad-Iran{Fayyad and Irani, 1993Jiscretiza-

This way, interaction information compares the joint tion with at least two variable values. The outcome was
mutual information with the sum of individual mutual also discretized into two values with a split at the me-

informations. We can also interpref(A; B;C) dian value. Because we are estimating the three-way
through the following formula: I(A; B;C) = interactions, the number of discrete values per variable
I(A; B|C) — I(A; B). Hence,I(A; B; C) computes the  must be lower than in the earlier association analysis,
change in mutual information betwednandB if we not to risk unreliable probability estimates.

control forC, and thereby evaluates the amountaf The resulting analysis iRig. 3shows a single nega-
influence on the relationship betwegrandB. tive interaction between the herb and legume coverage

The interaction information may be either positive and the coverage of grasses. Usually, the two coverages
or negative. If it is distinctly positive, the pair of vari- sum up to approximately 100%, so only one of them
ables are opening a pattern that would otherwise not is truly needed: once we know the coverage of grasses,
be detected by only considering individual variables’ the information about the herb and legume coverage
information about the outcome. For that reason, we eliminates merely $2 — 9.11 = 0.51% of outcome
say that the two variables are in a synergy with respect (number of spider species) entropy. We can say that
to the outcome. On the other hand, two variables the latter provides negligible evidence once the cover-
may contribute partly the same information, and this age of grasses is known. Recently, a significance test
situation of redundancy could result in duplication has been proposed to measure the confidence in the re-
of evidence. For prediction, we can improve the liability of the interaction(Jakulin and Bratko, 2004)
performance by accounting for both redundancies and the results are included in the graph.
and synergies. This is achieved by allowing for the The proportion of phanerophytes (taller woody
dependence between the variables. Exercising theplants) appearsto moderate a number of two-way inter-
assumption of variable independence, which is made actions with the outcome. For example, the proportion
in many learning procedures, may result in underfitting of phanerophytes is not informative on its own (highly
for synergies and in overfitting for redundancies. insignificant as a predictor), but controlling for the fre-

The usual practice of three-way interaction analysis quency of grass, it turns to be a significant predictor
is identifying the pairs of variables that are involved in  of spider diversity. Specifically, it turns out that there
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is much lower spider diversity when there are many pressed as a percentage of joint entrogfA, B) =
phanerophytes with high grass coverage, inthe absencd1(A; B; C)|/H(A, B, C).

of undergrowth. These two variables can be seenaspre- Asbefore, we summarize the interactions using hier-
dictors of the undergrowth. One dependence-assumingarchical clustering in adendrogram that is showrim
approach is to describe the undergrowth with a separate5. Looking at the asterisks, it can be seen which vari-
variable. On the other hand, the covering of grass has aables are the best predictors (the top part of the dendro-
positive interaction with mean margin width. Thesetwo gram). For example, we can see that certain variables
variables together explain 3+ 14.2 + 13.3% of the refer to the same aspects of the data: the influence of

outcome (rather than 18+ 13.3%). Another promi- disturbances is also reflected in the presence or absence
nent positive interaction that was discovered is illus-
trated in more detail ifrig. 4. The number of small plant margin density **wwwws
species appears to be uninformative on its own, but in- [ mean_margin width **wtx
formative in combination with the mean margin width. vhigh conenh

Interaction graphs become cluttered when the vari- g;:i:;:gi‘:;;)‘;;;;s e

ables are many. For that reason, it is again possible e branched_total spp ***
to define proximity between variables, but this time margin width ***xxxx
in the context of the dependent variable. The result- EHETCT Les: st
ing proximity measure is normed interaction informa- L s A

chamaephyte ****¥*xx

tion, the absolute value of interaction information ex- legumes **
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Fig. 4. The contour plot depicts the outcome variable (spider diver- linear total spp

sity) in dependence of two independent ones (number of small plant

species and mean margin width). The influence of the two indepen- Fig. 5. The three-way interaction dendrogram shows both the two-
dent variables on the dependent one is highly nonlinear. The number way interactions between an independent and the dependent variable
of small plant species appears to be uninformative on its own, but (denoted by asterisks), and the three-way interactions between two
informative in combination with the mean margin width. To gen- independent variables and the dependent one (denoted by the prox-
erate the nonlinear regression model underlying the contours, we imity in the dendrogram). The color hue indicates the type of the
employed support vector regression with RBF kerrf€lsang and interaction. (For interpretation of the references to color in this fig-
Lin, 2001) ure legend, the reader is referred to the web version of the article.)

