5 Univariate techniques

In Zuur et al. (2007), various univariate statistienethods were discussed,
namely linear regression, generalised linear modge{iGLM), additive modelling,
generalised additive modelling (GAM), regression afassification trees, mixed
effects modelling, generalised least squares (@d)additive mixed effects mod-
elling. More examples on (additive) mixed effectsdalling (and extensions) can
be found in Zuur et al. (2009). Their Appendix Antains a detailed example of
linear regression.

In this chapter, we show how to apply these tealesqgn Brodgar. In Section
5.1, we show how to apply a linear regression aisiy Brodgar, and Section 5.2
tells you have to reproduce some of the analysesepted in Zuur et al. 92007,
2009). Applying any of the other univariate techugg in Brodgar follows the
same clicking process, and we therefst®ngly advise that you read these two
sections, before reading the remaining text.

In Sections 5.3 and 5.4, we show how to apply GbMBrodgar, and GAM is
discussed in Section 5.5 and 5.6. Running regressid classification techniques
in Brodgar are explained in Section 5.7. Mixed efemodels are discussed in
Section 5.8, and GLS (for detailing with heterogsnen Sections 5.9 add 5.10.
Finally, adding temporal or spatial correlationustures to additive models and
GLS is explained in Section 5.11.

All methods discussed in this chapter make use. of R

5.1 Linear regression in Brodgar

Linear regression is explained in Sections 5.1%&@&dn Zuur et al. (2007), and
in Appendix A of Zuur et al. (2009). We start showihow to do linear regression
in Brodgar, discuss some of the options, presetpubdior a particular data set and
mention further options.

5.1.1 A simple linear regression analysis
In this section, we will use the Argentinean zodhendata; see Chapters 4 and

28 in Zuur et al. (2007) for a biological explaoati The data can be found in the
Excel filewww.brodgar.com/Argentina.xI§ he four speciek. acutg H. similis
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U. uruguayensisindN. succineare the response variables and the other variables
are explanatory variables. Once the data are iregprdlick on the “Univariate”
main menu button (Figure 3.1). The window in Fighire appears.

The Argentinean zoobenthic data set consists gled¢ies measured at 30 sites
during Autumn and Spring of 1997. And there arediment variables. Results in
Chapter 4 in Zuur et al. (2007) showed that thereoilinearity between the sedi-
ment variables. Therefore, we only use medium sambimud as continuous ex-
planatory variables, and time (season) and trarmeabminal variables. Clicking
the “Go” button in Figure 5.1 gives Figure 5.2; thimmdow for linear regression.
In the first tab labelled “Variables” one can sélé®e response and explanatory
variables. It is also possible to use weights. Exdhese points is discussed next.

7 Brodgar @m

File Edit Tools Link Brodgar & R Help

Link Brodgar & R | Brodgar can access R
Import data I

View Data

Choose one of the following

n % Linear regression
Exploration
‘Generalised linear modelling
- - - Generalised additive modelling (mgcv)
Univariate
Trees

Multinomial models

_Gao | Help

Multivariate

Time series

Figure 5.1. Univariate analysis menu. Clicking t8®” button gives Figure 5.2.
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Figure 5.2. Selection of a response variable (top and explanatory variables in
linear regression. The “Continuous” box is for donbus explanatory variables
and the “Nominal” box for nominal (categorical) éapatory variables. Choosing
the variables the wrong way around, may cause enessages. But even if no er-
ror message is generated, ensure you select thievagiables in the appropriate
box!

5.1.2 Select response variable

Here, one has to choose a response variable. drc#isie, the options ark:
acuta H. similes U. uruguayensisindN. succineBrodgar also allows the user to
select a diversity index as response variable. § lredices can be selected in the
“Select response variable” box (they are enumerataolve the response vari-
ables). If one of these diversity indices is seldcBrodgar will base the calcula-
tion of the diversity index on all response varéab(as selected in the data import
process). We decided to use the Shannon-Weaversitivéunction (with base
10).

5.1.3 Select explanatory variables and nominal vari  ables

In this step, one has to select explanatory vag@abAll available explanatory
variables (as selected in the data import procassenumerated. If no explana-
tory variables are selected, a linear regressiodeinwith only an intercept is fit-
ted. We selected medium sand and mud as contirexplanatory variables, and
season and transect as nominal explanatory vasiable

Our selections are shown in Figure 5.2. Clicking t®0” button in Figure 5.2
applies the linear regression model. Before prasgtihe output, we discuss a few
things.
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5.1.4 Use weights

The following information was taken from the R hdile (start R and type:
?Im):

weights: an optional vector of weights to be used i n
the fitting process. If specified, weighted least

squares is used with weights 'weights' (that is, mi ni-

mizing 'sum(w*e”2)"); otherwise ordinary least squa res
is used.

If weights are to be used in Brodgar, the user hbitst select the weighting
variable as an explanatory variable in the dateaomnprocess, and then select it in
the box for “Use weights” in Figure 5.2. Please makre that the variable defin-
ing the weights does not contain missing valuegatiee values or zeros!

5.1.5 Graphs settings and general settings

In the tab “Graph settings” (Figure 5.3), one canc#fy the title,x-label, y-
label, graph type, the name of the graph, and whatldation graphs should be
plotted. Brodgar and R will save the graphs in yaoaject directory under the de-
fault name: graphl.jpg, but this can easily be ghdn Graphs can also be ex-
ported to WMF or EPS format, which can be impoitéd Word or WordPerfect
(see Chapter 4 of this manual for further details).

Possible validation graphs are the default grapblotiof the residuals versus
the fitted values, a QQ-plot of the standardisesidreals, square root transformed
standardised residuals versus fitted values (qualg, Cook’s distances, hat (or
leverage) values for each observation, the chamgesi fitted values if thé" ob-
servation is omitted, a histogram of the residuaéstial plots (these are discussed
later in this chapter), and the change in regressaameters if th¥" observation
is omitted. Studentised and standardised resicdizalsalso be plotted versus the
fitted values. If only one explanatory variablesedected, Brodgar will automati-
cally plot the fitted values and observed valuesria graph.

In the “Settings” panel (lower window in Figure B.8ne can choose to save
the residuals or fitted values (we discuss latew ho access them). Important
model validation graphs are residuals versus eaplamatory variable, and it is
optional to add a smoother to these plots to adaliinterpretation of the graphs.

Automatic stepwise model selection can be selebjedhanging the “no” for
“Forward/backward selection”. Possible options dbackwards”, “forward”,
“backwards and forwards selection”. All these opsicapply stepwise linear re-
gression using the AIC.

It is also possible to drop one explanatory vadahlturn, and apply aR-test.
This is executing the functiodropl from R. Note that this is not doing sequen-
tial testing! It is a useful tool to obtain opevalue for a nominal variable with
more than two levels. To select this option, charige “no” for “For-
ward/backward selection” into “dropl”.
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Figure 5.3. More options for linear regression;pyraettings, and (general) set-
tings. Newer versions of Brodgar may have a shgtifferent arrangement of the
options.

5.1.6 Results linear regression

Clicking the “Go” button in Figure 5.2 results imetwindow in Figure 5.4. This
graph is the default output of the linear regras$imction in R and Brodgar. The
upper left graph in Figure 5.4 shows a plot of fitted values versus residuals.
Look for any pattern, and specifically for an irese (or decrease) in spread of re-
siduals for increasing values of the fitted valwsesthis would indicate violation of
the homogeneity assumption (in which case a tramsftion or application of
GLM should be considered). The upper right paneixshthe QQ-plot of the stan-
dardised residuals. If all points are approximateiya straight line, then normality
of the residuals can be assumed. The lower righelpeontains a scatterplot of
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leverage versus residuals, with contour lines lier €ook’s distance values. It is
also possible to obtain a graph with only the Cdiskances; juts press a couple of
times on the “Next graph” button. Cook values larfen 1 indicate influential
observations. The lower left panel in Figure 5.4tams a scatterplot of square
root transformed standardised residuals versugitted values; see Chapter 5 in
Zuur et al. (2007) for an explanation.

