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1. Revisão dos conceitos básicos em bioestatística 

• testes de hipóteses para uma ou duas populações 

• análise de variância e desenho experimental 

• regressão linear simples e correlação 

2. Regressão linear múltipla

• exploração dos dados 

• avaliação de colinearidade entre variáveis explicativas

• interação entre variáveis explicativas

• interpretação dos resultados

3. Modelos Lineares Generalizados

• GLM-Poisson

• GLM-Logístico

Tópicos do curso – Semana 1
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1. Revisão dos conceitos básicos em bioestatística 

• testes de hipóteses para uma ou duas populações 

• análise de variância e desenho experimental 

• regressão linear simples e correlação 

2. Regressão linear múltipla

• exploração dos dados 

• avaliação de colinearidade entre variáveis explicativas

• interação entre variáveis explicativas

• interpretação dos resultados

3. Modelos Lineares Generalizados

• GLM-Poisson

• GLM-Logístico

Tópicos do curso – Semana 1

1. Gastem tempo a conhecer e a 
explorer os vossos dados…

2. Não confiem nos resultados
após o primeiro
clique…explorem vários
modelos

3. Sejam PACIENTES !

A mensagem para este bloco…
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Multiple regression revisited

Y X1i = + +α β1 εX2 +β2 X3 + …β3 +

1. Check asumptions (normality and homoscedasticity) and 
transform data if necessary

2. Explore data regarding outliers, possible interactions between 
explanatory variables

3. Check for colinearity (tolerance, VIF values)

4. Perform regression and improve model according to the best fit 
(check significance values of ββββs, compare performance of 
models, check R2)

Multiple regression & Co.

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Linear
Regression

Aditive
Models

Generalized
Linear Models

(GLM)

Generalized
Aditive Models

(GAM)

Liner relations ?

YES NO

Violation of
homogeneity
No negative values

Violation of
homogeneity
No negative values
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Linear
Regression

Generalized
Linear Models

(GLM)

Liner relations ?

YES

Violation of
homogeneity
No negative values

Generalized Linear Models

GLM (Poisson)

Models to use with non-normal BUT linear data:

• Poisson Regression (count data, only positive values 
are possible)

• Linear relationship between response and explanatory 
variables is mantained via a Link function

• Poisson uses mostly the Loglink function:
Log(Yi) = g(x);
g(x) = αααα +ββββ1X1 + ββββ2X2 + … + ββββiXi (predictor function)

Yi = e (a +b1X1 + b2X2 + … + biXi)
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GLM (Logistic) in Brodgar

Models to use with binary or proportion data:

• Logistic Regression (also only positive values are 
possible).

• Relationship between response and explanatory 
variables is mantained via a Link function

• Logistic uses mostly the Logit link function:
Log(Yi/(1-Yi)) = g(x);
g(x) = αααα +ββββ1X1 + ββββ2X2 + … + ββββiXi (predictor function)

Yi = e (a +b1X1 + b2X2 + … + biXi) / (1+ e (a +b1X1 + b2X2 + … + biXi))

SOFTWARE: Brodgar
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Key Reading

Zuur, A.F.; E.N. Ieno & 
G.M. Smith (2007).

Analysing Ecological 
Data.

Springer, NewYork, 
U.S.A.

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Data Exploration

• Use dotplots to check data variation & 
outliers (transform data if necessary)

• Perform pair-plots to check for relations
• Calculate VIF’s to check for colinearity
• Check for possible interactions (Coplots)
• Check normality via Q-Q- plots
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Box-plots vs. Dotplots

Data Exploration – distribution 
& outliers

Boxplot: …/Data/Argentina.xls

- Abundance of 4 benthic spp; salt marsh in Argentina

- 3 transects, each with 10 points

- Autumn (1) and Spring (2)

Laeonereis acuta

Heteromastus similis

Uca uruguayensis

Neanthes succinea
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Dotplots

- Outliers? (by transept)

Dotplots

Not an outlier

- Outliers?
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Dotplots

No outliers

- Outliers?