mean margin width
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of branched plants. Therefore, it is unclear whether it ~ The function decomposition tries to build new
is the frequency of disturbances that affects the spidersconcepts based on possible partitions of the vari-
directly or it is the indirect influence of disturbances ables. In this case, there are three non-trivial par-
through the number of branched plants. titions and three corresponding decompositions of
thevariablesP = F(T, H(R, B)), P = F(H(T, R), B)
and P = F(R, H(T, B)). The concepts are built in a

4. Constructive induction way that one value of a concept stands for every set
of combinations of the values of its variables where
Using the tool HINT(Zupan et al., 1999)we per- such set produces the same values of the target concept

formed data-driven constructive induction, construc- given also the values of variables outside the concept.
tion of new concepts from the given variables in the This process is explained in much more detail in the
spiders data set. HINT achieves this by function decom- literature(Zupan et al., 1998)
position, amethod that decomposes a complex function ~ The decompositions obtained this way areFig.
into a hierarchy of simpler ones. 6. We can see that the new concept in the second de-
composition has the lowest number of values. Feature
decomposition methods usually select the decomposi-
tion that has concepts with the smallest set of values
or the lowest number of examples in the definition of
the functions. In our case, the second decomposition in
Fig. 6is the best one regarding both criteria.

If we had more variables in our dataset, the func-
tion decomposition would proceed further and build a
. ST . more complex hierarchy, such as the on€&igs. 7—9
in the pollination process. I_n this case let the_se factors Such a hierarchy of concepts provides an insight into
be the temperaturéf’[f the rainfall 6) and the distance the relations among the measured variables and can be
to the nearest beehivé). The re}lnfall and tempera- used as a first approximation of a rule-based prediction
tre can take values low and high, whereas the Othermodel. There have been some successful tests of this

two variables can take values low, medium and high. -
’ approach in the past (e. an et al., 1999, 1993
The goal of our analysis would be to find out how the PP past (¢.gup )

measured factors influence the target concept. In this 42 Resuls

respect, we can view the measurements as variables

and the goal of the analysis as finding the functfon We have used HINT for construction of concept hi-

so thatP = F(T, R, B). erarchies and models from the spiders data set with
Suppose we have some measurements that are givevarious settings. The hierarchies built from data set

in Table 5 Notice that these measurements do not to- are shown and a model obtained from four variables

tally specify our function. is compared with the model previously built by the ex-

perts(Kampichler et al., 2000)

4.1. Function decomposition and HINT

We will make a short explanation of function de-
composition on a simple artificial example. Let us say,
that we are interested in the rate of pollination of apple-
trees and we decide to measure the pollination i@e (
along with some other factors that might be important

Table 5

Function” 4.2.1. Full hierarchy

T R B P A hierarchy construction from the whole data set
low low low medium was made first. The data had to be preprocessed to
low low medium medium  phe used by HINT’s methods, the variables with many
:ga E:gg ::’i‘évh Ir?i\gh missing values (‘legumes’, ‘sedges and brooms’) were
low high medium medium  discarded and the instances with missing values were
high low low high removed, since missing values obstruct the constructive
high low high high induction with HINT.

high high low medium A hierarchical structure of the variables in the pre-
high high medium medium

processed spiders data set was built using the func-
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T CI P B C2 P R C3 P
low 1 medium low 1 low low 1 medium
low 2 low low 2 medium low 2 high
low 3 medium low 3 high low 3 medium
low 4 high medium 1 medium high 1 low
high 1 high medium 2 medium high 2 medium
high 3 medium high 1 high high 3 medium
high 3 high high 4 high
R B Cl ‘

low low 1 R T C2 B T C3

low medium 1 low  low 1 low low 1

low high 1 low high 2 low high 2

high low 2 high low 3 medium  low 3

high medium 3 high high 1 medium  high 3

high high 4 high low 4

high high 2

Fig. 6. The three possible decompositions of the function defined with exampleJétom5

