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Welcome to BIOL 422 & 680
(cross-listed)

Advanced Statistics for Biological Sciences 

Pedro Peres-Neto, PhD

Professor, Department of Biology, 
Concordia University

& Canada Research Chair & Editor-in-Chief of Oikos
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Welcome to the science of aiding 
decision-making with incomplete 

information
(or without complete knowledge)
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Statistics is key!

“Statistical thinking will one day be 
as necessary for efficient citizenship 

as the ability to read and write”

  - Herbert George Wells
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“Mathematics may rule the universe, 
but statistics rule societies”

  - Pedro in a very inspired moment during a BIOL322 lecture in 2018 J

Statistics is key!
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Learning is not a spectator sport. We don’t learn 
much just sitting in classes listening to teachers, 
memorizing pre-packaged assignments, and spitting 
out answers. 
We must talk about what we are learning, write about 
it, relate it to past experiences, and apply it to our 
daily lives. We must make what we learn part of 
ourselves.
- Chickering and Gamson

some initial thoughts

5

some initial thoughts about teaching philosophy
wake up

@cjlortie information practice innovate
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Learning is not a spectator sport. 

some initial thoughts
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Statistics is key in decision-making 
processes because most decisions are 
made without complete knowledge (i.e., 
decisions always carry some level of 
uncertainty).
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ASA includes critical thinking!

“Statistics is the science of learning from 
data, and of measuring, controlling and 
communicating uncertainty.” ASA

“Statistics is the study of the collection, 
analysis, interpretation, presentation, and 
organization of data.” Wikipedia   

What is the difference between the two 
definitions? 

9
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“Statistics” as defined by the American Statistical 
Association (ASA) “is the science of learning from 
data, and of measuring, controlling and 
communicating uncertainty.” 

“The statements of science are not of what 
is true and what is not true, but statements 
of what is known with different degrees of 
certainty.” (Richard Feynman)
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What is a statistical question?

ü What is the average size of Canadians?

ü Is 10 a number?

What is the difference between these two 
questions?
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What is a statistical question?

ü What is the average size of Canadians?

ü Is 10 a number?

More information (data) changes (hopefully 
improving) the answer; i.e., one requires 
statistics and the other doesn’t. 
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Do we need statistics to calculate the 
number of female candidates?

13

NO! This question would be answered by simply counting the 
number of female candidates over the total number of 
candidates. This question is not answered by collecting more 
data that may change the results.

Do we need statistics to calculate the 
number of female candidates?
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NO! This question would be answered by simply counting the 
number of female candidates over the total number of 
candidates. This question is not answered by collecting more 
data that may change the results.

We should become comfortable with the idea 
that the most interesting and useful results 
may change if new information (data) is 
gathered 

Statistics: “the science of assisting in decision 
making with incomplete knowledge”

15
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What is statistics? 

“Statistics is a science, not a branch of 
mathematics, but uses mathematical 
models as essential tools.”

- John Tukey
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Mathematics is, by and large, a deterministic way 
of thinking and the way mathematics is taught in 
schools entrenches students into a deterministic 
way of viewing the quantitative world around 
them - What is the size of our planet?

Statistics is, by and large, a probabilistic or 
stochastic way of thinking (i.e., it considers 
uncertainty) - What is the probability that it will 
rain tomorrow?

Statistical Thinking versus Mathematical Thinking
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Statistics is a separate discipline with its own 
unique ways of thinking and its own tools for 
approaching problems.

- J. Michael Shaughnessy, “Research on Students’ Understanding of Some Big Concepts in 
Statistics” (2006)

Statistical Thinking versus Mathematical Thinking

18
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Statistics versus Data Science
(demystifying a trend)

“For statisticians, the entire data science 
trend seems a bit patronizing. No matter 
what your exact definition of data science 
is, it’s going to sound pretty similar to the 
work that statisticians have been doing for 
decades.” 