Dotplots

- Outliers?
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Dotplots

- Outliers?

No outliers

Dotplots

- Outliers?
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Dotplots

- Outliers?

No outliers

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

- To check for outliers always compare results 
from both types of graphs.

- Box-plots only can misslead you

Box-plots vs. Dotplots

Data Exploration – distribution 
& outliers
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Histograms & Q-Q plots

Data Exploration – distribution 
& outliers

Q-Q Plots

(Quantile-Quantile)

- Normality

Q-Q plots compare the 

distribution of a given 

variable with a normal 

distribution

- Abundance of 

Laeonereis acuta

Data Exploration – normality
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Liner relations ?

Data Exploration – linear 
relations?

Scatterplots: …/decapodNew.xls

- Relationship BETWEEN variables – Relation? Linearity?

- Densities (families) 

planktonic decapods;

- Scotland

- 2 locations, 2 years;

- Temp. and salinity

(1m and 35-45m) and 

chlorophyll (0-10m)
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Pairplots: …/decapodNew.xls

- Relationships 
beetwen several 

variables

- Collinearity? 
(between 
explanatory 
variables)

(can reduce precision)

Coplots: 
…/Data/RIKZRichness.xls

- Coplot = Conditional scatterplot for several values of 1 or 

2 other explanatory variables (nominal or continuous)

- RIKZ – Dutch governmental institute

- intertidal benthos

- 9 sandy beaches in The Netherlands

- 5 stations per beach (10 sub-replicates)

- 4 sampling times (4 sequential weeks)

- Station and beach slopes (“angles”)

- Exposure of the beach (waves, slope,…)

- Station NAP = reflects emersion time 

- Salinity, temperature, grain size, organic matter,…
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- Specific richness
versus NAP
by week
(nominal)

3

1

2

4

Coplots: /Data/RIKZRichness.xls

Week of 
sampling

Also useful 
to check for 
interactions

31

5

- Specific richness

versus NAP

by temperature

(continuous)

- Some interception

- Suggests to use 

temperature as an 

effect variable (or 

at least classes of 

temperature)

Coplots: /Data/RIKZRichness.xls
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Data Exploration – colinearity

VIF: …/Data/decapod.xls

VIFi = 1 / (1- ri
2)

- Variance Inflation Factor:

of the regression of each

continuous explanatory

variable with all others 

(TOLERANCE = 1/VIF)

- VIF: from 1 to ∞

remove if VIF > 5 to 10
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VIF: …/Data/decapod.xls

VIFi = 1 / (1- ri
2)

- Variance Inflation Factor:

of the regression of each

continuous explanatory

variable with all others 

(TOLERANCE = 1/VIF)

- VIF: from 1 to ∞

remove if VIF > 5 to 10

REMOVE ONE OF THOSE

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Data Exploration – Outliers and 
transformations
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Outliers 

- Outliers in the x-space, the y-space and the xy-
space

- A is what?

- B is what?

- C is what?
y

x

A

C

B

Outliers 

- Outliers in the x-space, the y-space and the xy-
space

- A is what?

Outlier in y space

Outlier in the xy space

- B is what?

- C is what?

y

x

A

C

B
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Outliers 

- Outliers in the x-space, the y-space and the xy-
space

- A is what?

Outlier in y space

Outlier in the xy space

- B is what?

Outlier in the x space

Outlier in the y space

No outlier in xy space

- C is what?

y

x

A

C

B

Outliers 

- Outliers in the x-space, the y-space and the xy-
space

- A is what?

Outlier in y space

Outlier in the xy space

- B is what?

Outlier in the x space

Outlier in the y space

No outlier in xy space

- C is what?