Figure 5.4. Graphical output from a linear regr@ssinalysis.

Numerical output

Numerical information can be obtained from the mankigure 5.4; just click
the “Numerical output” button. A text editor wilpen with the following informa-
tion:
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BHHBHH B R R
#### LINEAR REGRESSION NUMERICAL OUTPUT ####

Model is given by f1:
Y1~ 1+ MedSand + Mud + as.factor(Season) + as.fac

Call:
Im(formula = f1, data = dataz, weights = XW, na.act

Residuals:
Min 1Q Median 3Q Max
-0.299305 -0.091526 0.002258 0.072666 0.257453

Coefficients:

Estimate Std. Error t value P
(Intercept) -0.124396 0.104771 -1.187
MedSand 0.001274 0.014171 0.090
Mud 0.007269 0.003551 2.047
as.factor(Season)2 0.049265 0.030159 1.633
as.factor(Transect)2 0.191408 0.041030 4.665 2
as.factor(Transect)3 0.139169 0.040354 3.449

Signif. codes: 0 ***' 0.001 **' 0.01 *' 0.05".

Residual standard error: 0.1168 on 54 degrees of fr
Multiple R-Squared: 0.3589, Adjusted R-squared: 0.2
F-statistic: 6.047 on 5 and 54 DF, p-value: 0.0001

Analysis of Variance Table
Response: Y1

Df Sum Sq Mean Sq F value Pr
MedSand 10.00815 0.00815 0.5972 0.
Mud 10.01955 0.01955 1.4330 O.
as.factor(Season) 1 0.03641 0.03641 2.6683 O.
as.factor(Transect) 2 0.34841 0.17420 12.7680 2.88
Residuals 54 0.73677 0.01364

Signif. codes: 0 "***' 0.001 **' 0.01 "*' 0.05".
No weights were used

tor(Transect)

ion = na.omit)

r(>[t)
0.2403
0.9287
0.0455 *
0.1082
.07e-05 *+*
0.0011 **

'01''1

eedom
996
632

(F)
4430
2365
1082
e_05 *kk

'01''1

The linear regression model we are fitting heref ithe form:

H, = + ;xMedSand+ ;Mud + factor(Seasgh+ factor(Transegt+ ;

35

wherei = 1, . .,60H; the Shannon-Weaver index at observatiand ; are the re-

siduals. Estimated values, standard errbuglues ando-values are given above
and the reader is referred to Zuur et al. (2007)afctatistical explanation. The
only point that perhaps needs some explanatiohdsaay Brodgar and R deal
with nominal variables. The function “factor(Seapomakes sure that R knows
that Season is a nominal variable. The first leMeBeason (Autumn) is set to
zero, and the second level (Spring) is denotedstipetor(Season)2. Its estimated
value is 0.049265. The same is done for transketfitst level (transect A) is set
to 0, as.factor(Transect)2 represents transecinB,as.factor(Transect)3 are the
observations from transect C. The first level isteed to avoid collinearity (if an

observation is not from transect B or C, it mustfimen transect A). As a result,

the intercept represents the intercept itself,abs level 1 of transect (transect A)

and level 1 of season (Autumn).
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The interpretation of the nominal variables is @ltofvs. If a sample is from
transect B, its fitted value will be 0.191408 higltempared to a sample from
transect A. A sample from transect C has a fittalliev that is 0.139169 higher
than a sample from transect A. Similar statemeatste made for samples from
transect B and C in Spring.

Results indicate that mud is weakly significanttits 5% level, and the two
transect levels are significantly different fronethaseline level. Season and me-
dium sand are not significantly related to the inflenction. The measure of fi’R
is relative small; the model explains around 35%hefvariation in the data.

The second part of the numerical output contairs ANOVA table, and it
shows theF-value (andp-value) for adding an extra explanatory variablengg,
adding mud to a linear regression model that ajreadtains medium sand does
not significantly improve the model. But addingrnsact to a model that already
contains medium sand, mud and season does resaltsignificant model im-
provement. The problem with this table is thatapends on the order of how the
explanatory variables were imported. It may bedrettd drop only one explana-
tory variable from the full model, and apply Btest (see the next paragraph).

As explained in Appendix A of Zuur et al. (2009)ete are multiple options for
model selection. The first option we illustratéhigoothesis testing using the dropl
function, and the second option is the AIC.

Drop 1

Hypotheses testing procedures can be used to amosignificant explanatory
variables. The dropl option applies the model wittselected explanatory vari-
ables, and in turn, drops one explanatory variallé applies affr-test. The re-
sults are also presented in an ANOVA table, big itrucial to realise that these
test results do not depend on the order of thelbbas.

To run this test in Brodgar, close the window wiitle numerical output, and
also close the window with graphical output (Figérd). Go to the window with
“Settings” in Figure 5.3, and for “Forward/backwalection” change the “no” to
“drop1”; ensure that on the next line theest is selected (for GLMs with no dis-
persion parameter this should be the Chi-squatistitq Click on the “Go” but-
ton, and again go to the numerical output. At thé ef the window with numeri-
cal output, you will find:
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HHHHHHHEHHHHH

####  OUTPUT OF SELECTION PROCEDURE ####

The selection procedure cannot cope with missing va lues.

If you have missing values, re-apply linear regress ion but
remove rows with missing values.

Single term deletions

Model:

Y1~ 1+ MedSand + Mud + as.factor(Season) + as.fac tor(Transect)
DfSumofSq RSS AIC Fvalue Pr(F)

<none> 0.737 -251.990

MedSand 10.0001104 0.737-253.981 0.0081 0.92867

Mud 1 0.057 0.794 -249.505 4.1903 0.04554

as.factor(Season) 1 0.036 0.773-251.096 2.6683 0.10819

as.factor(Transect) 2 0.348 1.085-232.756 12.7680 2.88e-05

The advantage of this test is that it gives paalue for the categorical vari-
able Transect. Note that tipevalues forMedSand andMud are identical to the
ones obtained by thestatistic; this is not necessarily the case foM3L

Using the AIC

We now show how to apply and interpret the secatébo; backwards selec-
tion using the AIC. Close the window with the nuioal output, and also close
the window with graphical output (Figure 5.4). Gothe window with “Settings”
in Figure 5.3, and for “Forward/backward selectiafiange the “no” to “back-
wards”. The end if the numerical output file nowads:

#### OUTPUT OF SELECTION PROCEDURE ####

The selection procedure cannot cope with missing va lues.

If you have missing values, re-apply linear regress ion but
remove rows with missing values.

Start: AIC=-251.99

Y1~ 1+ MedSand + Mud + as.factor(Season) + as.fac tor(Transect)
Df SumofSqg RSS Al C

- MedSand 10.0001104 0.737 -253.98 1

<none> 0.737 -251.99 (0]

- as.factor(Season) 1 0.036 0.773-251.09 6

- Mud 1 0.057 0.794-249.50 5

- as.factor(Transect) 2 0.348 1.085-232.75 6

Step: AIC=-253.98
Y1 ~ Mud + as.factor(Season) + as.factor(Transect)

Df SumofSqg RSS Al C

<none> 0.737 -253.98 1
- as.factor(Season) 1 0.036 0.773-253.08 7
- Mud 1 0.066 0.803-250.80 3
2

- as.factor(Transect) 2 0.366 1.103-233.78
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Call:
Im(formula = Y1 ~ Mud + as.factor(Season) + as.fact or(Transect),
data = datazz, weights = XW, na.action = na.omit)
Coefficients:

(Intercept) Mud as.fa ctor(Season)2
as.factor(Transect)2 as.factor(Transect)3
-0.119708 0.007137 0.0492 65
0.192788 0.138020

The first step of the backward selection routindigates that medium sand
should be dropped first from the model; it hasltveest AIC. The optimal model,
as selected by the AIC, contains mud, season anddct. You now need to close
the windows with numerical output and graphicalpo@it remove medium sand
from the list of selected explanatory variabled=igure 5.2, and refit the model.
The numerical output of this model shows that @psional to remove season as it
is not significant at the 5% level (the AIC tendde conservative).

