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analysis and study of interactions among organisms and their environment

Type of interaction Sign Effects

mutualism +/+ both species benefit from interaction

commensalism +/0 one species benefits, one unaffected

competition -/- each species affected negatively

predation, parasitism, 

herbivory
+/- one species benefits, one is disadvantaged

Why do things “happen”?Because of interactions



Just how many interactions can we directly observe?
Just how many types of interaction are there? 

What “labels” do they depend on? How do we quantify them?



Inferring Interactions from Spatial Data…
A famous historical antecedent
Data —> Phenomenology —> Taxonomy —> Theory —> Isn't all science data 
science?

Kepler’s Laws

1. The orbit of a planet is an ellipse with the 

Sun at one of the two foci.

2. A line segment joining a planet and the 

Sun sweeps out equal areas during 

equal intervals of time.

3. The square of the orbital period of a 

planet is proportional to the cube of the 

semi-major axis of its orbit.

Data Phenomenology

F = ma

F = GMm/r2

Theory

Interaction

labels

Quantifying

the interaction

This is a “macro” interaction

that emerges from a “micro” 

interaction that is the same

Null

hypothesis
Brahe’s observations and Kepler’s phenomenology can be 

explained by the existence of an interaction - gravity

https://en.wikipedia.org/wiki/Orbit
https://en.wikipedia.org/wiki/Ellipse
https://en.wikipedia.org/wiki/Focus_(geometry)
https://en.wikipedia.org/wiki/Orbital_period
https://en.wikipedia.org/wiki/Semi-major_axis


Interaction labels:
Aepyceros melampus

Impala

Herbivore

Acinonyx jubatus

Cheetah

Carnivore

Predation
Null 

hypothesis

“MICRO”

interaction

“MACRO”

interaction

This is a result of this… and many, 

many other interactions



What is an interaction?

Interactions make the state variables of 
agents different, compared to when the 
interaction is absent (Null hypothesis)

State variables - mass, charge, dead, alive, pregnant, satiated, 

mother, vector, host, pathogen,…, x, y, z, t

Agents - an electron, a planet, a carnivore, a cheetah, a tick, an Aedes 

aegyptii, a virion of Zika, an Artibeus literatus, a dog walker in the 

forest,…  



Standard empirical approach: 

✤ Observe an interaction - agents (Lutzomyia cruciata/Didelphis virginianus) and action 
(Lutzomyia takes blood meal from animal)

✤ Characterise it: Vector-host

✤ Concentrates on state variables that are labels: infected, blood gorged, dead, alive,… 

✤ Micro-science/small data, time and human intensive

Inferential approach: 

✤ Observe the spatio-temporal distributions (x, y, z, t) of agents and compare them to the Null 
hypothesis. If the distributions of the agents differ then we DEFINE that as an interaction.  

✤ Use the other “labels” (electric charge, carnivore, male, mass, mother, Peromyscus 
yucatanicus, tick, vector, host, predator, prey,…) to categorise the interaction

✤ Use statistical analysis and machine learning-based modelling to quantify the interactions

✤ Micro-science/small data vs. Macro-science/big data - depends on the data

How can we identify, categorise 
and quantify interactions?



Ecological 
“Tycho Brahes”

Thanks to the DATA REVOLUTION

we are now DROWNING in data

Problems with spatial data:

Different sources
Different location, data base, access,…

Different data types 
categorical, metric, continuous, discrete,… 

Different spatial resolution 
Explicit – e.g., pixel by pixel in 

environmental layers
Implicit – 30,000,000 data points versus 30 
“Quality” (e.g. Phenotypic characteristic) 

versus “quantity”
Abiotic versus biotic



“Keplerian” Ecological models
Two agents

Example: 

Take two agents: Lutzomyia cruciata C and Artibeus literatus X or Lutzomyia cruciata 
C and Anual average temperature in the range 17-23 degrees C

What’s the probability of finding the two agents together, or just one or neither? Both 
present. One present. Both absent/not present.

P(C, X) = P(C|X)P(C) = P(X|C)P(X)

P(X) and P(C) are the Null hypotheses for X and C 

D(C,X) = (P(C|X) - P(C)) = (P(C, X) - P(C)P(X))/P(X)

is a measure of the interaction between C and X. This has a natural “unit” - the 
standard deviation of the binomial distribution 

𝜀(𝐶|𝑋) =
𝑁𝑋(𝑃(𝐶|𝑋) − 𝑃(𝐶))

(𝑁𝑋𝑃(𝐶)(1 − 𝑃(𝐶)))

is a measure of the statistical significance of the 

deviation of the co-distribution of C and X from the 

Null hypothesis. When the binomial can be 

approximated by the normal then

corresponds to the 95% confidence interval   
|𝜀(𝐶|𝑋)| > 1.96



“Keplerian” Ecological models
(N+M) agents

P(C|X(t))

X = X(sd)+X(se)+X(n)+X(ev)+X(g)+X(af)+X(hm)+X(i)+X(sp)+...
Macro-Climactic 

factors
Behavioural 

characteristics

Micro-Climatic factors

Phenotypic 

characteristics

Hydrography

Competitor species Predator species

Prey species Human activity

What do we want to predict? 
C = (C1, C2, C3, …, CN)
the presence, or abundance, or,… 
of one or more populations or taxa, 
disease cases,…

What affects it? 