Outlier in the x space

Outlier in the xy space

y

x

A

C

B
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Transformations

- Non normality, heterogeneity, outliers

- Non-linear relationships

- Can be applied to both response and explanatory 
variables

- Can be different to different variables in the same 
model

- Logaritmic: log(y+1)

- Exponential: …y1/3 , y1/2 , y2 , y3 ,…

- Arcsin of square root (proportional data: 0 to 1)

- Ranking: 1st , 2nd, 3rd,… (more present versus less 

present)

- Transform to binary: 0 and 1 (presence/absence)

Transformations
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- Non linearity:

y2,y3 or x2,x3

y

x

Transformations

- Non linearity:

y2,y3 or x2,x3

log(y),y1/2 or x2,x3y

x

Transformations
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- Non linearity:

y2,y3 or x2,x3 log(y),y1/2 or log(x),x1/2 

log(y),y1/2 or x2,x3y

x

Transformations

- Non linearity:

y2,y3 or x2,x3 log(y),y1/2 or log(x),x1/2 

log(y),y1/2 or x2,x3 y2,y3 or log(x),x1/2y

x

Transformations
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If…

- … then quadratic regression:

Y = a + bX + cX2

y

x

TASK for explorers…  /Loyn.xls

The response variable ABUND is the density of birds 

in 56 forest patches (Australia).

The explanatory variables are size of the forest 
patches (AREA), distance to the nearest forest patch 
(DIST), distance to the nearest larger forest patch (LDIST), 
year of isolation of the patch (YR.ISOL), agricultural 
grazing intensity at each patch (GRAZE = nominal!), and 
altitude (ALT).

The underlying aim of the research is to find a 
relationship between bird densities and the explanatory 
variables....BUT NOW DATA EXPLORATION



Análise de Dados Ecológicos, ISCED, Lubango; 2016 24

Notas para os alunos © Paulo Sousa

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Liner relations ?

TASK for explorers…  /Loyn.xls

Hands on!!! 
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Tanto gráfico!!!
Chega!!!

1

2

Hands on!!! 

Hands on!!! 
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Hands on!!! 

Tanto gráfico!!!
Chega!!!

4

3

5

Hands on!!! 
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Hands on!!! 

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Liner relations ?

TASK for explorers…  /Loyn.xls

Always construct a log file with all
your analyses and decisions
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1. Data Exploration
2. Linear Regression – Bivariate 

and Multiple
3. Generalised Linear Modelling

Poisson
Logistic

COURSE OUTLINE

Bivariate & Multiple regression

Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Linear
Regression

Liner relations ?

YES
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Bivariate regression revisited

Y Xi i i==== ++++ ++++αααα ββββ εεεε
Response 
variable 
(dependent)

Explanatory 
variable 
(independent)

Populatio
n slope

Population 
intercept -Y

Rando
m error

Bivariate regression revisited

Y

Y = a + bX

a = intercept

X

b = slope
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Bivariate regression-
assumptions

- Normality: to each Xi, in the population, there is a 

serie of a normally distributed  set of Yi values

- Homogeneity: variances of these sets of Yi values 

are equal

- Independence: Y values are independent of each 

other (sampling was made randomly and each sample 
was not influenced by previous or nearby sampling)

- Fixed X: X values are error-free

Bivariate regression-
assumptions

- Normality & Homogeneity

Y

P

X

X1
X2

Y
Y
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- …/Data/RIKZ.xls 

- RIKZ – Dutch governmental institute

- intertidal benthos

- 9 sandy beaches in The Netherlands

- 5 stations per beach (10 sub-replicates)

- 4 sampling times (4 sequential weeks)

- Station and beach slopes (“angles”)

- Exposure of the beach (waves, slope,…)

- Station NAP = reflects emersion time (high NAP 
low immersion) 

- Salinity, temperature, grain size, organic matter,…

Normality  &  homogeneity

- Richness
versus NAP

Bivariate linear regression 
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Normality  &  homogeneity

- Richness
versus NAP

Normality  &  homogeneity

- Richness
versus NAP
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Variance components

ANOVA 

F = MSregression / MSresidual
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ANOVA RIKZ: R versus NAP

Linear

regression

- Richness
versus NAP
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Model validation 

r2 = SSregression / SStotal 

= 1 – (SSresidual / SStotal )

- Sample size (n)

- Number of explanatory variables (m)

r r  )
n

nadj
2 21 (1

1

m
==== −−−− −−−− ××××

−−−−

−−−− ][ 1−−−−

Anscombe quartet
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Assessing assumptions

- Richness
versus NAP

- Residuals

Assessing assumptions
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- Residuals

Assessing assumptions

Standardised 
residuals:

mean = 0, 

variance = 1 

(if  > 2 then… 
outlier?)