You should now apply a graphical model validatiorspect the residuals for
homogeneity, normality and independence. All nemgsgraphs can be obtained
by clicking on the “Next graph” button in Figure45The important graphs are re-
siduals versus fitted values (upper left panelha first graph, or the second
graph), independence (last graphs), and normalipp€r right panel in the first
graph or the histogram in graph 8).

5.1.6 Interactions

It is possible to specify interactions between pamus variables, between
continuous and nominal variables, and between ra@mviariables. To define in-
teractions between for example mud and Transeéck ch the “Interaction” tab in
Figure 5.2; it gives Figure 5.5. Select Mud frore thft panel (it is a continuous
explanatory variable), click the “:" button, andes# Transect from the right panel
(it is nominal). The interaction term will be ofetfiorm:

Mud:as.factor(Transect)

which is the programming code for interactions inTR add a second interaction
term, click the ‘+’ button, add select more var@blFor example:

Mud:as.factor(Transect)+Mud:as.factor(Season)

To remove all interactions, press ‘Clear’. We dad select any interactions for the
Argentinean data set. Appendix A in Zuur et al @0€ontains a series of options
how to deal with interactions. If you select intgfans, make sure that the main
terms are selected as explanatory variables itMagables” tab.
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Figure 5.5. Selecting interactions in Brodgar. Tiest in the panel reads:
Mud:as.factor(Transect)+Mud:as.factor(Season) . Do not make
any mistake with the : or the +. Note that you nagéct any terms in the interac-
tion also as a main term in Figure 5.2!

5.1.7 Specialised corner

Brodgar versions 2.3.6 and higher have a new tathstadled the “Specialised
corner”. It allows the user to fit a full model,caa nested model. Af-test is used
to compare the models. It is discussed later m¢hapter.

5.1.8 Visualise the model

Communicating the results of a linear regressiomehto a non-scientific au-
dience is challenging (it is even challenging & tudience does have a scientific
background!). One graph tells more than all théeslsoming out of a linear re-
gression analysis, and therefore Brodgar versiérizand higher have a new tab-
sheet called “Visualise the model”. This optioroidy available for linear regres-
sion and generalised linear modelling. It allows tiser to fit a model with two or
more explanatory variables, and create a graph isigowhat the model is doing.
An example is given in Figure A.3 in Zuur et al0(®). The model that was fitted
is of the form:

ABUNDANCE = + x LOGAREA + factor(GRAZE) +

If you are familiar with this type of models, youlvknow that this model con-
tains five parallel lines; one for each grazingelevin the next section, we show
how to make such a graph.
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5.2 Regression examples from Zuur et al. (2007; 200 9)

In this section, we show how to carry out someheflinear regression models
presented in Zuur et al. (2007; 2009).

5.2.1 Section 20.4 in Zuur et al. (2007).

In Section 20.4 of Zuur et al. (2007), a lineareagion model is applied on the
decapod data. These data were also discussed pteCHaof this manual. The re-
sponse variable is the richness of the decapodiéanand the explanatory vari-
ables in the linear regression model are T1m, squaot transformed chlorophyll-
a and location (nominal). Import the data agaimlagthe square root transforma-
tion on chlorophyll-a via the “Import” — “Change td& — “Variables and Trans-
formation” buttons. Do not forget to click the “SaChanges and Finish Data Im-
port Process” button!

Go to the linear regression menu, and ensure thathave the same selection
of variables as in Figure 5.6. Clicking the “Go”"ttmn gives the same numerical
output as on page 379 in Zuur et al. (2007). If pbtain different results, check
that in the import process, only the 12 decapodli@snare selected as response
variables, and that chlorophyll is square rootd¢farmed.

Besides the numerical output on page 379, you ghalsb get all the graphs in
Figure 20.4.

Figure 5.6. Selection of variables to reproducditiear regression results on page
379 in Zuur et al (2007) for the decapod data. Nlo& richness is selected as re-
sponse variable.
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5.2.2 Section 26.4 in Zuur et al. (2007)

The vegetation data can be found in the vilew.brodgar.com/Vegetation.xls
Import the data (note that the first column corgadata, not labels!) and select all
columns up to ROCK as response variable, and elbigs from ROCK onwards
are explanatory variables. Go to the linear regmasmenu and select the vari-
ables as in Figure 5.7. The estimated values aengin page 473 in Zuur et al.
(2007). The graphical model validation windows &rd-igure 26.6 and 26.7. To
produce Figure 26.9, select “standardised resitlf@ghe option “Store residuals
in Figure 5.3. Run the linear regression model nod8ar; it gives Figure 5.8.
Note the menu option “Tools”. There are two optiamsler this menu; “View re-
siduals and “Export residuals to Excel”. The fiogtion opens a text file with the
(standardised) residuals, the second option cdpiesesiduals to the clipboard,
and you can then paste them into, for example, IERgevided the selected vari-
ables in the linear regression model do not cordaiyn missing values, you can
paste the residuals next to the column SAMPLEYExacel, and make a scatter-
plot.

You can also paste the residuals in Brodgar's opreaisheet via “Import” —
“Change Data”. If there are missing values in takected variables in the linear
regression model, the residuals will be of shdgagth than the original data. Ei-
ther add NAs to the column with residuals (which igain) or remove the missing
values from the data (either in Excel or via “Imer “Change Data” and remove
rows) before doing the linear regression analysBrbdgar.

Figure 5.7. Our selection of variables for the watien data. Estimated parame-
ters are given on page 473 in Zuur et al. (2006yeNhat there are small numeri-
cal differences.
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Figure 5.8. Output from the linear regression mag@blied on the vegetation
data. Note the menu option “Stored Information”the top of the window. You
can select “View residuals and “Export residual&xael” from this option.

5.2.3 Section 7.5 in Zuur et al. (2009)

The data used in Section 7.5 in Zuur et al. (2@08)a subset of the data ana-
lysed in Cruikshanks et al. (2007). The originae@rch sampled 257 rivers in Ire-
land during 2002 and 2003.

One of the aims was to find a different tool fdentifying acid-sensitive wa-
ters, which currently uses measures of pH. Thelprolwith pH is that it is ex-
tremely variable within a catchment, and dependbath flow conditions and un-
derlying geology. As an alternative measure, theil8o Dominance Index (SDI)
is proposed as an indicator of the acid sensitieftyivers. SDI is defined as the
contribution of sodium (Na+) to the sum of the magations. Of the 257 sites,
192 were non-forested and 65 were forested.

In section 7.5, pH is modelled as a function of Skiether a site is forested or
not, and altitude.
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The data are in the filmww.brodgar.com/SDI.x{sselect pH as response vari-
able, and SDI, forested and altitude as explanatariables. We will not use the
spatial locations. Apply a logarithmic transfornoatiwith base 10 on altitude.

