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?But…Just how many 
interactions can we directly 

observe?

Can we infer ecological 
interactions without direct 

observation?

Zoonosis involve a very
large number of interactions



Inferring Interactions from Spatial Data… 
A famous historical antecedent 
Data —> Phenomenology —> Taxonomy —> Theory

Visualizing Tycho Brahe's Mars Data
Home - - - - Hven - - - - Mars - - - - Data - - - - Models - - - - Works Cited

Mars Observations
"I've studied all available charts of the planets and stars and none of them match the others. There are just as
many measurements and methods as there are astronomers and all of them disagree. What's needed is a long
term project with the aim of mapping the heavens conducted from a single location over a period of several
years." -Tycho Brahe, 1563 (age 17).

Download an Excel file with this data.

Comments about this site are always welcomed. The author can be contacted at: pafko@excite.com.

pafko.com/tycho/observe.html

Copyright 2000, Wayne Pafko

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

Isaac Newton computed the acceleration of a planet moving according to Kepler's first 
and second law.

1 The direction of the acceleration is towards the Sun.
2 The magnitude of the acceleration is inversely proportional to the square of the 

planet's distance from the Sun (the inverse square law).
This implies that the Sun may be the physical cause of the acceleration of planets.
Newton defined the force acting on a planet to be the product of its mass and the 
acceleration. So:

1 Every planet is attracted towards the Sun.
2 The force acting on a planet is in direct proportion to the mass of the planet 

and in inverse proportion to the square of its distance from the Sun.
The Sun plays an unsymmetrical part, which is unjustified. So he assumed, in 
Newton's law of universal gravitation:

1 All bodies in the solar system attract one another.
2 The force between two bodies is in direct proportion to the product of their 

masses and in inverse proportion to the square of the distance between them.
As the planets have small masses compared to the Sun, the orbits conform 
approximately to Kepler's laws. Newton's model fits actual observations more 
accurately.

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
https://en.wikipedia.org/wiki/Isaac_Newton
https://en.wikipedia.org/wiki/Acceleration
https://en.wikipedia.org/wiki/Force
https://en.wikipedia.org/wiki/Mass
https://en.wikipedia.org/wiki/Newton%27s_law_of_universal_gravitation


“Keplerian” Ecological models

P(C|X)

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

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

Mean annual 
temperature

Abundance of 
prey species

Null 
hypothesis 

Niche

Anti-niche



And the data? Where are the 
“Brahes”? There’s lots of them!

• 	Collec(on	data	
• 	Ecological	niche	data	
• 	Ecological	niche	model	data	
• 	Socio-economic	data	
• 	Socio-demographic	data	
• 	Phenotypic	data	
• 	Vegetable	and	crop	cover		
• 	Geographical	data	
• 	Medical	and	public	health	data…	

The	data	are	represented	in	space	and	
(me	–	spa(al	data	mining	

Normally data mining takes place in a “categorical” space (the equivalent in ecology is a niche 
space). However, most ecological data is spatio-temporal at multiple scales. Spatial data mining is 
much less developed than standard data mining. 

Problems	with	spa0al	data:	

Different	sources	
Different	loca-on,	data	base,	access,…	

Different	data	types		
categorical,	metric,	con-nuous,	discrete,…		

Different	spa0al	resolu0on		
Explicit	–	e.g.,	pixel	by	pixel	in	

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

versus	“quan-ty”	
Abio-c	versus	bio-c	

SNIB, CONABIO



Ecological Niche for vectors, hosts, 
pathogens, cases,… from SPECIES

Niche and anti-niche for 
Triatoma Dimidiata

Both abiotic and
biotic factors 
included



Now for Communities…

or	his	“enemies”,	or	“parasites”,	or	“prey”	or	“predators”	or…	
You	can	judge	a	man	by	his	“friends”	

Vector-host network 
for Chagas



From networks to predictive models: 
Leishmaniasis

Only	approximately	50	
(2.5%)	mammals	from	
the	Americas	have	
been	iden-fied	as	hosts	
of	Leishmania	

In	México	only	8	of	419	
(2.1%)	had	been	
iden-fied	as	hosts	
before	our	work



16	
	

presence of the parasite Leishmania (L.) mexicana and the number that tested negative. 415	

Figure legends  416	

Figure 1: Graph of ranked Epsilon values for all mammal species 417	

Figure 2: Graph of percentage of species identified as positive for presence of L. (L.) 418	

mexicana versus average value of epsilon. 419	

Figure 3: Graph of percentage of individuals identified as positive for presence of L. 420	

(L.) mexicana versus average value of epsilon. 421	

Figure 4: Risk maps of Leishmaniasis: a) determined by using only the 8 previously 422	

confirmed hosts, b) determined by using the 21 new confirmed hosts and previously 423	

confirmed hosts of  L. (L.) mexicana 424	

 425	

 426	

Species ɛ Negative Positive Total % positive Confidence intervals  
(95%) 