tion decomposition method described Dypan et al. discretization. The resulting hierarchy is shown in
(1998) The variables in the spiders data set are con- Figs. 7-9
tinuous, but the method works only with categorical A comparison with the model built by the experts

data, so each variable’s values were categorized (dis-(Kampichler et al., 2000dan be made only using the
cretized) into three categories using equal frequency four variables they used in their model (‘disturbance’,

spider_species

N
- N

linear_spp_persist .3} 32 ¢33
disturbances temperature c29 c30 herb_cover herb_layer
margin_width herb_legum phanerophyte

c28
c22 c27

Fig. 7. The top part of the hierarchy obtained with HINT on the preprocessed spiders data set. The nodes marked with ‘c’ and a number, are
artificial concepts created by the function decomposition method.
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c22
c20 c2l
grass_cover cl9 cls cl6
grasses cl2 slope_direction cll c5 cl3
linear_total_spp litter_layer branched_spp_persist c2 moisture vhigh_cover acidity med_cover
small_plants_spp continentality

Fig. 8. The left part of the hierarchy obtained with HINT on preprocessed spiders data set. The nodes marked with ‘c’ and a number, are artificial
concepts created by the function decomposition method.

‘margin width’, ‘margin density’ and ‘herb cover’).  experts. The interpretation of constructed concepts can

The relations of these four variables in the hierarchy not be made without a multitude of speculations that

obtained with HINT do not match the relations in the are making it worthless.

experts’ model. The methodologies employed are very

different, so we cannot compare the fuzzy model, the 4.2.2. Model comparison

interaction dendrogram and the hierarchy from HINT.  Because the structure obtained from the whole data

Therefore, we cannot explain why there are differences set did not match the structure presentedagnpichler

in their structure. et al. (2000)and was too complex for the experts to
Model consisting of so many attributes also proved evaluate, we also applied HINT to the spiders data set

to be too complex to be evaluated or explained by the with only four variables present, the ones that were

/027\

c24 c26
c8 cl4 cl8 c25
. /NN BN
soil_layer c3 geophyte c9 herbs therophyte cl7 c23

e N . AN
branched_total_spp cl c6 c7 strip_width grass margin_density cl0

7 ST /N
branched_spp_dis  chamaephyte nutrient hemicryptophyte small_cover plant_cover linear_spp_persis

c4
light high_cover

Fig. 9. The right part of the hierarchy obtained with HINT on preprocessed spiders data set. The nodes marked with ‘c’ and a number, are
artificial concepts created by the function decomposition method.
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used in experts’ modéKampichler et al., 2000)The Table 6
discretization intervals of the values of these variables Table functions for Species Number, conceptl and concept2. All
were identical to the ones used in the expert’s model. other names represent labels for artificial concepts’ values

The only difference was that the interval membership MarDen Distur cl
functions of values were not fuzzy, but crisp. In such  qedium low ml
a setting, besides the hierarchy, the functions in the medium high mh
model and the predictive performance of the model are low low I
low high hhih

interesting to observe and compare.

The hierarchy obtained in this setting is shown in E:g: Ir?i\gh Elhlh
Fig. 10 The four presented variables are in a different
relation to the one in the hierarchy obtained from the marwid HerCov c2
data set with all the variables present. This can be due g, low I
to the changes in data set, different categorization than jow medium Im
in the previous experiment and a much smaller num- low high mhih
ber of variables. The functions for the Species Number medium medium mm
and both of the artificial concepts are giverTable 6 ::gzium T;‘\ifj'“m r':‘rln
Some combinations of variable values never occur in pg, high hh
the rules, because these combinations never occur in medium high mhih
the data set. high low hi