In the linear regression menu, ensure that pHeasekponse variable and select
SDI, altitude and forested (nominal) as explanat@myables, see Figure 5.9. Zuur
et al. (2009) also included a 3-way interactiord Hrerefore all 2-way interactions
must be included, see Figure 5.10. The text imtinelow reads as:

SDl:as.factor(Forested)+Altitude:as.factor(Forested )+
SDI:Altitude+
SDI:Altitude:as.factor(Forested)

The first three components are the 2-way interastiand the last line contains
the 3-way interaction term. An alternative would/&doeen:

SDI*Altitude*as.factor(Forested)

This notation includes all lower interactions augtitally. Note that you must
still select the main terms in Figure 5.9.

The numerical output (not presented here) showsthiga3-way interaction is
not significant. Hence, you can proceed to a bactwalection using the AIC, or
the dropl function. It is also interesting to estréhe residuals and plot them
against their spatial locations (in for example &xc

Figure 5.9. Selection of main terms for the Irish ¢ata.



44 5 Univariate techniques

Figure 5.10. Selection of interaction terms for thish pH data. The text in the
window reads (spaces are optionghDI : as.factor(Forested) +

Altitude : as.factor(Forested) + SDI : Altitude +

SDI : Altitude : as.factor(Forested)

5.2.4 Figure A.3in Zuur et al. (2009)

In this subsection, we illustrate how to visualise results of a linear regres-
sion model. For a GLM, the clicking process is iitzai.
Open the the Loyn bird data (Loyn, 1987) in from:

http://www.highstat.com/ZuurDataMixedModelling.zip

It is the file Loyn.txt. Import the data (e.g. \Excel), set ABUND as response
variable and all other variables as explanatoryatées, log-10 transform AREA,
DIST and LDIST, and apply a linear regression mawsthg ABUND as response
variable, and AREA as continuous explanatory véeignd GRAZE as a nominal
explanatory variable. It is actually a good exexdis follow all the steps in Ap-
pendix A.1 — A.3 in Zuur et al. (2009), but we oslyow how to visualise the final
model. Appendix A.3.1 in Zuur et al. (2009) givées following numerical output
for the optimal model:

Coefficients:

Estimate Std. Error t value Pr(>| t])
(Intercept) 15.7164 2.7674 5.679 6.87e -07
AREA 7.2472 1.2551 5.774 4.90e -07
as.factor(GRAZE)2 0.3826 2.9123 0.1310.895 992
as.factor(GRAZE)3 -0.1893 2.5498 -0.074 0.941 119
as.factor(GRAZE)4 -1.5916 2.9762 -0.535 0.595 182

as.factor(GRAZE)5 -11.8938 2.9311 -4.058 0.000 174
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Residual standard error: 5.883 on 50 degrees of fre edom
Multiple R-Squared: 0.727,  Adjusted R-squared: 0.69 97
F-statistic: 26.63 on 5 and 50 DF, p-value: 5.148e -13

The question is: What does this all mean in nomv@lds? The answer is given
in Appendix A.3.3; a graph is made in which ABUN® plotted versus AREA,
and 5 parallel lines are added. Each line represart ABUND — AREA relation-
ship for a particular grazing level. The lines pegallel because there is no inter-
action term in the model. If you are not familiaittwthe underlying theory, then
please read Chapter 5 in Zuur et al. (2007) or AdpeA in Zuur et al. (2009).

We now discuss how to make this graph. Note that iyeed at least two or
more explanatory variables in the model, or elsedBar will give an error mes-
sage. In the linear regression window, select AR&SAcontinuous explanatory
variable and GRAZE as nominal explanatory variabde Figure 5.11.

Figure 5.11. Linear regression applied on the bath from Loyn (1987). AREA
(log transformed) and GRAZE are selected as expapaariables. Note that it is
also possible to add interactions.

There is no need to run the model; just selecv#tt@bles (interactions can be
selected as well). Now click on “Visualise the middeee also Figure 5.12. The
clicking process is reasonable simple. First cbok‘Get current model”. The se-
lected covariates will be shown in the entrybox tdfthe button. If you want to
make changes to the model, then you need to ddfrthis the “Variables” and
“Define interactions X" tabsheets; not from thigrghox.
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In step 2, you have to specify what you want tit plong thex-axis, and what
you want to do with the other covariates. Clicktoe button “Specify what to
plot”, see Figure 5.13.

By default, the first selected continuous explanai@riable is selected as co-
variate to be plotted along theaxis, which is ok in this case. Brodgar will giae
error message if you select a nominal variablétfex-axis; it has to be one of the
continuous explanatory variables.

For GRAZE, we want to have a line for each levehde stick to the “all levels
of factor”. Alternative options are: mean, min, méirst quantile, third quantile,
“mean, min and max”, “mean, first quantile and dhjuantile”, “specific value of
factor”, and “all levels of factor”. Note that f@a nominal covariate, it does not
make sense to use the mean, min, max and quaptitense. In this case, we can
use all default selections. If you have multipleniaal explanatory variables, then
use “all levels of factor” for one of them, and uke “specific value of factor” for
all other covariates. Select a specific value thatart of the observed values of
the covariate! If male and female are coded asdOlathen you can only use these
values as specific values!

If you do not have a nominal covariate in your mpdet only continuous ex-
planatory variables, then use the mean, min or opaon for each covariate. One
of them (but not more than one!) may have the “m&ain and max” option (or
the equivalent quantile option).

Figure 5.12. Window for visualising the resultsioé model.
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Figure 5.13. Specify what to plot.

In step 3, graph settings can be changed. We aduiu@ng the visualisation
process first without changing any of these setifigit works, you can start tidy-
ing up the graph. Click on the “Go” button, and W¥igy 5.14 appears. Each line
represents the fitted values for a certain GRAZElleThe problem is that this
figure needs axes labels, and a legend, and hedeecie things get complicated.

Under the “3. Graph Settings” option in Figure 5yl can specify a legend,
line styles, line thickness, colours of lines aabdls, but this has to be done in R
language. Before telling what to do, we show the essult, see Figure 5.15. Line
type and colours were used, and a legend was a#f@dedsure, this graph looks
better than Figure 5.14!

Figure 5.14. Observed and fitted values. Xfa&xis contains AREA and theaxis
the bird abundance. The points are the observegsalnd the lines represent the
ABUND — AREA relationship for each grazing level.
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Predicted values
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Figure 5.15. As Figure 5.14, but tidied up.

Figure 5.16 shows how we changed the graph settirffgsx andy-labels, and
the main title are trivial. The “Use different cals”, “Use different line types”
and “Use different line thickness” options are mable simple to adjust. Click-
ing on “yes” in the corresponding combobox enaltles entrybox. The default
value for each entrybox is: ¢(1,2,3). Each numbex different colour, line type or
line thickness. Because there are 5 lines (5 ggdeivels), you need to change this
to: ¢(1,2,3,4,5). So, one number for each levek Mhmbers can be the same, or
they can differ. For example, you can use c¢(1,12),®r colour; this will create
three black lines (for levels 1 2, and 3) and ted lines (for levels 4 and 5). Fig-
uring out which number does what is a bit a madfetrial and error. As quick
guide: c¢(1,2,3,4,5) for the colour option givesdidared, green, blue and light blue
colours. For line type these numbers give solid,.-; -.- and -- -- -- lines. For line
thickness, 1 is normal and 5 is thick.

The legend bit is the most difficult part to chanfjemay help to start R, and
type ?legend. See the examples at the end of tpefilee The legend in Figure
5.15 was added by changing the default code to:

legend("topleft”, legend=c("Graze 1", "Graze 2",
"Graze 3", "Graze 4", "Graze 5"),
col=c(1,2,3,4,5), Ity=c(1,2,3,4,5), cex=0.8)

Instead of topleft, you can also use topright, dratight or bottomleft. There
are five character strings for the second legelhdirgngs must be between quota-
tion marks. The col argument specifies the col@ng obviously this should
match the colours that you choose for the lineg 3dme holds for the line style
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(Ity). You can also add Ilwd = ¢(1,2,3,4,5) for littéckness, but don't forget the

comma. The cex=0.8 specifies the font size of & in the legend. Whatever

you do, one little mistake and R gives and errossage. This message will be at
the end of the text file that appears.

