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The hypervolume as an ecological concept

Given a species, its niche (Hutchinson, 1957) is the set of environmental parameters in which it can exist.

● The size of a climatic niche hypervolume is hypothesized to drive species diversification rates

● The similarity of species' environmental or functional trait hypervolumes measures niche divergence 
or packing, which may influence species coexistence and richness patterns

● Niche similarity also helps compare individuals within a species, assessing climate change impacts 
and niche shifts during invasions

The realized niche is the subset of the 
fundamental niche that is observed.

Hypervolumes were expected to be 
convex, but this assumption has been 
contested. Hard to unequivocally answer, 
as all animals cannot be observed, so 
inferences have to be made.

What is the smallest, most reasonable space, in which observations are made?



The hypervolume as a computational object

GBIF species 
observations

(normalized) 
climate data at 
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Holes in a hypervolume suggest the 
opportunity for another species to 
take over, or an impending extinction.

Problem: Gaussian KDE blurs 
each observation and softens 
jagged features = potential holes

Solution: Infer unobserved data by 
averaging tight collections of 
observed data

We want to find holes! Construction parameters can vary Blur at short distances, respect all data



Example: holes and non-convex features

R package “hypervolume”

C++ headers “TopoAware”



Extreme example: complementary methods

(Gaussian) KDE infers new data 
nearby each true observation

Topology infers new data 
between collections of true 
observations



Topology and persistent homology

Topology is the mathematics of surfaces and shapes, focusing on classifying spaces by their 
fundamental, immutable features. Features are components, holes, voids, etc.

Topological data analysis is the application of topology to datasets, usually by recognizing the features of 
the topological spaces associated to datasets.

Persistent homology (PH) is a tool in topological data analysis that observes significant features in a 
dataset, from small to large measures of “nearness”. A stable method, robust under noise and distortion.

● The output of PH is a collection of intervals indicating the birth and death of features
● PH has been applied to a wide range of scientific work since its inception in the early 2000’s

connected 
components are 
0-dimensional 
features

holes are 
1-dimensional 
features



TopoAware: Topologically aware constructions for ecological hypervolumes

Barycentric subdivision: 
Add average of pairs 
and triples, whenever 
less than distance db

Sparsification: Remove 
all points ordered after 
and within chosen 
distance ds < db of each 
point

Alignment to grid / 
complement: Use 
known grid size to 
simplify computations

Infer new
 data

Distribute evenly
Arrange for 

com
putation

Components of 
complement are 
features in the 

highest dimension



Use cases

TopoAware is a tool for supporting analysis of large data sets in ecology.

● Validation: Use TopoAware in place of similar methods to generate and analyze hypervolumes
○ Additional support or contesting evidence; replicability of findings

● Data wrangling: Uniformize data sets, decrease the size, while keeping fundamental features
○ Program is modular, with dataframes as input / output for each operation

● Holes: Count how many holes are in a hypervolume, how big each hole is
○ Constructs inputs for persistent homology software, for computing holes and their signficance

Still in the development stage - suggestions and comments welcome!
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