The “niche” 
X = (X1, X2, X3, …, XM)

S(C|X)
Risk score

A large part of the complexity 

is in the multi-factoriality 

of both C and X. Adaptation is

inherent in the fact that P(C|X)

can change in time.

Problems of co-dependence and causality - of course!

Use Naive Bayes or Generalized Bayes approximation to calculate it

This is a result of 

“all” interactions



How do we calculate probabilities?
We count! But what do we count?

In standard data mining, for example: P(death|age) = N(death,age)/N(age); 

P(death|diabetes); P(death|age,diabetes); to infer that age is a risk factor for death, 

as is diabetes. Here, we count individuals who have different traits (labels). There is 

a preferred statistical unit - the individual, within which we can look for 

coincidences/co-occurrences. In spatial data mining this is not the case. 

We must define coincidences/co-occurrences using an appropriate 

partition of our space (and time) 

Dependence of species 

a on niche variable b 

N(ab)/N(b) 

= P(a|b)

Here we’re in geographic space



YES!

✤ Can we have a system that identifies, categorises and quantifies 
potential interactions and also constructs ecological niches and 
species distributions?

✤ Can we have a system that does that across hundreds of thousands of variables of different formats and types, abiotic and bio

✤ Can we have a system that generates machine learning-based predictive models with hundreds or thousands of predictor variables i

✤ Can we have it available open access Platform-as-a-Service?  



WELCOME to the SPECIES Platform
species.conabio.gob.mx

species.c3.unam.mx

http://species.conabio.gob.mx


Some representative results



Predictive Model for 
potential hosts of ZIKV

Risk map for 

Aedes Aegypti

from a biotic 

model for 

P(C|X)

Complex Inference 

Network for

Aedes aegypti and 

Aedes albopictus

Positives for 

DENGUE

Co-occurrence

measure

Mammals with most statistically significant geographic overlap with Aedes Aegypti



Data-Predictions-Experiment
Test zoonosis - Leishmaniasis

Biotic facilitation seems 

to be the norm. Species

are not distributed 

randomly



To Link Data-Predictions-Experiment 
The Emerging Disease “production line”



Only about 50 (2.5%) of mammals on the American 
continent have been identified as hosts of Leishmania
In Mexico only 8 out of 419 (2.1%) had been identified as 
hosts
We collected 922 individuals from 70 species
Predicted and confirmed 21 new species of mammal as 
carriers of Leishmania in Mexico
13 of them are bats, identified for the first time in Mexico
Squirrels identified as carriers
33% of collected species were confirmed as hosts
Overall infection rate was 6.7%
No species could be rejected as a host at this infection 
rate at the 95% confidence level
Changes the picture for control of Leishmania totally; 
Leishmania and Lutzomyias are eclectic in their host 
source. 
Linnean classification is NOT ecologically relevant 

Predictions-Experiment 
Test zoonosis - Leishmaniasis



What’s more important -
biotic or abiotic interactions?



Disentangling causality
Does climate confound biotic factors or vice 
versa?

This shows that the presence of the bobcat’s rabbit 

prey is more important as a direct niche variable 

than the presence of the food of the rabbit as an 

indirect niche variable which in turn is more 

important than climate (average annual temperature 

or average annual precipitation) as an indirect niche 

variable

This shows that 

climate is confounded 

by biotic factors not 

vice versa!



Predicting predator-prey interactions 
The bobcat

This model is 224 times 

better than chance!

But why is the coyote 

number 1?

Because they have very 

similar diets



Can we model using more 
than just co-occurrence labels?

Build a model using just taxonomic labels as they are a proxy for a host

of relevant characteristics of the prey species

Using a “mixed” model that uses co-occurrence labels 

and taxonomic labels reduces the false positives. 

Species co-occur for multiple reasons not just 

predation. The taxonomic labels help distinguish 

between the different reasons they co-occur. 



Conclusions

✤ Ecosystems and in particular EIDs are Complex Adaptive Systems 
✤ Multi-question, multi-factorial, multi-scale, multi-discipline —> multi-interaction

✤ There are too many interactions to observe directly 

✤ Standard mathematical techniques model only a few factors

✤ Interactions change states and in particular spatio-temporal distributions
✤ Interactions can be inferred from comparing spatio-temporal distributions to a non-interacting Null hypothesis

✤ The Data Revolution has made available large amounts of data with which the spatio-
temporal data about organisms, relative to each other (biotic) and relative to the environment 
(abiotic), can be used to deduce the nature of their interactions 
✤ This can be done at the niche level (one to many) and at the community level (many to many)

✤ Obtaining and integrating data is a huge challenge - political and technical

✤ Because of their multi-question/multi-discipline/multi-factorial nature, we need to integrate 
large data sets, which can then be used for rapid hypothesis construction, validation and 
interpretation by multiple stakeholders and decision makers 

✤ Our solution is open access modelling platforms, such as SPECIES, EPISPECIES and 
EPIPUMA  

✤ Our work on various zoonosis show the utility of innovative approaches that use data of 
arbitrary spatial resolution and format, such as predicting host range.
✤ Importance of a Data-Predictions-Experiment production line approach to emerging diseases

✤ Importance of a multi-pathogen, multi-vector, multi-host approach
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δῶς μοι πᾶ στῶ καὶ τὰν γᾶν κινάσω

Give me a place to stand on and I´ll move the earth

Give me enough data and I´ll predict anything

The Data Revolution will revolutionise our 

ability to model and understand ecology