Figure 5.16. Graph settings to produce Figure 5.15.

5.3 Generalised linear modelling in Brodgar

A detailed introduction to GLMs for count data (8mn, quasi-Poisson), and
binary and proportional data (binomial) can be fbim Chapter 6 in Zuur et al.
(2007) and Chapters 8, 9 and 10 in Zuur et al. §200he second book also con-
tains information on GLMs with the negative binohdastribution.

The steps to carry out a GLM in Brodgar are nedytical as in linear regres-
sion. To illustrate the clicking process, we use same data as in Section 9.5 in
Zuur et al. (2009). The data set consists of rdsdkf amphibian species at 52
sites along a road in Portugal, and were kindlyiged by Dr. Anténio Mira
(Universidade de Evora, Portugal). The data can dosvnloaded from:
www.brodgar.com/Roadkills.xIsSThe response variable is TOT_N (the number of
dead animals at a site), and all other variablesaplanatory variables.

After importing the data, click on Univariate. lead of “Linear regression” se-
lect “Generalised linear modelling” in Figure 5dnd click the “Go” button; it
gives Figure 5.17. In Section 9.5 in Zuur et a(Q®), only the variable distance to
the park, denoted by D_PARK, is used (the othetagrgiory variables are used in
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later sections). Clicking the “Go” button in Figusel7 gives similar graphical and
numerical output as in linear regression.

Figure 5.17. Selection of response variable, thstion, link function and ex-
planatory variables. Newer R Brodgar versions aleatain a “Visualise the
model” tabsheet, see Section 5.2.4.

The numerical output is given below.

BHHRHHH R R
##H NUMERICAL OUTPUT GLM B

TN N NN TR TR TR TR TR TR TR TR T TR TN TN TN IR TN TR TR TR TR TR TR TR TR T NI T NI N TN IR TN IR TN IRTR TR
HHHHHH R

No weights were used

Model is given by f1:
Y1~1+D_PARK

Call:
gim(formula = Y1 ~ 1 + D_PARK, family = poisson(lin k ="log"),
data = dataz, weights = XW, na.action = na.omit

Deviance Residuals:
Min 1Q Median 3Q Max
-8.1100 -1.6950 -0.4708 1.4206 7.3337

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 4.316e+00 4.322e-02 99.87 <2e-16 rorx
D_PARK  -1.059e-04 4.387e-06 -24.13 <2e-16 rorx

Signif. codes: 0 "***' 0.001 **' 0.01 "*' 0.05". ‘011
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(Dispersion parameter for poisson family taken to b el)

Null deviance: 1071.4 on 51 degrees of freedo
Residual deviance: 390.9 on 50 degrees of freedo
AIC: 634.29

33

Number of Fisher Scoring iterations: 4

Deviance parameter = 390.9

n (null degrees of freedom) = 51
df.residual (residual degrees of freedom) = 50
df (n-df.residual) =1

Deviance/df.residual = 7.82
AIC according to formula: -2log(Likelihood) + 2*df =634.29

Because we selected a GLM with Poisson distriloytibe overdispersion pa-
rameter is set to 1. Hence, the sentence:

(Dispersion parameter for poisson family taken to b el)

This does not mean that there is no overdisper&londing the residual devi-
ance by the residual degrees of freedom showsotlraassumption is incorrect.
This ratio is also presented at the end of the migaleoutput:

Deviance/df.residual = 7.82
Because this ratio is larger than 1, you should teé model with a quasi-
Poisson “distribution”. This is done by closing allndows with graphical and

numerical output, and change the distribution frBisson to quasiPoisson in
Figure 5.17. The relevant numerical output is how:

Coefficients:

Estimate Std. Error t value Pr(>[t|)

(Intercept) 4.316e+00 1.194e-01 36.156 < 2e-16 i
D_PARK -1.058e-04 1.212e-05 -8.735 1.24e-11 i
Signif. codes: 0 "***' 0.001 **' 0.01 ™' 0.05". '0.1''1
(Dispersion parameter for quasipoisson family taken to be 7.630149)

Null deviance: 1071.4 on 51 degrees of freedo m
Residual deviance: 390.9 on 50 degrees of freedo m
AIC: 661.56
Number of Fisher Scoring iterations: 4
Deviance parameter = 390.9
n (null degrees of freedom) = 51
df.residual (residual degrees of freedom) = 50
df (n-df.residual) =1

Deviance/df.residual = 7.82

The dispersion parameter is 7.63, and all standenats are automatically ad-
justed. Note that in quasi-Poisson models, the i&l@ot defined. The problem
with this model is that it has clear residuals grai$, see Figure 9.6 in Zuur et al.
(20009).

If you have multiple explanatory variables, thestgpwise model selection can
be applied. For a Poisson (or binomial) GLM it éells the same steps as in linear
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regression. Click the “Settings” tab in Figure 5.It®ives the same window as in
the lower panel in Figure 5.3; select backwardcign. Alternatively, select the
dropl option, but ensure that the Chi-square sestliected and not tltetest (this
one is needed for quasi-Poisson models). For qR@isson models, model selec-
tion should be based on dropping the least sigmifiterm. Alternatively, use the
negative binomial distribution (see below).

For binary data, quasi-binomial models should reapplied. For proportional
data (see below), you can select quasi-binomialaisafithere is overdispersion.

5.4 GLM examples from Zuur et al. (2007; 2009)

5.4.1 Section 21.6 in Zuur et al. (2007)

In section 21.6 of Zuur et al. (2007), the presemce absence of the flatfish
Solea soleavas modelled as a function of temperature, sgligitavel and month
(nominal) using a GLM with a binomial distributiomhe data were imported and
used in Chapter 4 of this manual. To obtain thaltepresented in Table 21.3, se-
lect the variables and distribution as shown iruFegs.18.

Figure 5.18. Selection of variables, distributiomddink function for the Solea
solea data. Clicking the “Go” button gives the t&sin Table 21.3 in Zuur et al.
(2007). To obtain the results in Table 21.4, clak “Settings”, and apply the
dropl option for “Forward/backward selection”. Magkeare that the Chi-square
test is selected.
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5.4.2 Section 10.3 in Zuur et al. (2009)

In Section 10.3 of Zuur et al. (2009), the resafts binomial GLM applied on
proportional data is presented. Vicente et al. 2Ghalysed data from a number
of estates with wild boar and red deer in Spainedth estatg a group of; ani-
mals was sampled. The data set contains informatiotihe tuberculosis (Tb) dis-
ease in both species, and on the par&#phostrongylus ceryiwhich only in-
fects red deer. Both variables are recorded amtimber of animals that are
positive for Th, or have the parasite E. cervi. 8e,are modelling the number of
animals that test positive, out mfanimals. There is also information on the main
characteristics of the habitat and management iffgh@t each estate: The per-
centage of open land, scrubs and pine plantatiomber of quercus plants per
area, number of quercus trees per area, a wild dmamdance index, a reed deer
abundance index, estate size (ha) and whetherstageds fenced (1 = yes, 0 =
no).