Carollia sowelli 8.83 43 2 45 4.4 -1 - 14 
Heteromys gaumeri* 8.8 5 0 5 0 -15 – 29 

Peromyscus mexicanus 8.79 115 6 121 5 2 - 11 
Heteromys desmarestianus* 8.72 30 0 30 0 -2 - 16 
Molossus rufus 8.63 1 0 1 0 -42 - 56 
Glossophaga soricina 8.57 19 7 26 26.9 -3 - 16 
Carollia perspicillata 8.5 8 0 8 0 -11 - 24 
Pteronotus parnellii 8.16 4 0 4 0 -18 - 31 
Desmodus rotundus 8.15 13 1 14 7.1 -6 - 20 
Sturnira lilium 8.03 56 7 63 11.1 1 - 13 

Artibeus phaeotis 8.01 35 1 36 2.8 -1 - 15 
Oryzomys couesi 7.73 2 0 2 0 -28 - 41 
Ototylomys phyllotis* 7.56 9 1 10 10 -9 - 22 
Sigmodon hispidus* 7.28 36 4 40 10 -1 - 14 
Peromyscus yucatanicus* 7.25 3 0 3 0 -22 - 35 
Didelphis virginiana 7.12 3 0 3 0 -22 - 30 
Didelphis marsupialis 6.44 11 0 11 0 -8 - 21 

Formatted Table
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Philander opossum 6.25 6 1 7 14.3 -12 - 25 
Centurio senex 6.01 1 0 1 0 -42 - 56 
Artibeus jamaicensis 5.98 81 5 86 5.8 1 - 12 
Artibeus lituratus 5.84 38 3 41 7.3 -1 - 14 
Myotis keaysi 5.61 2 0 2 0 -28 - 41 
Chiroderma villosum 5.56 5 0 5 0 -15 - 29 
Saccopteryx bilineata 5.3 1 0 1 0 -42 - 56 
Sciurus aureogaster 5.23 71 8 79 7.3 1 - 12 
Baiomys musculus 5.21 2 0 2 0 -28 - 41 
Artibeus watsoni 5.13 2 0 2 0 -28 - 41 
Choeroniscus godmani 5.05 10 3 13 23.1 -7 - 20 
Pteronotus personatus 5.03 3 1 4 25 -18 - 31 
Reithrodontomys mexicanus 4.91 1 0 1 0 -42 - 56 
Oryzomys rostratus 4.87 22 1 23 4.3 -4 - 17 
Micronycteris microtis 4.23 1 0 1 0 -42 - 56 
Oligoryzomys fulvescens 4.2 6 0 6 0 -13 - 27 
Peromyscus leucopus 3.8 22 4 26 15.4 -3 - 16 
Sturnira ludovici 3.79 24 1 25 4 -3 - 17 
Vampyrodes caraccioli 3.69 1 0 1 0 -42 - 56 
Liomys pictus 3.61 47 1 48 2.1 0 - 14 
Glossophaga commissarisi 3.49 2 6 8 75 -11 - 24 
Lonchorhina aurita 3.48 1 0 1 0 -42 - 56 
Phyllostomus discolor 3.48 0 1 1 100 -42 - 56 
Platyrrhinus helleri 3.36 5 0 5 0 -22 - 35 
Uroderma bilobatum 3.34 4 0 4 0 -18 - 31 
Urocyon cinereoargenteus 2.97 1 0 1 0 -42 - 56 
Procyon lotor 2.95 1 0 1 0 -42 - 56 
Myotis velifer 2.58 3 0 3 0 -18 - 31 
Microtus mexicanus 2.53 16 0 16 0 -6 - 19 
Myotis nigricans 2.47 2 0 2 0 -28 - 41 
Leptonycteris yerbabuenae 2.43 1 1 2 50 -28 - 41 
Reithrodontomys fulvescens 2.08 20 0 20 0 -4 - 18 
Neotoma mexicana 1.99 5 0 5 0 -15 - 29 
Eptesicus fuscus 1.82 1 0 1 0 -42 - 56 
Peromyscus levipes 1.34 1 0 1 0 -42 - 56 
Sorex saussurei 1.29 3 0 3 0 -22 - 35 
Osgoodomys banderanus 1.21 9 0 9 0 -10 - 23 
Liomys irroratus 1.16 8 0 8 0 -11 - 24 
Myotis auriculus 0.22 2 0 2 0 -28 - 41 
Tadarida brasiliensis -0.09 1 0 1 0 -42 - 56 
Peromyscus hylocetes -0.28 2 0 2 0 -28 - 41 
Antrozous pallidus -0.34 1 0 1 0 -42 - 56 
Peromyscus zarhynchus -0.46 2 0 2 0 -28 - 41 
Chaetodipus hispidus -0.71 4 0 4 0 -18 - 31 
Peromyscus pectoralis -0.73 2 0 2 0 -28 - 41 
Neotomodon alstoni -0.9 17 0 17 0 -5 - 19 
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Baiomys taylori -1.16 10 3 13 23.1 -7 - 20 
Chaetodipus nelsoni -1.24 3 0 3 0 -22 - 35 
Neotoma micropus -1.27 16 0 16 0 -6 - 19 
Peromyscus maniculatus -1.37 58 2 60 3.3 0 - 13 

