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ECOLOGIA NUMÉRICA @ DBA/FCUL

• Parametric statistical tests for 1, 2 or more samples

• Non-parametric equivalents

• Data transformation

• Correlation

• Regression & GLMs

• Multivariate Analysis

• Cluster analysis

• Dimension Reduction

• PCA, CA, CCA, etc.

• Discriminant Analysis
Walter J. Radermacher



WHAT STATS SHOULD WE BE TEACHING BIOLOGISTS ?





SPECIES DISTRIBUTION MODELLING

García-Barón, I., Cortés-Avizanda, A., Verburg, P. H., Marques, T. A., Moreno-Opo, R., Pereira, H. M. & J. A. Donázar 2018 How to fit the distribution of apex
scavengers into land-abandonment scenarios? The Cinereous vulture in the Mediterranean biome. Diversity and Distributions 24: 1018-1031



MEASURING BIODIVERSITY

Marques, J. T. , Pereira, M. R., Marques, T. A., Santos, C. D., Santana, J., Beja, P. & Palmeirim, J. M. 2013 Optimizing sampling design to deal with mist-net 
avoidance in Amazonian birds and bats. PLoS One, 8:e74505. 



INVESTIGATING POPULATION DYNAMICS

Aars, J.; Marques, T.; Lone, K.; Andersen, M.; Wiig, Ø.; Fløystad, I. M. B.; Hagen, S. B. & Buckland, S. T. 2017 The number and distribution of polar bears in the 
western  Barents Sea area. Polar Biology. 36: 1374125

Ongoing CARMMHA work 
(dolphins in the Gulf of Mexico after the 

deepwater Horizon Oil spill)

Years afer the oil spill
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UNDERSTANDING ANIMAL MOVEMENTS

Laplanche, C., Marques, T. A. & Thomas, L. 2015 Tracking marine mammals in 3D using electronic tag data. Methods in Ecology 
and Evolution. 6: 987–996



INTERPRETING CITIZEN SCIENCE DATA

Tiago, P., Ceia-Hasse, A. Marques, T. A., Capinha, C. & Pereira, H. M. (2017) Spatial distribution of citizen science casuistic
observations for different taxonomic groups. Scientific Reports. 7: 12832



METHODS

• None of the above can be addressed with a t-test or an ANOVA

• Ecological statistics is moving away from modelling spatio-temporal 
patterns per se and towards modelling the ecological processes that 
generate those patterns.

• Hidden Process Models – Underlying latent states with observations

• Hidden Markov Models  

• State Space Models

• Hierarchical models 



REALITY, NATURE & FILTERS

Sampling

Inference



WE WANT TO MAKE INFERENCES ABOUT REALITY 

But really… 

can you really say what is in fact reality?

source

https://www.theguardian.com/books/2018/aug/23/truth-isnt-truth-so-should-we-expect-lies-from-donald-trump


• Analytic approaches varied 
widely across teams

• 20 teams (69%) found a 
statistically significant + effect, 
and 9 teams (31%) did not 
observe a significant 
relationship.

Silberzahn et al. (2018). Many Analysts, One Data Set: Making Transparent How Variations in Analytic Choices Affect Results. Advances in Methods 
and Practices in Psychological Science. DOI: https://doi.org/10.1177/2515245917747646
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29 teams, 61 analysts, same data 
same research question: are 
soccer referees are more likely to 
give red cards to dark-skin-toned 
than light-skin-toned players?

https://doi.org/10.1177/2515245917747646


• A response (acorn count), three designed effects (species, site, and year) 
and 7 environmental variables

• ‘‘explain variation in response variable (acorn count) using the predictors 
available’’ 

• responses from a skilled average self-reported statistical expertise of 6.7 
on scale of 1 [low] to 10 [high]) diverse group of 24 ecologists

• no two final models included exactly the same set of predictors

• not a single predictor  was included in every final model

WHAT IS (ECOLOGICAL) REALITY…?

Stanton-Geddes et al. 2014. In defense of P values: comment on the statistical methods actually used by ecologists. Ecology 95: 637--642

So whatever reality is… filters are hard to undo!