There is no straightforward interpretation of the ar-

cl c2 SpecNum

tificial concepts in the hierarchy available. However,
we can recognize that concept 1 includes informa- m! I medium
tion on spatial and temporal scales of margin exis- ™ Im fairly high

tence: margin density characterizes margin area avail- m o fairly high
: . ) = ml hm fairly high
able per unit area of landscape, thus higher density n ml medium
means higher margin accessibility for colonizers; less ml hh fairly high
disturbance means larger life-time of a given margin. ™! mhih medium
High margin accessibility and large margin persistence m'h :‘I' Imed'“m
should promote accumulation of species and increase Eh Im I((J)Vv\\ll
species number. Concept 2 includes only local habi- mp mm fairly high
tat information: local size of margins and local supply mh ml low
with structural complexity (herbs supply more struc- mh hh fairly high
ture than grasses). We could roughly translate these ™" mhih fairly high
. . . mh hl medium
observations to ‘metacommunity concept’ and ‘habi- I low
tat quality concept’. These concepts parallel recent at- Im low
tempts in explaining spatial distributions of animals by i mm high
a hierarchical frameworiMackey and Lindenmayer, | hm medium
2001) sometimes called ‘filters’, that must be passed Elh fm.eld'ﬁmh
by species from the regional pool to have access to ., " leirrl))// h'igh
local communitiegPoff, 1997; Schider and Reinek- hhih Im very low
ing, 2004) For example, the artificial ‘habitat quality’  hhih mm low
and ‘metacommunity’ concepts correspond to filter | hhlh mi low
(local resources and conditions) and filter Il (spatial Elh'h I: L‘i)""h
relationships—isolation, area size, dispersal capacity) |, hm h%h
in the filter cascade proposed 8ghibder and Reinek- hi mhih very high
ing (2004)

. SpecNum= Species Number, ¢1 = conceptl, ¢2 = concept2,
) “:] the paper byKampichler et al. (200Q)the pre- _ MarDen= Margin Density, Distur= Disturbance, MarWid=
dictive performance of the models was measured with Margin Width, HerCov= Herb Cover.
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Fig. 10. The hierarchy obtained with HINT on spiders data set of four variables.

mean absolute error (MAE). This measure was evalu- worse than the result of the crisp model with hierarchy
ated on test data, which was not used for the tuning of and functions from HINT.
fuzzy sets in the model. For a model based on multi-  To further improve the automatically constructed
ple regression, the reported MAE was 3.17 species andmodel, we employed another machine learning tech-
1.38 species for the fuzzy rule-based model. nigue. The HINT's model from the whole data set was
We tested our crisp rule-based model on the dis- revised with a data-driven model revision technique
cretized spiders data. The same data split into train andthat tries to make changes in the model that would solve
test set was used as iKampichler et al. (2000§87 the model’'s misclassifications of data from a given
study plots, 9 test plots) and the results are an averagedata set. The method tries to make smallest possible
of 100testruns. Ateach run, HINT constructed amodel changes and is limited only to changes in the rules of
from the training data and the model was tested on the functions in hierarchy. A description of the data-driven
test data set. Because the goal variable is categorical inrevision is described in more detail in the literature
this data set, the result had to be ‘decategorized’, sim- (Znidasi¢ and Bohanec, 2004The method proposed
ilarly as the result was ‘defuzzified’ when the fuzzy a single change in the original model, the change of
model was use@ampichler et al., 2000)The proce- rule in the function of SpecNum froma i, I, low >
dure of ‘decategorization’ is very simple, each interval to < II, I/, medium>. This change indeed is benefi-
is represented by its mean value. As this approach is cial, but the effect is insignificant, the resulting MAE
very rough, the results are expected to be somewhatof the revised model is 2.47. This is currently the limit
worse. They also cannot be directly compared to the re- we reached on this data set with completely automatic
sults in the paper by Kampichler et al., since the model methods of rule-based model construction.
was not fuzzy. It seems that the fuzzy approach is the main advan-
HINT reached a MAE of 2.56, a good result thatin- tage of the expert’s fuzzy model. Also, fine tuning of
dicates that our model certainly is valid and is not triv- the shapes of fuzzy sets had a major impact on the re-
ial. However, it would be interesting to know whether sult of fuzzy expert's modgKampichler et al., 2000)
the fuzzy model is so much better because of the dif- The authors claim that an overfitted fuzzy model even
ferent structure and functions, or because of the fuzzy had a MAE of over 5. The crisp version of the model
approach. To answer this question, a crisp model was does not have the advantage of tuning, that is a rea-
built, based on the structure and functions (rules) from son why the results of the crisp models are somewhat
the original fuzzy model from the paper Kgmpichler worse. This also puts the result of HINT’s model into a
et al. (2000) This model was compared to the HINT’s  different perspective. Its hierarchy and functions might
model made from all the data items (study +test), so be even more appropriate than the ones obtained by the
neither model was tuned or fuzzy and the results could experts, since the crisp HINT's model performed better
be directly compared. The resulting MAE of HINT's  than the crisp experts’ model. The experimental perfor-
model (hierarchy irFig. 10 functions inTable § was mance measurements in terms of MAE are summarized
2.49. The result of the crisp expert’s model was 3.28, in Table 7
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Table 7 Interaction analysis is a useful tool for exploratory