- Nate Silver
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wake up

@cjlortie

Let’s take a small break – 1 minute

20

Roles of statistics

- adapted from: http://www.scc.ms.unimelb.edu.au/whatisstatistics/

Statistics is a discipline that aims at: 
1) Designing data collection protocols 

(observational and experimental).
2) Summarizing information to aid 

understanding.
3) Drawing conclusions from data.
4) Estimating the present or predict the future.
5) Communicate uncertainty. 

21
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Roles of statistics (1) - Design data collection and 
protocols (experimental and observational)

Data collection 
design

Data collection 
operations

Data organizing

Missing data
issues

Collection
method

Data 
analysis

22

Roles of statistics (2) – Summarize information to aid 
understanding

From raw (primary) data…………….to summaries….
   to information 

23

Roles of statistics (3) – Produce estimates and draw 
conclusions from data based on samples

“There is a probability of 32% that a particular 
biological population will go extinct. The margin of 
error is 5%.” 

What does that mean?

24
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Roles of statistics (3) – Produce estimates and draw 
conclusions from data based on samples

“The is a probability of 32% that a particular 
biological population will go extinct. The margin of 
error is 5%.” 

What does that mean? (“we're pretty 
confident that the true probability is between 
32 ± 5% or somewhere between 27% and 
37%”)

25
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who focus on current distributions.) Different
bioclimatic models can produce highly vari-
able predictions of species-range shifts (7–11),
and there is a poor correlation between a
model’s ability to fit present and future distri-
butions (12). For example, Pearson et al. (9)
applied nine bioclimatic models to predict the
distributions of four South African plants
under current and future climates. Predicted
distribution changes varied from 92% loss to
322% gain for one species; similar variability
was recorded for the other species. In another
study, observed and predicted changes in the
distributions of British breeding birds differed
markedly for 90% of the 116 birds modeled
(see the figure) (8). 

Evaluating model performance under cli-
mate change requires a paradigm shift,
because there are no data against which pre-

dictions of future ranges can be tested (12).
One way to overcome this problem is to make
use of backward predictions, or “hindcast-
ing.” Here, models are calibrated with current
species-climate relationships and are then
tested with reconstructed species distribu-
tions from the fossil record. This approach
has been used to test whether climatic
requirements of species remain stable over
time (13, 14). However, hindcasting is only
feasible for a few species and regions for
which a good fossil record is available.

The predictive ability of models can also
be tested through “space-for-time” substitu-
tion. Here, bioclimatic models are calibrated
with data from one region, and predictions are
tested with distributions of species from other
regions. Randin et al. recently illustrated the
principle by predicting plant species distribu-

tions in the Austrian Alps based on knowledge
of species-climate relationships in the Swiss
Alps and vice versa (15). They found that
predictions from generalized linear models
(which impose a theoretical response curve)
were more easily transferable in space and
time than generalized additive models (which
produce data-driven response curves). How-
ever, the latter yielded more precise predic-
tions in the regions where the models had
been calibrated.

Do data-driven, machine-learning, and
community models provide more precise pre-
dictions of species distributions in a given
region because they overfit the data? Does
model precision come at the expense of gen-
erality, that is, the ability to predict species
distributions in different regions or times?
And do theory-driven response curves im-
prove the generality of models? The results of
the two studies (6, 15) call for a second gener-
ation of studies to test predictions of biocli-
matic models under climate change. 

Predictions of future distributions of
species from bioclimatic models may fail
because of uncertain predictions of local cli-
mate change, inaccurate estimates of the cli-
matic tolerance of species, and unforeseen
evolutionary changes in populations (16). We
will never be able to predict the future with
accuracy, but we need a strategy for using
existing knowledge and bioclimatic modeling
to improve understanding of the likely effects
of future climate on biodiversity. 
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Predicted 1990sObserved 1970s Observed 1990sPredicted 1970s