Assessing assumptions
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Studentised residuals:

same as standardised 

residuals but removing 

the respective 

observation

(better visualisation)

Assessing assumptions

Square root of  

standardised 

residuals 

(better visualisation)

Assessing assumptions
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Standardised 
residuals:

mean = 0, variance = 
1 (if  > 2 then… 
outlier?)

Assessing assumptions

Outliers

Cook’s distance:

- Influential points

- Outlier if >1

(remove it?)
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Outliers

Jackknife method:

change in regression

If removing

each observation

(Influential points!)  

Jackknife method:

change in regression

If removing

each observation

(Influential points!)  

Outliers
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Hat values

Hat values

(high leverage):

- Extreme values

in x space

Cook distance and hat values

Summarising,

leverage identifies extreme observations

And the Cook’s distance detects points that 
are influential.

It is easier to justify omitting influential 
points (large Cook’s distance) if they are 
extreme observations (these are points 
with a large leverage).
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Final model presentation

R = 6.69(±0.66) – 2.87(±0.63)NAP

r2 = 32.45% (n = 45)

Apply bivariate linear regression to model bird 
abundance as a function of AREA.

• What is the fitted model?

• Are the parameters significant? Use two ways 
to assess this.

• How much variation do you explain?

• Apply a model validation; check all 
assumptions. Are there patterns in the 
residuals? Do you have normality and 
homogeneity?

• How many birds do you expect if AREA is 100?

TASK …  /Loyn.xls
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Multiple regression revisited

Y X1i = + +α β1 εX2 +β2 X3 + …β3 +

1. Check asumptions (normality and homoscedasticity) and 
transform data if necessary

2. Explore data regarding outliers, possible interactions between 
explanatory variables

3. Check for colinearity (tolerance, VIF values)

4. Perform regression and improve model according to the best fit 
(check significance values of ββββs, compare performance of 
models, check R2)

RIKZ

Richness

versus

angle2

(beach slope)

NAP

grainsize

humus

week (nominal)

Multiple linear regression
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RIKZ

Richness

versus

angle2

(beach slope)

NAP

grainsize

humus

week (nominal)

week (nominal):

without week1

only:

week2, 3 e 4

To each level of

week

X =0 or X=1
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Model selection

- Criteria: and (Akaike Information 
Criteria)

- Backwards

(removing…)

radj
2 AIC

AIC = n log(SSresidual) + 2(m + 1) – nlog(n)

Model selection
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Model selection

Model selection
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Significance

ANOVA

- Each line of the ANOVA table is compared with 
the previous line:

- Model 1: Yi = α + εi

- Model 2: Yi = α + β1 X1 + εi

- Model 3: Yi = α + β1 X1 + β2 X2 + εi

- A.s.o.
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- drop 1 variable and F – ANOVA ok!

ANOVA

ANOVA

- drop 1 variable

- F
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R = 11.4(±1.0) – 2.3(±0.5)NAP - 7,6(±1.3)week2 – 6.2(±1.3)week3 – 2.6(±1.7)week4

radj
2 = 64.4%; n = 45

R = 11,4(±1,0) - 2,3(±0,5)NAP - 7,6(±1,3)week2 - 6,2(±1,3)week3 - 2,6(±1,7)week4

Selected model
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- RIKZ

- Richness
versus

angle2

(beach slope)

NAP

grainsize

humus

Without week:

- Forwards

(adding…)

Without week:
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- Final model

Without week:

- Richness
versus

NAP

by grainsize…

(coplot!!!)