Spider species number prediction MAE of the models in experiments 4gtg analysis. Its primary purpose is to help structure
Model MAE the variables in the domain and to guide the examina-
Multiple regression 3.17 tion of interactions. However, care must be taken when
Experts’ fuzzy 1.38 acquiring probabilistic models from data. Itis very easy
HINT’s 2.56

HINT'S final a0 to overfit probabilistic models when the data is scarce,
HINT's final + revision 2.47 and currently the automated tools for robust estimation
Experts’ final crisp 3.28 are either inefficient (posterior sampling with MCMC),
or may induce bias (Bayesian priors). This is one of the
areas of our future work.
Using constructive induction with HINT, we have
5. Discussion constructed two complete hierarchical rule-based mod-
els for prediction of the number of spider species. The
Two machine learning methods that discover inter- hierarchies proposed by HINT were not similar to the
connections and hierarchical relations were presentedones in the model made by the experts, but domain ex-
in the paper, interaction analysis and constructive perts were able to find a possible explanation for the
induction. Both were applied to a data set from an smaller one. However, the large hierarchy of all the at-
ecological domain, the data set that describes featurestributes proved to be too big and complex to be properly
of field margins that could influence the diversity interpreted.
of spider species. The interaction analysis provides  The model based on the variables that were used
many interesting hypotheses and patterns, whereasin the model in the referenced literature was evaluated
the constructive induction is able to build a complete for predictive power and compared to the models in the
rule-based model of the target concept, ready to be literature. Its performance was slightly worse, however,
used for prediction. the other models had the advantage of using continuous
We have demonstrated several aspects of interac-values or pre-tuned fuzzy sets, so a direct comparison
tion analysis: the analysis of associations between vari- is not fair.
ables, and the analysis of the interactions betweeninde- To examine only the hierarchies and crisp rule-based
pendent variables for the purpose of predicting the out- functions of the models, we adapted the model of the
come. In interaction analysis, the deviation from inde- experts and rerun the tests. In this setting a direct com-
pendence quantifies, as assessed through informationparison of results could be made. The HINT's hierar-
theoretic measures, both the proximity of variables and chies and functions gained a better result in this exper-
the existence of patterns. Interaction dendrograms sum-iment, indicating that they might be even more appro-
marize the variable proximity matrices, and interaction priate than the ones in the model of the experts. This
graphs pinpoint the most distinct interactions which is another confirmation of the claim §ampichler et
can be examined through low-dimensional nonlinear al. (2000) that fuzzy models have a good predictive
regression models or scatter plots. power. But it also indicates, that HINT can be a useful
The variable structure obtained through the inter- tool for environmental modelling, since the hierarchi-
action dendrogram is very similar to the one designed cal rule-based models it constructs from data, are valid
by the experts. All the variables chosen by the experts and even have a better predictive power then compa-
are highly informative in the dendrogram, and domi- rable crisp models with manually made hierarchy and
nate their respective sub-clusters. Namely, a common rules.
feature selection heuristic is to pick the one best pre-  There are some interesting areas for further work
dictor to represent the whole group. The difference is that appeared during our research. The most appealing,
that interaction analysis suggests first merging margin according to our results, would be to develop methods
density and disturbances, rather than margin width and for fuzzy or probabilistic rule learning for the given
disturbances. The second difference is that two other structure of variables. It would also be interesting to
attributes could be considered for inclusion: slope di- see the results of using some variable selection meth-
rection and proportion of herbs in the total biomass.  ods prior to constructive induction. This way we might

The last three results correspond to the final models, they were
learned and tested on all available examples.
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eliminate some noise and improve performance, while
at the same time obtain a simpler full hierarchy that
would probably be easier to interpret.
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