Turtle dove

Red-backed shrike

A mixed picture of model performance. Observed and predicted distributions of the red-backed shrike
(Lanius collurio) and turtle dove (Streptopelia turtur) in Britain. Bioclimatic models predict the distributions
in the 1970s reasonably well, but fail to predict the contraction of the range of the red-backed shrikes in the
1990s. However, the contraction of the range of the turtle dove is successfully predicted by models. Maps were
produced with data and generalized linear models from (8).P
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Roles of statistics (4) - Predict the present or predict the 
future
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who focus on current distributions.) Different
bioclimatic models can produce highly vari-
able predictions of species-range shifts (7–11),
and there is a poor correlation between a
model’s ability to fit present and future distri-
butions (12). For example, Pearson et al. (9)
applied nine bioclimatic models to predict the
distributions of four South African plants
under current and future climates. Predicted
distribution changes varied from 92% loss to
322% gain for one species; similar variability
was recorded for the other species. In another
study, observed and predicted changes in the
distributions of British breeding birds differed
markedly for 90% of the 116 birds modeled
(see the figure) (8). 

Evaluating model performance under cli-
mate change requires a paradigm shift,
because there are no data against which pre-

dictions of future ranges can be tested (12).
One way to overcome this problem is to make
use of backward predictions, or “hindcast-
ing.” Here, models are calibrated with current
species-climate relationships and are then
tested with reconstructed species distribu-
tions from the fossil record. This approach
has been used to test whether climatic
requirements of species remain stable over
time (13, 14). However, hindcasting is only
feasible for a few species and regions for
which a good fossil record is available.

The predictive ability of models can also
be tested through “space-for-time” substitu-
tion. Here, bioclimatic models are calibrated
with data from one region, and predictions are
tested with distributions of species from other
regions. Randin et al. recently illustrated the
principle by predicting plant species distribu-

tions in the Austrian Alps based on knowledge
of species-climate relationships in the Swiss
Alps and vice versa (15). They found that
predictions from generalized linear models
(which impose a theoretical response curve)
were more easily transferable in space and
time than generalized additive models (which
produce data-driven response curves). How-
ever, the latter yielded more precise predic-
tions in the regions where the models had
been calibrated.

Do data-driven, machine-learning, and
community models provide more precise pre-
dictions of species distributions in a given
region because they overfit the data? Does
model precision come at the expense of gen-
erality, that is, the ability to predict species
distributions in different regions or times?
And do theory-driven response curves im-
prove the generality of models? The results of
the two studies (6, 15) call for a second gener-
ation of studies to test predictions of biocli-
matic models under climate change. 

Predictions of future distributions of
species from bioclimatic models may fail
because of uncertain predictions of local cli-
mate change, inaccurate estimates of the cli-
matic tolerance of species, and unforeseen
evolutionary changes in populations (16). We
will never be able to predict the future with
accuracy, but we need a strategy for using
existing knowledge and bioclimatic modeling
to improve understanding of the likely effects
of future climate on biodiversity. 
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Predicted 1990sObserved 1970s Observed 1990sPredicted 1970s

Turtle dove

Red-backed shrike

A mixed picture of model performance. Observed and predicted distributions of the red-backed shrike
(Lanius collurio) and turtle dove (Streptopelia turtur) in Britain. Bioclimatic models predict the distributions
in the 1970s reasonably well, but fail to predict the contraction of the range of the red-backed shrikes in the
1990s. However, the contraction of the range of the turtle dove is successfully predicted by models. Maps were
produced with data and generalized linear models from (8).P
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Species Distribution Models

Statistical associations between occurrences and climate 
suffice to predict response to climate change

assumption
Roles of statistics (4) - Predict the present or predict the 
future
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statistics over time with an increasing emphasis recently on broad, as opposed to narrow, 
conceptions of what statistics is. We emphasize broader conceptions because we believe they best 
address emerging areas of need and because we do not want researchers to feel constrained when 
it comes to deciding what constitutes fair game as targets for research. 