But:
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With the interaction:

RIKZ

Richness

versus

NAP

grainsize

NAP:grainsize

With the 

interaction:
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- Forwards and

backwards

- Interaction was included

but no significant… therefore: remove (?!)… 
residuals?

R = 17,0(±2,7) - 6,7(±2,6)NAP - 0,037(±0,009)grainsize + 0,013(±0,009)NAP××××grainsize
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Model validation 

NAP and grainsize …and NAP:grainsize

Model validation 

NAP and grainsize …and NAP:grainsize
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Model validation 

NAP and grainsize …and NAP:grainsize

Model validation 

NAP and grainsize …and NAP:grainsize
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Model validation 

NAP and grainsize …and NAP:grainsize

Model validation 

NAP and grainsize …and NAP:grainsize



Análise de Dados Ecológicos, ISCED, Lubango; 2016 57

Notas para os alunos © Paulo Sousa

Model validation 

NAP and grainsize …and NAP:grainsize

Apply multiple linear regression to model bird 
abundance …

TASK …  /Loyn.xls
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Reports should be correct, complete, clear and 
concise…

TASK …  /Loyn.xls

1. Data Exploration
2. Linear Regression – Bivariate 

and Multiple
3. Generalised Linear Modelling

Poisson
Logistic

COURSE OUTLINE
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Data
exploration

Normality
(histograms
Q-Q- plots)

Outliers
(box-plots,
dotplots)

Colinearity
(corelations,

VIF’s)

Transformations
(Y and X’s)

Linear
Regression

Generalized
Linear Models

(GLM)

Liner relations ?

YES

Violation of
homogeneity
No negative values

Generalized Linear Models

Generalized Linear Models

- Parametric models: data belong to a specific 
distribution (normal, Poisson, binomial, gamma, 
negative binomial,…)

Normal – may include negative values 
(regression)

Poisson – count data,… (GLM Poisson)

Binomial – binary, proportional data (GLM 
logistic)
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- Different link functions relate the expected values 
of Y and the explanatory variables

- In linear regression:

id est:

Yi i==== g(x )

Y Xi 1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 p

Generalized Linear Models

- Link funtions: 

Identity link: (linear regression)

Always (linear predictor function):

ig(x )µµµµi ====

X1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 pig(x )

Generalized Linear Models
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- Link funtions: 

Identity link: (linear regression)

Log link: or
(GLM Poisson)

Always (linear predictor function):

ig(x )µµµµi ====

ig(x )
µµµµi ==== e ==== ig(x )ln(µµµµi)

X1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 pig(x )

Generalized Linear Models

- Link funtions: 

Identity link: (linear regression)

Log link: or
(GLM Poisson)

Logit link: (GLM logistic)

Always (linear predictor function):

ig(x )µµµµi ====

ig(x )
µµµµi ==== e ==== ig(x )ln(µµµµi)

==== ig(x )ln[µµµµi/(1 - µµµµi)]

X1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 pig(x )

Generalized Linear Models
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Log link: or

Always (linear predictor function):

ig(x )
µµµµi ==== e ==== ig(x )ln(µµµµi)

X1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 pig(x )

GLM Poisson

- …/Data/RIKZ.xls 

- RIKZ – Dutch governmental institute

- intertidal benthos

- 9 sandy beaches in The Netherlands

- 5 stations per beach (10 sub-replicates)

- 4 sampling times (4 sequential weeks)

- Station and beach slopes (“angles”)

- Exposure of the beach (waves, slope,…)

- Station NAP = reflects emersion time 

- Salinity, temperature, grain size, organic matter,…

GLM Poisson
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- Richness 
versus 

NAP

Normal distribution (or Gaussian)

- Richness 
versus 

NAP

Normal distribution (or Gaussian)
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Poisson  distribution

- Richness 
versus 

NAP

Poisson  distribution

- Richness 
versus 

NAP
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Linear

regression 

- Richness
versus NAP

Normal distrib. – variance

[r2 = SSregression / SStotal = (SStotal - SSresidual) / SStotal]