SETTING UP AN ANALYSIS

EXPERIMENTAL DESIGN       

APPLICATION OF STATISTICS

INTERPRETATION OF STATISTICAL TESTS AND MODELS



COMMON STATISTICAL PITFALLS IN SETTING UP AN ANALYSIS
Failure to explore the data
Arbitrary thresholds, metrics, and indicators
Assuming that observations are independent
Mismatched sampling frame and population



COMMON PITFALLS IN EXPERIMENTAL DESIGN
Control sites (or reference sites) differ from treatment sites before the treatment occurs
Measurement strategies that confound experimental designs
Failure to model covariates at the correct level



PITFALLS IN THE APPLICATION OF STATISTICS
Unnecessary data transformations
Not dealing appropriately with zeros
Ignoring underlying correlation structure
Failure to plot the residuals 
Conducting too many tests
Blind use of a new fancy tool
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PITFALLS IN THE APPLICATION OF STATISTICS
Unnecessary data transformations
Not dealing appropriately with zeros
Ignoring underlying correlation structure
Failure to plot the residuals 
Conducting too many tests
Blind use of a new fancy tool

Solution:
Choose a statistical tool based on the research 
question at hand and the design under which the 
data were collected rather than statistical-
fashion. Understand that tool, its paradigm, 
limitations,
potential biases, and assumptions.



PITFALLS IN THE INTERPRETATION OF STATISTICAL TESTS AND MODELS
Extrapolation
Misinterpretation of a non-significant p-value
Inappropriate comparisons of p values
Implying ecological significance from statistical significance where there are very large 
sample sizes
Misinterpretation of coefficients in multiple regression models



PITFALLS IN THE INTERPRETATION OF STATISTICAL TESTS AND MODELS
Extrapolation
Misinterpretation of a non-significant p-value
Inappropriate comparisons of p values
Implying ecological significance from statistical significance
Misinterpretation of coefficients in multiple regression models

Lack of effect vs. lack of power !

Equal support!



A statistical significant result is, mostly, a sample size statement

• Non significant result        small sample size

• Significant result large sample size

And so what… you know sample size to begin with, no need for 
a test to tell you that!



“The most curious problem with null hypothesis testing, 
as the primary method for data analysis and inference, is 
that nearly all null hypothesis are false on a priori 
grounds…”



statistical significance 
does not imply 

biological significance



“We conclude, based on our review of the articles in this special issue and the 

broader literature, that 

it is time to stop using the term “statistically significant” entirely. 
Nor should variants such as “significantly different,” “p < 0.05,” and 
“nonsignificant” survive, whether expressed in words, by asterisks in a table, or 

in some other way.”

Special issue: 43 papers on statistical significance

The statement is not that you can’t use P-values, but that you should consider carefully 
each time what it means in practice rather than making a blind black and white decision



• Statistical significance is dead?

• It does not matter if you agree with progress, the only thing 
you can do about it is to adapt!



“…Ecology is moving into an increasingly quantitative era… which 
demands a general review of mathematical, statistical and programming 
training …”

“…Collaborative research projects and data sets are both expanding in size 
and complexity, for which we need ecologists trained in state-of-the-art 
modeling”

“…our results indicate that quantitative training in ecology is often 
insufficient…”

“…mathematics, statistics and programming are transferable skills that 
boost employment prospects inside and outside of academia…”



1. additional mathematics/statistics classes (especially calculus 
and algebra for undergraduates, when these are absent)

2. making already existing ecology classes more quantitative, 
combining mathematical, statistical, and programming concepts 
with ecological knowledge”

“This survey points to the widespread recognition of the need for 
better quantitative training in ecology among early-career 
ecologists, and highlights two useful means to do so: 



SO WHAT SHOULD WE AIM TO TEACH BIOLOGY STUDENTS?
(SOME RANDOM THOUGHTS)

• Data: collection, processing, management

• Think before acting

• Randomness, variability, confounding

• Uncertainty is a good thing

• Models are not truth

• Decisions under uncertainty lead to errors

• R programing, dynamic reports and reproducible research

• Data visualization (if you can’t plot it… is it real?)

• Regression models: GLMs, GAMs, GLMMs, GAMMs

• Bayesian paradigm

• The limitations of statistics



• An ecologist should know enough statistics to avoid major pitfalls, 
implement a set of standard methods and know when to ask for help

• Key: turn your brain on before turning on your computer!



NEXT STEPS FOR THIS THOUGHT PROCESS

http://www.isec2020.org/

1. (is happening) Getting feedback from this audience 

2. (will happen) Hosting a round table discussion at Sydney’s ISEC

3. (could happen) Habilitation: propose course on Ecological Statistics

http://www.isec2020.org/


THANK YOU
•Any questions?

An inconvenient truth
Anonymous student: 

“Was my decision correct? How do I know I did the right thing?”
Anonymous teacher: 

“No one knows what reality is, so you don’t.”