Peromyscus eremicus -1.41 0 1 1 100 -42 - 56 
Perognathus flavus -1.52 1 0 1 0 -42 - 56 

Dipodomys merriami -2.01 1 0 1 0 -42 - 56 
*previously confirmed 427	

Note that although prevalence must be positive we have left the lower 95% confidence limit as 428	

negative as a guide to gauging the relative statistical significance of zero prevalence.   429	

 430	

 431	

 432	

 433	

922	individuals	from	70	species	were	collected	
over	a	period	of	18	months	

We	predicted	and	confirmed	22	new	species	of	
host	of	Leishmania	in	México	

13	of	them	are	bats,	iden-fied	for	the	first	-me	in	
México	

Squirrels	iden-fied	as	hosts	
34%	of	the	species	collected	confirmed	as	hosts	
Average	prevalence	was	6.7%	
No	species	could	be	rejected	as	a	host	at	the	95%	
confidence	level	

Changes	radically	the	panorama	for	control	of	
Leishmania;		

Leishmania	and	Lutzomyias	are	generalists	
Linnean	classifica-on	is	not	ecologically	relevant

Model Validation 



From networks to predictive models: 
Chagas

Figure 2 Evaluation of the performance of 
the interaction model: T. cruzi potential host 
species are those mammals that were 
independently reported in the literature as 
testing positive for natural infections by T. 
cruzi.  mean P-values < 0.001, and  are P-
values < 0.01.

 Triatoma barberi exhibits the best competence to transmit  T. cruzi having 
the highest natural infection index, the highest frequency of 
trypomastigotes and the shortest time for defecation among the main 
vectors of Chagas disease in Mexico (Salazar-Schettino  et al. 2005). 
Likewise,  T. dimidiata and  T. pallidipennis are recognized by their high 
degree of competence among the main vectors of Chagas disease in 
Mexico (Martínez-Ibarra and Novelo-López, 2004; Salazar- Schettino  et 
al. 2005; Dorn et al. 2007). Even though there are no differences in the 
competence of distinct lineages of  T. dimidiata, there are differences in 
their spatial dynamics (Herrera-Aguilar  et al. 2009).  Triatoma dimidiata 3 
participates in the flow between sylvatic and domestic environments 
whereas  T. dimidiata 2 does not, being restricted to only domestic habitats 
exclusively (Herrera-Aguilar  et al. 2009).



Dispersion of zoonoses

Assemblages of 
vectors and hosts of
Leishmaniasis
associated with 
different habitats

Can determine which potential hosts 
have overlap with habitats favoured 
by the vector without having direct 
overlap between vector and host

—> Disperal     
scenarios



Conclusions
✤ Zoonoses are Complex Adaptive Systems

✤ There are far too many relevant ecological interactions associated with a zoonosis to be 
experimentally identified and quantified

✤ The data associated with where and when things “are” (position and time), 
and what “things” (vectors, hosts, cases,…) are, can potentially tell us an 
enormous amount about “ecological” interactions
✤ The methodology we have developed and the SPECIES platform allow us to infer/predict: 

✤ The full ecological niche (and anti-niche) of “things”

✤ The network of the community/ecosystem in which they interact

✤ The labels for “things” - family, genus, species, DTU, population, sylvatic, 
peri-domestic, competent, guild, cases, biomarkers etc. - allow us to detect 
heterogeneity in the interactions
✤ The more labels we have the more we can compare different hypotheses 
✤ More labels means more data: clinical cases, phylogenetic,…
✤ Data has to be incorporated in the SPECIES platform



Conclusions
✤ Field and laboratory work is necessary to 

✤ Validate the predictive models 
✤ New hosts, new vectors,…

✤ Validate data 
✤ Detect and correct data biases

✤ Leishmaniasis and Chagas are “generalists” - multi-vector, multi-host
✤ Consistent with genetically very plastic pathogens
✤ Genotypic variation has to leave phenotypic footprints

✤ There exists an “INFECTOME” 
✤ Many diseases are very “multi” - multi-pathogen (e.g., DTUs), multi-vector, multi-host etc.

✤ Test for multiple pathogens
✤ What pathogens are associated with which hosts?
✤ How do pathogens interact?

✤ It is important to maintain development of the SPECIES platform 
✤ Develop further its functionality
✤ Add more data layers: public health, socio-economic/socio-demographic, 



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 disease
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