Import the data from the fileww.brodgar.com/TBDeer.xISelect the variable
DeerPosProp as response variable; this is the batiseen the number of positive
cases and number of observations at a site). Shledbllowing variables as ex-
planatory variables in the data import process:fDpad, ScrubLand, Quercus-
Plants, QuercusTrees, ReedDeerlndex, EstateSimmcdéd and DeerSampled-
Cervi. The last variable is the number of obseoraiat a site. Go to the GLM
menu, and select the variables, distribution, fumkction and weighting factor (1)
as shown in Figure 5.19. Clicking the “Go” buttomeas the same numerical out-
put as presented in Section 10.3 in Zuur et al0920The numerical output will
show that there is overdispersion, and Section b@inuous with a quasi-
binomial model. To do this in Brodgar, change theohnial distribution to “qua-
sibinomial”. The dropl option can be used to obfawalues, but thé--statistic
needs to be selected for quasi-binomial models.
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Figure 5.19. Selection of variables, distributibnk function and weights for the
deer data. Clicking on the “Go” button produces thgput presented in Section
10.3 in Zuur et al. (2009). Note that the numbeolaservations per site is used as
a weighting factor, and the proportion of successsifive cases) as the response
variable.

5.4.3 Section 9.10 in Zuur et al. (2009)

We return to the roadkill data that was also use@€hapter 4 and in Section
5.3. Zuur et al. (2009) applied a GLM with the nidgabinomial distribution on
these data, and presented results in their Se@tidh

Import the data again, but apply a square rootstoamation of the following
explanatory variables: POLIC, WAT.RES, URBAN, OLIVE..P.ROAD,
SHRUB, and D.WAT.COUR, see also Figure 5.20. Tolappe GLM with a
negative binomial distribution, go to the GLM meamd select the variables, dis
tribution, and link function as in Figure 5.21.ybu stick to the default value
“Auto” for Theta, then the extra variance term e thegative binomial distribu-
tion is automatically estimated (this option wagplemented in Brodgar version
2.5.7 and higher). In case of numerical problerasitso a pre-fixed value.

The numerical output of the negative binomial GL¢fully discussed in Sec-
tion 9.10 in Zuur et al. (2009).
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Figure 5.20. The square root transformation is iadpbn the explanatory vari-
ables POLIC, WAT.RES, URBAN, OLIVE, L.P.ROAD, SHRUBand
D.WAT.COUR.

Figure 5.21. Selection of variables, distributibnk function and parameter theta.



56 5 Univariate techniques

5.5 Generalised additive modelling in Brodgar

Older versions of Brodgar had two options for GAMmely:

1. Generalised additive modelling using the gam paeKkagsed on Hastie and
Tibshirani (1990).

2. Generalised additive modelling using the gam funchased on the package
mgcv from Wood (2006).

Both packages do generalised additive modelling, tbe implementation is
rather different. The gam package from Hastie aifmshirani is similar to the
SPLUS gam function, and is capable of a backwasedecBon. However, the
mgcyv library is useful too as it can estimate tp&mal degrees of freedom for a
smoother using cross-validation.

In 2007, we decided to use only the gam functi@mfimgcv in Brodgar as it
also allows for nested data, auto-correlation agterogeneity. Note that different
versions of the mgcv package in R may give sligkifferent numerical output
(Wood 2006). Additive modelling is generalised aivdi modelling in which the
identity link function and Gaussian distributiorearsed.

We illustrate GAMs in Brodgar using the squid ds¢d see also Chapter 4 of
this manual. The data are in the filevw.brodgar.com/Squid.x|SGSI is the re-
sponse variable, and SEX, Location, MONTH and YE#hR explanatory vari-
ables. We will fit the following model (see alsogeal16 in Zuur et al., 2007).

GSl = +f(MONTH;) + YEAR, + Location+ SEX + ;

We will also discuss how to add interactions betw&&AR, Location and
SEX, and between Location and MONTH. A Gaussiatritligtion is assumed for
the error term;. To run a GAM (using the mgcv package) in Brodgalect
“Generalised additive modelling (mgcv)” in Figurel@nd click on the “Go” but-
ton. The window that pops up is in Figure 5.22. Pheels are similar to the linear
regression menus. Each of the panels and optiatisdassed next.

5.5.1 Selection of variables

You need to select one response variable, at de@ssmoother, and optionally,
parametric terms and nominal variables.
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Figure 5.22. Selection of response variable (top)ralistribution and link func-
tion, smoother (large box), parametric variabled anminal variables. No ex-
planatory variables have been selected yet.

Response variable

In this case, GSl is the response variable. Iflyave multiple species, then you
can also use a diversity index.

Explanatory variables — Smoothers, parametric terms and nominals

This is potentially confusing. Brodgar allows yow $pecify models of the
form:
Yi= +f(Xy) + x Xy +factorKz) + ;

Thef(Xy) bit is a smootheiX, is modelled as a parametric term (adneeds
to be a continuous explanatory variable), and lima;; is modelled as a categori-
cal variable. For the squid data, we want to usedel of the form:

GSk= +f(MONTH;) + YEAR + Location+ SEX + ;
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Hence, there is no (continuous) parametric compoirethis model, only a
smoother of month and three nominal explanatorialsées. Smoothers should be
selected in the big box by clicking the “Add” buitdt opens the window in Fig-
ure 5.23. We double clicked MONTH in this window ander to select it as a
smoother. We will discuss the options later. Toselthe window, click the “Ap-
ply” button.

As to the nominal variables, select them in thedovight box in Figure 5.22.

Figure 5.23. Selection of a smoother. We doubleketi on MONTH in order to
select it. For the moment, leave all options aswdef To finalise the selection,
click the “Apply” button.

5.5.2 Distribution and link function

One has to specify the distribution and link fuontiSee Zuur et al. (2007) for
an explanation. We selected the identity link arai§sian distribution. For count
data, it is common to use the Poisson distributvith the log link function. Select
‘QuasiPoisson’ if you want to allow for overdispers It is also possible to use
the negative binomial distribution with the logKifunction. The Binomial distri-
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bution is used for 0-1 or proportional data. Ordiest the ‘QuasiBinomial’ if you
want to allow for overdispersion in the binomialdeband have multiple observa-
tions per site.

5.5.3 Weights

It is possible to use a weighted (generalised)taddmodel (like in weighted
linear regression); create a column in Excel coimaithe weight for each obser-
vation, select it as an explanatory variable indhta import process, and select it
as weights in Figure 5.22. Please make sure teatdhiable defining the weights
does not contain missing values, negative valugsafs!

5.5.4 Results

Your selection of explanatory variables and otletirsgs should now look like
ours in Figure 5.24. Clicking the “Go” button givéege smoother in Figure 7.10B
and the numerical output on page 117 in Zuur ef28107). The model validation
graphs are similar as in linear regression, seéd®es.1 of this manual, and pages
117 — 119 in Zuur et al. (2007).

5.5.5 Graphs settings and settings

Graph settings

Various trivial graph settings can be changed. oelel validation tools for
additive modelling contain partial plots showinge tipartial effects of each
smoother, residuals versus fitted values, a QQ-gldhe residuals, hat values, a
histogram of the residuals, the response variableérsus fitted value and the re-
sponse variable versus the linear predictor. Faiiti@d modelling, the last two
graphs are the same, but they differ for geneiléiditive models. See the linear
regression sections for more details.

Settings

Most options under the “Settings” window are graphisettings. The user can
add/remove the standard error curves, residuaplots (vertical lines at the-
axis indicating the values of the observed datah&partial fits. Residuals and
fitted values can be stored or copied to Excelugglwith large hat values can be
identified and useful model validation graphs asiduals versus each individual
explanatory variable. To guide the eye, smootharsbe added or removed from
these graphs.
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Figure 5.24. Our selection for the smoother, anchinal variables. Clicking the
go button gives the smoother in panel 7.10B, arednilhmerical output on page
117 in Zuur et al. (2007). Note that the gam functfrom mgcv applies cross-
validation to estimate the optimal amount of smowftior MONTH.

