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The extremely fast growing amounts of ‘big data’ made available to modern scien
tists, have consequences for particularly taxonomists, phylogeneticists, biogeogra
phers and ecologists. Therefore, new machine learning algorithms designed for pat
tern recognition are now common, leading to an ultimately ‘black box’ model of
science. While it is necessary to go ahead with this development in order to detect
patterns in the increasing amount of ‘big data’, conventional theoretical analyses of
the problems will still be indispensable for interpretation and to establish the limits
of reliable forecasting — in other words, to enhance understanding.

KeyWords: CONABIO, species distribution modelling, theoretical understanding
Jorge Soberon, Biodiversity Institute and Department ofEcology and Evolutionary Biology, University

•

ofKansas, 1345Jayhawk Boulevard, Lawrence, KS 66045, USA. E-mail:jsoberon@ku.edu

201?

The term ‘big data’ has gained much popularity in
recent years, as the extremely large and almost instan
taneously updated bodies of data on banks, airlines,
social networks, astronomy, elementary particles, and
others are becoming accessible through the Internet,
at the rate of Exabytes per day (McAfee et al. 2012).
Big data is thus a label applied to bodies of knowl
edge that are digitized, so large that they require dis
tributed or specialized storage facilities, are updated
very frequently, and require special methods to be an
alysed. In biology, leaving aside the already vast hold
ings of the molecular communities (Stephens et al.
2015), the largest data repositories are the museum
and herbarium holdings, that contain a few thou
sands of millions of records (Edwards 2004), and the
holdings of observations recorded by amateurs (Dick
inson et al. 2012). Although these data sources are
‘big’ in some sense, of the order of Terabytes, and
growing reasonably fast [Megabytes per day; Soberon
& Peterson 2004], they fall short of the spectacular
volume and speed of change of other fields.

In view of the above, it is probably premature to
assign the label of ‘big data,’ sensu stricto, to biodi
versity data. However, it is undeniable that the organ
ismic disciplines of biology, like taxonomy, systemat
ics, ecology, biogeography and other similar ones, are
experiencing an explosion on the amount of data dig
itally available (Kelling et al. 2009) and new technolo
gies will increase this rate even more (Hampton et al.
2013). This creates challenges for our disciplines. In
what follows I will explore two of them: the growing
utilization of ‘machine learning’ methods that em
phasize extracting patterns from large quantities of
data, and the related question of whether that would
imply that we are moving towards a different form of
thinking and theorizing in organismic biology.

Machine Learning Methods in the
Biodiversity Disciplines
The very large quantity of data available now, in the
form of taxonomic authority files, occurrence data,
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that the complexity of ecological systems make diffi
cult posing and testing hypothesis using parametric
statistics. They describe an alternative methodology
where big datasets are analyzed using sophisticated
software, patterns are found, and then the patterns
are tested in confirmatory analysis. Leaving aside
problems with the uneven quality of big data data per
se, and most relevantly, its biased (in time, space, and
taxa) nature (Soberôn et al. 2007; Engemann et al.
2015), and the need to deal with such biases using the
oretical tools, the communities engaged in the biodi
versity disciplines need to ponder in a serious way
how it is that large quantities of digitally available
data are changing the way we manage the relationship
between the data provided by our instruments and
senses, and the models, concepts, and theories that we
use to describe, predict and understand the phenom
ena represented by the data. In the last section I will
provide some reflections on this problem.

very large phylogenetic trees, sequence data, and
soon image data, are difficult to organize, search, vi
sualize and analyze without using very advanced
computational methods. The sheer volume of data
together with the complexity of the non-parametric
algorithms that are now available (neural networks,
maximum entropy, decision trees, genetic algorithms,
etc.) indeed suggests that a black box approach to sci
ence, whereby patterns are found by software, and
then applied to prediction without much human in
tervention will become the rule. For instance, simply
by sequencing huge volumes of genetic materials
found in seawater samples, Venter et al. (2004) found
148 unknown bacterial phylotypes as well as a very
large amount of variation on rhodopsin receptors.
Based on this type of research some have claimed that
“the data deluge makes the scientific method obso
lete” (Anderson 2008).
Closer perhaps to organismic biology, the area of
species distribution modelling makes full use of the
hundreds of Gigabytes of occurrence data, as well as
advanced and complex algorithms that extract pat
terns from the databases. For instance, the GARP
(Genetic Algorithm for Rule Production) algorithm
has been used as the engine of Lifemapper (Stockwell
et al. 2006) to create a library of hundreds of thou
sands of unsupervised species distributions models.
GARP is the ultimate ‘black box’ algorithm in the
sense that it outputs long lists obtained by establish
ing a stochastic competition among different model
ling algorithms (Stockwell 2007). The output is a set
of rules that describes the pattern, but not all imple
mentations of GARP provide access to the rules! Life
mapper later substituted Maxent (Phillips et al. 2006)
for GARP, and although Maxent is well described
theoretically, and calculates a relatively simple and
well defined object (a Gibbs distribution, see Merow
et al. 2013), it is clear that many, if not most of its users,
simply “... fail to interpret the original algorithms,
much less understand how they were implemented in
the ... code” (Joppa etal. 2013).
Is the big data, ‘machine learning’ approach to sci
ence a new paradigm for the biodiversity disciplines?
Kelling et al. (2009) believe this is the case, arguing