Análise de Dados Ecológicos, ISCED, Lubango; 2016 66

Notas para os alunos © Paulo Sousa

GLM Poisson 

- Richness
versus NAP

- Distribution: Poisson

- Link: Log

[r2 = SSregression / SStotal = (SStotal - SSresidual) / SStotal]

Pseudo r2 = (null deviance - residual deviance) / null 
deviance

Pseudo r2 = (179,75 – 113,18) / 179,75 = 0,370 = 37,0%

GLM Poisson 
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Richness = e1.79(±0.06) – 0.56(±0.07)NAP

Pseudo r2 = 37.0%; n = 45

GLM Poisson 

- Overdispersion:

Caution (!) if > 5
(10?) then →
QuasiPoisson

Ignoring 
overdispersion 

may result in 
accepting

non relevant 
variables

GLM Poisson 
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- Distribution: Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

exposure (nominal)

Multiple GLM

Multiple GLM - Drop 1, Chi square
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- Distribution: Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

exposure (nominal)  ???? 

Multiple GLM - Drop 1, Chi square

- Distribution: Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

exposure (nominal)  ???? – compare residuals!

Multiple GLM - Drop 1, Chi square
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- Distribution: Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

(exposure removed)

Multiple GLM

W1: R = e2,33(±0,10) - 0,45(±0,07)NAP

W2: R = e2,33(±0,10) - 0,45(±0,07)NAP - 1,21(±0,19)

W3: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,81(±0,16)

W4: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,11(±0,20)

Multiple GLM
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W1: R = e2,33(±0,10) - 0,45(±0,07)NAP

W2: R = e2,33(±0,10) - 0,45(±0,07)NAP - 1,21(±0,19)

W3: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,81(±0,16)

W4: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,11(±0,20)

Multiple GLM

W1: R = e2,33(±0,10) - 0,45(±0,07)NAP

W2: R = e2,33(±0,10) - 0,45(±0,07)NAP - 1,21(±0,19)

W3: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,81(±0,16)

W4: R = e2,33(±0,10) - 0,45(±0,07)NAP - 0,11(±0,20)

pseudo r2 = (null deviance - residual deviance) / null 
deviance

- Sample size (n)

- Number of explanatory variables (m)

pseudo r pseudo r  )
n

nadj
2 21 (1

1

m
==== −−−− −−−− ××××

−−−−

−−−− ][ 1−−−−

Multiple GLM
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- Distribution:

Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

Multiple GLM

- Distribution:

Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

Multiple GLM
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- Distribution:

Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

- No linearity!

→ GAM!!!!

Multiple GLM

- Distribution:

Poisson

- Link: Log

- Richness

versus

NAP

week (nominal)

- Outliers

Multiple GLM
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Compare multiple linear regression and multiple 
GLM Poisson to model bird abundance …

TASK …  /Loyn.xls

Logit link:

or

Always (linear predictor function):

X1i i==== ++++ ++++αααα ββββ εεεεXpi++++ ββββ+ ...+ ...+ ...+ ...1 pig(x )

µµµµi = e / (1 + e      )

log[µµµµi / (1 - µµµµi)] = g(xi)

g(xi) g(xi)

GLM Logistic
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…/Data/Soleasolea.xls

- Estuary of the

Tagus river

Portugal

- Presence/absence

of Solea solea

GLM logistic

- Estuary of the

Tagus river

Portugal

- Presence/absence

of Solea solea
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GLM logistic

- Estuary of the

Tagus river

Portugal

- Presence/absence

of Solea solea

- If overdispersion > ~5 → Quasibinomial
distribution

GLM logistic
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Multiple GLM logistic

→ Drop 1, Chi square

TASK …  /Frog.xls

The objective is to obtain a model to predict 
embryo mortality at different combinations of 
NaCl and copper
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Exercises for evaluation

Exercise 1
File: Med soils_GLM.xls
Aim: To find which soil parameters explain 
reproductive performance in Eisenia andrei

Exercise 2
File: Med soils_GLM.xls
Aim: To find which soil parameters explain 
avoidance behaviour in Eisenia andrei