5.5.6 Changing options for the smoothers

The bottom part of Figure 5.23 has all kinds ofrgdaoking options. The first
two are easy. By default, Brodgar tells the mgoskpge to apply cross-validation
to estimate the optimal amount of smoothing. Samesi it may be better to fix
the degrees of freedom to a preset value, e.g(deféault value in SPLUS). To do
this, change the second option “fix number of degref freedom (fx)” to yes, and
set the base dimension to 5 (the degrees of freésl@m 1), see also Figure 5.25.

The last option, “A covariate to multiply by (bygllows for interaction be-
tween a smoother and a nominal variable, and @ud#ed in the next subsection.

The third option, “Basis to use (bs)” tells the mgoackage what type of
smoother to use. Start R, tyldlgrary(mgcv) , and then type?s. This opens a
help file with detailed information on the “bs” oq:

bs: this can be "cr" for a cubic regression spline, "cs" for a cu-
bic regression spline with shrinkage, "cc" for a cy clic (periodic)
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spline, "tp" for a thin plate regression spline, "t s" for a thin
plate regression spline with shrinkage or a user de fined character
string for other user defined smooth classes. Of th e built in alter-
natives, only thin plate regression splines can be used for multidi-
mensional smooths. Note that the "cr" and "cc" base s are faster to
set up than the "tp" basis, particularly on large d ata sets (although
the knots argument to gam can be used to get round this).

The default value in the gam function in mgcv (#merefore Brodgar) ibs =
“tp” , hence a thin plate regression spline is usedrimdtion on the other
smoothers can be found in Wood (2006) and Zuuf.R809). The cc option is
relevant for the MONTH smoother; it ensures thac@&@maber is connected to
January.

The last option we discuss is the “order of thegftyr(m)”. This is a parameter
used in Wood (2006) to make the curves smoothes.HElp file reads:

m: The order of the penalty for this t.p.r.s. term (e.g. 2 for normal
cubic spline penalty with 2nd derivatives). O sigha Is autoinitializa-

tion, which sets the order to the lowest value sati sfying 2m>d+1,
where d is the number of covariates: this choice en sures visual
smoothness. In addition, m must satisfy the technic al restriction

2m>d, otherwise it will be autoinitialized.

To obtain further information on GAM, start R, lo#lte mgcv package from
the Packages menu and tyPgam.

Figure 5.25. Smoother with 4 degrees of freedomcidas-validation will be ap-
plied. The resulting smoother is presented in Fgud0A, and the output on page
116 of Zuur et al (2007).
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5.5.7 Interactions

Interactions between nominal variables

This is identical as in linear regression. Clicktba “Interaction” tab in Figure
5.24. Including interactions between nominal vagapor between a nominal and
a parametric term is identical as in linear regogss

Interactions between a smoother and a nominal varia ble

Suppose you want to test whether the Month efféfedrd per location. The by
command in Figure 5.23 allows one to select founattmers for MONTH; one for
each location. This process consists of two stéjpst, you need to go back to the
“Import data” menu, and in “Change Data to be intpdt you have to create four
new columns with zeros and ones. Let us call theedemns Location_1, Loca-
tion_2, Location_3 and Location_4. If an observati® from location 2, then Lo-
cation_2 should be 1, and Location_1, Location_@ lascation_4 should be zero.
Luckily, Brodgar has a build-in function to do th@3o to “Import Data”, and click
“Change data to be imported”. Now click on the labecation. It will highlight
the entire column Location. Click on “Edit” | “Cohn” | “Generate dummy vari-
ables”, and there they are, see Figure 5.26! Ctink“Continue” and “Save
Changes and Finish Import Data process”.

Figure 5.26. Four extra columns for location. Welesh up in this window by
clicking “Import Data” | “Change data to be impatteclick on the label Loca-
tion, and click on “Edit” | “Column” | “Generate dumy variables”. Now click on
“Continue” and “Save Changes and Finish Import [patacess”.
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Return to the GAM menu, and select the nominalaldeis as before. Carry out
the following four steps:

1. Click the “Add” button for adding MONTH as a smoethin Figure 5.22.
2. Double click MONTH so that it is selected as a stheoin Figure 5.23.
3. For the option “A covariate to multiply by (by)“ekect Location_1.

4. Click on Apply in Figure 5.23.

You need to repeat this three more times, and &aoh select a different
dummy for Location. Once you are finished, yourestbn should match ours in
Figure 5.27. To judge whether this model is anydoghan the model with only
one smoother, compare the AlCs.

Figure 5.27. Selection of smoother and nominalaldeis for a GAM that contains
an interaction term between the smoother MONTH thiednominal variable Lo-
cation. Note that there are four smoothers.
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5.5.8 Specialised corner

Let us return to the situation in which we only dane smoother for MONTH
and the three nominal variables YEAR, LOCATION &BEX, see Figure 5.22.
And suppose we want to compare the following twalets with each other:

GSk= +f(MONTH;) + YEAR, + Location+ SEX + ;
GSl= +f(MONTH)) + ;

Clearly, these models are nested, and we can trerebmpare them with an
F-test. Select the smoother and three nominal asads in Figure 5.22, and click
the tab “Specialised corner” in Figure 5.22. Thaduaw in Figure 5.28 appears.
Click on both “Get current” buttons, and remove theee nominal variables from
the nested model (lower box), see Figure 5.28 @orsettings. Clicking the second
“Go” button applies a GAM on the full, and on thested model, and at the end of
the numerical output, an ANOVA table is presentedvhich both models are
compared.

Figure 5.28. Using the specialised corner to compap nested models. The text
in the first box (full model) read4: + s(MONTH) + as.factor(YEAR) +
as.factor(Location) + as.factor(Sex) , and the text in the second
box for the nested model i&:+ S(MONTH) .
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5.6 GAM examples from Zuur et al. (2009)

5.6.1 GAM with multiple smoothers

In Section 3.5 in Zuur et al. (2009), the vegetatitata are used to illustrate a
GAM with multiple smoothers. These data were alseduand imported in Chap-
ter 4 of this manual. The GAM we apply is of thenfio

Richness= + f(ROCK) + f(LITTER,) + f(BARESOIL) + f(FallPre¢) +
f(SprTmax+

To apply this model in Brodgar, import the data, @k species as response
variables and select all other variables as exptapaariables in the data import
process. In the GAM menu, select richness as gorese variable. Just like Sec-
tion 3.5, we use the Gaussian distribution (thoagh may argue that a Poisson
distribution is more appropriate as richness isunt).

We also allow the cross-validation method to corpewith any degrees of
freedom for each smoother, including 0 degreesesfdom. All smoothers with 0
degrees of freedom can be dropped simultaneouslig. i§ done by selecting a
smoother with shrinkage, see Section 3.5 in Zuat €009).

The potential confusing thing is that you havedpeaat the following process
for each smoother:

1. Click on the “Add" button in Figure 5.22.
2. Select the cc smoother under the “basis to usé dpspn in Figure 5.23.
3. Click on the "Apply" button in Figure 5.23.

What you should not do is click on “Add" in Figuee22, and the select all
smoothers in this window. If you do this, a 5-dirsiemal smoother will be ap-
plied. Once you are finished, your selection shooédch ours in Figure 5.29.

See Section 3.5 in Zuur et al. (2009) for a disomssf the output and prob-
lems like collinearity for these data.
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Figure 5.29. Selection of smoothers for the GAMcHRiess= + f(ROCK) +
f(LITTER;) + f(BARESOIL) + f(FallPreg) + f(SprTmax.

5.6.2 GAM with an offset

In Section 9.11 in Zuur et al (2009), data from ®en et al. (2008) are used.
Plankton tows were taken approximately weekly at depths (0 meter and 5 me-
ter) at five stations for two years. In the oridipaper, numbers of nauplii and co-
pepodids were analysed in two separate univariatdysis where production
week (time expressed in weeks since March 2002nwhe local farms stocked
their cages with lice-free, juvenile fish), statiand depth were the covariates.
There are five stations, labelled as A, C, E, F @ndn Section 9.11, copepodids
were used.