The Role of Theory in the D ata-rich
Disciplines
There is no doubt that science advances by a continu
ous interplay between observations of phenomena
and our conceptual representations of them. This is
well illustrated by a famous, and contradictory (Ayala
2009), pair of statements of Darwin: “I am turned
into a kind of machine for grinding general laws out
of large collections of facts” (Darwin, in Barlow 1958).
This would be the ‘machine learning’ paradigm,
whereby big data is grinded into patterns. However,
the same Charles Darwin also stated: “How odd it is
that anyone should not see that all observation must
be for or against some view if it is to be of any ser
vice!” (Darwin, letter to H. Fawcett, 18 Sept 1861, in
Darwin Correspondence Project, University of Cam
bridge https://www.darwinproject.ac.uk/ ), and this
second statement corresponds to the conventional
scientific paradigm, of contrasting hypotheses and
models against data, for the purpose of understand
ing (Pigliucci 2009), as well as for the purpose of pat
tern discovering. Moreover, without understanding,
in some theoretical sense (that goes beyond the mere
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The morale that I would like to extract from this
story is that, although the pattern looking exercise,
based on large quantities of data and complicated
software was indeed useful, and only possible in the
era of large quantities of digitally available data and
powerful software, the full comprehension, correct in
terpretation of the results, and an awareness of the
possibilities and limits of extrapolation was the result
of a conventional theoretical analysis of the problem.

description of the patterns), there is no trust in pre
diction, another essential scientific objective.
This point is well illustrated by using an example
of the Mexican Biodiversity Commission. When
CONABIO started, its mandate was to create a data
base of the Mexican biodiversity. This lead to a large
scale effort to digitize the data in national, and for
eign, scientific collections. One of the first questions
that the Mexican government wanted to address was
how to identify suitable regions in which to create
protected areas, and this in turn required them to be
able to compile species’ lists of arbitrary regions.
Since large parts of the country are still unexplored,
short of a full scale — and hugely expensive — field
explorations program, the databases of specimens
could be used to find patterns of high number of en
demic species, and extrapolate them to unexplored
regions. As soon as the specimen data started coming
in large numbers (big data in relative terms), this
question could be explored using Species Distribu
tion Modeling (SDM). By 1994, CONABIO was re
sorting to the software called GARP, which at that
time ran in the San Diego Supercomputing Centre, in
California. One by one species were modeled, and al
though generally speaking the models made sense to
the eyes of experts, they tended to overpredict, in the
sense that the software often highlighted areas where
the species had never been observed as part of the
area of distribution. This problem was not due to lack
of data. Even on a ‘gedankenexperiment’ with a per
fect set of occurrence data, GARP (and many other
algorithms) would still overpredict, but it was only
later, thanks to theoretical understanding, that it be
came clear that the problem of overprediction was not
really a problem. Theoretical understanding allowed
scientists to realize that correlative species distribu
tion algorithms (software quintessential^ for pattern
recognition) model something intermediate between
an actual area of distribution and a potential area of
distribution (Soberôn 2010), and that the overpredic
tion was actually very useful for the purpose of assess
ing potential impacts of invasive species, or any other
species out of dispersal equilibrium (Peterson et al.
2011).

Conclusion
In organismic biology we are now fully immersed in
an era of exploding growth of digitally available data.
This is a novel and exciting area for the biodiversity
disciplines, one that will enable both fundamental
discoveries and useful applications. However for the
biodiversity disciplines it would be a serious mistake
to accept the simple ‘pattern discovery’ paradigm that
is so useful in commerce, banking, and other similar
activities. Science is, at its core, about not only de
scribing and predicting, but also about understand
ing. Leaving aside philosophical discussions, history
shows that the most interesting and deep scientific
advances are associated to an attempt to understand,
in some of various senses, the patterns that are discov
ered, or why predictions are successful. This should
not be left to machines or to algorithms. In the biodi
versity disciplines, theoretical developments are more
necessary than ever.
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