 
 

1.2 The Nature of Statistics 
 
“Statistics” � as defined by the American Statistical Association (ASA) � “is the science of 
learning from data, and of measuring, controlling and communicating uncertainty.” Although 
not every statistician would agree with this description, it is an inclusive starting point with a solid 
pedigree. It encompasses and concisely encapsulates the “wider view” of Marquardt (1987) and 
Wild (1994), the “greater statistics” of Chambers (1993), the “wider field” of Bartholomew (1995), 
the broader vision advocated by Brown and Kass (2009), and the sets of definitions given in 
opening pages of Hahn and Doganaksoy (2012) and Fienberg (2014). It also encompasses the 
narrower views.  

 
Fig. 1.1: The statistical inquiry cycle 

 
Figure 1.1 gives a model of the statistical inquiry cycle from Wild and Pfannkuch (1999). This 
partial, rudimentary “map” hints at the diversity of domains that contribute to “learning from 
data.” The ASA description of statistics given above covers all elements seen in this diagram and 
more. Although statisticians have wrestled with every aspect of this cycle, particular attention has 
been given by statistical theory-and-methods thinkers and researchers to different elements at 
different times. For at least the last half century, the main focus has been on the use of probabilistic 
models in the Analysis and Conclusions stages and to a lesser extent, on sampling designs and 
experimental designs in the Plan stage. But a wider view is needed to chart the way of statistics 
education into the future. 
 
The disciplines of statistics and, more specifically, statistics education are, by their very nature, in 
the “future” business. The mission of statistical education is to provide conceptual frameworks 
(structured ways of thinking) and practical skills to better equip our students for their future lives 
in a fast-changing world. Because the data-universe is expanding and changing so fast, educators 
need to focus more on looking forward than looking back. We must also look back, of course, but 
predominantly so that we can plunder our history’s storehouses of wisdom to better chart pathways 

PROBLEM

PLAN

DATA

ANALYSIS

CONCLUSIONS
Interpretation
Conclusions
New Ideas
Communication

Data Collection 
Data Management
Data Cleaning

Grasping system dynamics
Defining Problem

Measurement System
Sampling design
Data Management
Piloting and analysis

Data exploration
Planned analyses
Unplanned Analyses
Hypothesis  Generation

PPDAC

The statistical inquiry cycle

International Handbook of Research 
in Statistics Education
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“To consult statisticians after an experiment is finished is 
often merely to ask them to conduct a post 
mortem examination. They can perhaps say what the 
experiment died of.”  (paraphrased from Fisher, 1938).

29

We need to develop our ability to 
think critically and make decisions by 

estimating parameters and 
assessing probabilities.

 Understanding and embracing 
uncertainty is crucial in accurately 

estimating these values.

30
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What is the role of statistics? Convince you and 
others! 

31

Statistics is part of a decision-making 
processes because most decisions are 
made without complete knowledge (i.e., 
they are based on samples and as such 
have some level of uncertainty).

What is the role of statistics? Convince you and 
others (make decisions)! 

32

There is a lot of BioStatistics out there

And the list 
goes on & on

33
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The “fear” of BioStatistics

34

The fear of statistics

Source:https://www.insidehighered.com/news/2017/0
5/10/study-student-ratings-instructors-dependent-
discipline-quantitative-fields-are-most

35

The fear of statistics

- https://www.ihatestatistics.com/

36
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The fear of statistics

Bottom line:

There is fear of 
statistics…but 
there is no need 
to!

37

How to become interested in statistics?

Statistical concepts can promote interest, 
ability and intuition towards quantitative 
thinking & numeracy.  

With time and experience, you will be able to 
choose or adapt available tools to particular 
needs….and perhaps even generate your own.

38

wake up

@cjlortie

Let’s take a break – 1 minute

39
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The challenges in understanding 
statistics

A word on intuition – two meanings:

1) Easy to use and understand (goal here).

2) “Instinctive” – act on what one feels to 
be true even without reason (ultimate 
goal of experience).

40

The challenges in understanding statistics

Let me describe my goal & teaching philosophy 
with a problem:  “Here is a new number system that 

you will need to learn”

1=

2=

3=

4=

5=

6=

7=

8=

9=

Image by P. Newbury
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What is this number?

