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Environment <-> Biota

• Predict the biota (or specific components of it) 
• At a given site
• From characteristics of the environment at the site
• E.g. predict river water biota from water properties



Habitat modeling

• Model the presence & absence (abundance) of 
each species separately

• Binary Classification (Regression) 3



Predicting species composition

• One model for all the species at once

• Multi-target classification/regression
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Predicting community structure

• One model for all of the species at once, 
additionally using the taxonomical hierarchy

• Hierarchical multi-label classification 5



Slovenian rivers

• 1.060 samples
• 16 physical and chemical props. 
of water, 491 species
• data collected in 1990-1995
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Slovenian rivers: Habitat models
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Slovenian rivers: Species comp.

• MLC: Multi-label classification tree
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Slovenian rivers: Community struc.
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Slovenian rivers: Overall results
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Danish farms: 
Soil Microarthropods

• 1.944 soil samples 
• 137 attributes/agricultural events 

and soil biological parameters
• 35 collembolan species
• data collected 

1989-1993
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Victoria, Australia
Vegetation

• 27.482 sites
• 81 env. attributes
• 3.173 species
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Victoria, Australia: Relating env. 
char. to plant trait profiles

New, much more extensive data: Collected 1960-2010, 
53362 sites, more than 1.35 Mio indiv. spec. obs.
Each vascular species, recorded together with % cover
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Victoria, Australia: Relating env. 
char. to plant trait profiles

Plant photosynthetic type (carbon fixation pathways)
• C3: cool-season-active
• C4: warm-season-active
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Victoria, Australia: Relating env. 
char. to plant trait profiles

Phylogeny via main monocot families  (Poaceae=Grasses, 
Cyperaceae=Sedges; Chenopodiaceae=Goosefoots)
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Victoria, Australia: Relating env. 
char. to plant trait profiles

Phylogeny via three main grass genera
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Victoria, Australia: Relating env. 
char. to plant trait profiles

Stress tolerance: Tolerance to salinity, fire, inundation
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• Can be found in naturally extreme environments, like 
salterns and Arctic glaciers, but also in

• The air and water (tap-water)
• Food preserved with high concentrations of salt/sugar
• Household appliances (dishwashers, washing machines)

• Can represent a threat to health (e.g. farmers lung disease)
• We analyzed data collected by collaborators at Uni Lj

• Building habitat models
• Relating species, env. factors and  metabolite composition
• Using PCTs for MTR and HMLC
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Extremo-philic and –tolerant fungi



Extremo-philic and –tolerant fungi

• Wallemia propagules in the air
• Highest concentrations in agric. buildings (barns) in early spring
• Highest concentrations expected: during a cyclone, at temperatures 

between 10 °C and 17 °C, at relative air humidity below 60%

• Fungi in washing machines
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Mining the ECOFINDERS Dataset
• Goal: Produce maps for features (related to soil 

functions) that are not measured globally, from 
those that are measured globally

• Learn mapping from data where both measured
Digital Soil Mapping

Field observations 
soil attributes

Quantify relationship between field 
observations and supporting variables

Spatial prediction 
soil attributes

Supporting 
variables with 
full spatial 
coverage

Model Set 
relationships

Soil map

Uncertainty
map



EcoFinders data (transect with 81 sites) 
3 land uses:
● Arable
● Grassland
● Forest

4 climate zones:
● Boreal
● Alpine
● Atlantic
● Continental
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Stone et al. (2016) ASE 
97: 3-11

Mining the ECOFINDERS Dataset



ECOFINDERS data: Attributes

• Lat(itude), Long(itude)
• Bio-Climate Group
• Landuse Group

• Temperature: temp mean, temp min, temp max
• Precipitation: prec mean, prec min, prec max

• WHC (ml 100 g fresh soil-1), pH, Clay %
• CEC (cmol+charge kg-1), Base saturation (%), 

Mehlich P (mg/L), Org C, Total C, Total N, C:N ratio



ECOFINDERS DATA: Targets
• 12 targets
• Small number of sites/samples
• Only 32 where all

measured
• 75 where all but 2

measured (Mites)



Overall Results: Correlation

• Single trees on training and testing data
• Ensembles on testing data

Single Trees (train+test)    Ensembl.tst. 



Labeled and unlabeled data

Classical tasks
(classification, 

regression)

Labeled 
data

Unlabeled 
data

Structured output 
prediction
(multi-target

regresion/classification, 
...)

Labeled 
data

Partially
labeled

data

Unlabeled 
data

Target is 
known

Target is 
unknown

Part of the 
target is 
unknown



Incomplete Annotations: 
Multi-target regression

Descriptive space Target space
Example

1 1 TRUE 0.49 0.69 ? 0.60 3.91

Example
2 2 FALSE 0.08 0.07 0.56 0.99 7.59

Example
3 1 FALSE 0.08 0.07 ? ? ?

Example
4 2 TRUE 0.49 0.69 0.08 0.77 8.86

Example
5 3 TRUE 0.49 0.69 0.11 ? ?

Example
6 4 FALSE 0.08 0.07 0.43 2.10 8.09

… … … … …



Agricultural Waters in Ireland

 Task: prediction of water quality in 
agricultural fields in Ireland

 3 numeric targets
– Q - biological water quality
– P - phosphorus-concentration;
– N - nitrate concentration.

 708 examples
– observation points (10x10km grid cells)

 Not all of the 3 target variables are 
measured in every observation point  -> 
missing values!!!

 27 numeric attributes:
– Environmental pressures (soil mineralization, 

drought and grass growing season)
– Pathways (soil drainage, net rainfall, rainfall 

intensity)

Data set suitable for 
methods that can 
handle partially 
labeled data



Multi-target tree from PL data: QPN



Predictive performance results
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Thanks for coming to our Summer 
School Mining Big& Complex Data 
4-8 SEP 2016, Ohrid
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