Image by P. Newbury

The challenges in understanding statistics

Let me describe my goal & teaching philosophy 
with a problem:  “Here is a new number system that 

you will need to learn”

42
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1=

2=

3=

4=

5=

6=

7=

8=

9=

Transmissionist

Unsupported content

Constructivist

1

4

7

2

5

8

3

6

9

Built on familiar content

Teaching styles

43

What is this number?

Image by P. Newbury

The challenges in understanding statistics

Let me describe my goal & teaching philosophy 
with a problem:  “Here is a new number system that 

you will need to learn”
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We are witnessing a pedagogical movement 
in statistics education aimed at shifting the 
focus of instruction away from theory and 
recipes toward statistics thinking, genuine 
data, conceptual understanding, and active 
learning. 

Chance and Garfield, 2001
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The challenges in understanding statistics -
many problems are not intuitive at first

The Monty Hall Problem 
(from “Let’s make a deal”):  
In search of a new car, you 
pick a door, say 1. The game 
host then opens one of the 
other doors, say 2, to reveal 
a goat and offers to let you 
pick door 3 instead of door 1 
if you want to.  Would you 
switch or keep the same 
door? ? ?

46

Is it okay to learn statistics without memorizing the 
mathematical derivation of the formulas?
I like Peter Flom’s answer!

47

Is it okay to learn statistics without memorizing the 
mathematical derivation of the formulas?
I like Peter Flom’s answer!

48
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You may be able to use a car very well (or an environmental 
probe) even though you likely don’t know how it really works!

Statistical inference and statistical hypothesis testing (not to be 
confused with hypothesis testing) are key statistical 
components that are general and can be understood without 
excruciating details.  Understand the assumptions and 
limitations of methods are also analogous to driving without 
understanding the car’s engine.

49

The challenges in understanding statistics

ANALYZING 
SUMMARIZING
REASONING

DERIVING
SYNTHESIZING
COMPUTING

BRAINSTORMING
ILLUSTRATING

EVALUATING

imagination is our job

connect hypotheses, places, people, species, & data

Imagination is our job

Let’s connect ideas and concepts
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The challenges in understanding statistics

ANALYZING 
SUMMARIZING
REASONING

DERIVING
SYNTHESIZING
COMPUTING

BRAINSTORMING
ILLUSTRATING

EVALUATING

imagination is our job

connect hypotheses, places, people, species, & data

Let’s connect ideas and concepts

This is the role of tutorials & reports

51
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wake up

@cjlortie

Let’s take a break – 1 minute

52

Please use our 
Moodle FORUM:  
the answer to your 
question can help 
everyone!

53

Our WebBook in a glance

http://mypage.concordia.ca/faculty/pperesne/BIOL
_422_680/

54
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Instructors enjoy being greeted cordially; for example:

Hello Pedro (I’m very informal)
Hello Dr. Peres-Neto; or Hello Professor Peres-Neto
Hello could be replaced by Hi or Dear depending on the occasion.

Perhaps avoid being impersonal:

Hello,
Hi,
Hello sir “If you forgot your instructor’s name, please look over their 
course syllabus.” I know is a sign of respect, but I do prefer to be 
referred by my name. 

Thank you J  - I may send a reminder about this from time to time!

Let’s be personal!

55

Read the Syllabus

But if it’s not there…let me know

56 57
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58

The use of ChatGPT and other AI systems 
for natural and computer languages

The use of ChatGPT and other AI systems is prohibited unless clearly 
stated in the assignment instructions. 

Any submission that is found to have used ChatGPT or other AI systems 
without explicit permission will be considered a violation of the academic 
integrity policy. It is the responsibility of the student to ensure that all 
work submitted is their own original creation, and to seek clarification 
from the instructor if there is any doubt about the use of ChatGPT and 
other AI systems. We will have open discussions about these tools and 
the ethical implications of these to learning and assessment.

59 60
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Moodle will be used for sending announcement, 
Forums and posting assignments

61 62