One of the problems with these data is that fohesample, a different volume
was used. To deal with this, a GLM (or GAM) with affiset variable can be used.
See Section 9.11 for the underlying theory. To lie in Brodgar, add an extra
column to the original data in Excel, and calculdie (natural) logarithm of vol-
ume. Import the new data into Brodgar. In caseryf errors in Brodgar, avoid
importing data generated by formulae; copy andeptst log-transformed data in
Excel as values before importing them into Brod@ee have seen this problem
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on only a very few computers). In Brodgar, selé togarithmic transformed
volume as an explanatory variable during the dafoit process, and in the GAM
or GLM with Poisson, quasi-Poisson or negative hira distribution, select this
variable in the offset option in Figure 5.22. Da select volume, or the log vol-
ume as an explanatory variable in the GAM or GLM.

5.7 Regression and classification trees in Brodgar

To illustrate how to run tree models in Brodgar, wge the data from Chapter
24 in Zuur et al. (2007). The chapter looks at fiesseffects of wind farms on
birds. The original data consisted of echoes witirtassociated characteristics as
stored by the radar software, plus information frilne observer who verified the
type of object associated with that of the echds Tiiformation was divided into
different categories:

General information (e.g., date, time).

Information recorded by the observer at the samenemb as the echo was
made (e.g., species, flock size, flight altitude).

Echo appearance information (e.g., echo dimensiefisctivity).
Echo position (e.gx andy coordinates in the radar plane, distance fromrjada
Echo movement (e.g., speed).

Some of these variables represent the same ecalagfiormation and had high
(>0.8) correlations. Using common sense and statigbols like correlations and
principal component analysis, we condensed the eumiboriginal variables into
a subset of important characteristics.

The verified dataset consists of 659 cases diviest 16 groups. In Chapter
24, 9 different birds groups were classified witHemst 10 observations resulting
in 629 observations. The nine groups in the amalyare auks, air clutter, water
clutter, divers, geese and swans, gulls, sea debiss and terns.

The data are given in the fileww.brodgar.com/radar_tree_data.Almport the
data (note that the first two columns should noirbported as these contain al-
pha-numerical values). Set the variable g9 as respeariable and EPT, TKQ,
TKT, AVV, VEL, MXA, AREA, MAXREF, TRKDIS, MAXSEG, ORIENT,
ELLRATIO, ELONG, COMPACT, CHY, MAXREF1, MINREF and
SDREF all as explanatory variables. Click on “Ttaadrigure 5.1, and the result-
ing graph is presented in the top panel in Figud®.5

Selecting variables is similar as in linear reg@ssThe only extra option is
whether you want to do regression or classificatiers. In this case, we want the
latter one. Clicking the “Go” button gives a cldissition tree. To obtain the tree
in Figure 24.3, set the cp value in the lower pamé&ligure 5.30 to 0.0323.
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Figure 5.30. Univariate tree models in Brodgar.

Settings and labels

Add labels. Labels are the classification rules: fbruse short variable names.
It might be an option to omit them.

Label size. Increase or decrease the size of bedsla

Complexity parameter (cp). Choose the complexityapeeter cp. A good
choice of cp is the leftmost value for which theamédot) lies below the hori-
zontal line, in the cp plot.
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Minimum split. If there are lots of branches, itghi be an option to make the
tree smaller by only allowing new branches if thare at least x samples in a
group. This is a sort of pre-pruning.

Add info N. This provides information on the grosipes.

Uniform vertical spaces (source: R help files)yks', uniform vertical spacing
of the nodes is used. This may be less clutteresh\fitting a large plot onto a
page. The default is to use a non-uniform spachogqrtional to the error in
the fit.

Shape of branches (source: R help files). This rotmtthe shape of the
branches from parent to child node. Any number fi@ro 1 is allowed. A
value of 1 gives square shouldered branches, aevalu0 give V shaped
branches, with other values being intermediate.

Compress leaf nodes (source: R help files). If, th& leaf nodes will be at the
horizontal plot co-ordinates of "l:nleaves'. If sSyehe R routine attempts a
more compact arrangement of the tree. The algordksumes “uniform verti-
cal spaces=yes'. The result is usually an impron¢meen when “uniform ver-
tical spaces=no'.

Set random seed. By setting the random seed, tiss-galidation will produce
the same results each time it is applied.

Other points are the titles, graph name and grgpd; see Sections 5.1 and 5.2
for detalils.

5.8 Mixed effects modelling in Brodgar

A non-technical introduction to mixed effects mditegl is given in Chapter 8
of Zuur et al. (2007), and in Chapter 5 of Zuuakt(2009). In Chapter 8 in Zuur
et al. (2007), a series of linear regression modelse applied on the RIKZ data
(marine benthic data set). The response variabtespacies richness and the ex-
planatory variable was NAP (height of a site coregaio average sea level). The
data were sampled at 9 beaches (5 samples per)lmatthe question is whether
there is a relationship between richness and NAP.

5.8.1 The random intercept model
We start with the random intercept model, see médah page 128 in Zuur et
al. (2007). The equation for a random intercept eh@glreproduced below.
Y,=a+b NAR + g +¢

Model 5
where a, ~N(0,57) ande ~N(0,s%)

Y; is the richness of observatidron beaclj, where the index takes values
from 1 to 9, and from 1 to 5 (there are 5 observations per beathg. model
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states that there is one intercegnd one slope. This part of the model is called
the fixed part On top of this, there is a random inceptwhich adds a certain

amount of random variation to the intercept at daedich. The random intercept is
assumed to follow a normal distribution with exeicn 0 and variance.?.

We show how to apply this model in Brodgar for RK¥KZ data. These data
were used in earlier chapters of this manual, e lme downloaded from the
URL: www.highstat.com/RIKZ.xIsOpen the data in Excel, import them to Brod-
gar, select the columns labelled as C1 to 15 gsorese variables (these are all the
zoobenthic species), and all other columns as eapbay variables. Once the data
are imported, click on the “Univariate” main menutton. Select the tab “GLS,
mixed modelling & GAMM". The window in Figure 5.3ppears. As the name of
the tab suggest, you can select from generalised tguares (GLS), linear mixed
effects modelling and generalised additive mixedieting (GAMM). We discuss
GLS and GAMM later. Select “Linear Mixed Effects Mkls” and click on the
“Go” button. The resulting graph is presented igure 5.32.

Figure 5.31. Options under the “GLS, mixed modglhGAMM” tab.
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Figure 5.32. Selection of the response variable taedfixed effects part of the
model. We selected species richness as the respariable (ensure that only the
75 species are selected as response variables dath import process!) and NAP
as continuous explanatory variable.

In the panel labelled “Fixed variables” in Figur&®, you need to select a re-
sponse variable (we selected species richnesstarfiked part of the model (we
selected NAP). The clicking process is identicairanear regression, see Sec-
tion 5.1. If multiple explanatory variables arees#éd, you can also add interac-
tions and this can be done in the panel labelle€fiti2 fixed interactions”. The
clicking process is identical as in linear regresssee Section 5.1.7. However, in
this particular example, there is no scope forrattBons as we only use one ex-
planatory variable.

Click on the tab labelled “Random effects” in Figus.32; the resulting win-
dow is presented in Figure 5.33. From the box “Seajeouping factors”, select the
variable Beach, and click on the “Add” button. Nadkat the white box on the
lower left side contains (by default) a “1”. Kedpn. Clicking on the “Go” button
will execute the random intercept model. InternaByodgar sets up ascii files
with R commands, runs R in BATCH mode, and applesmixed effects model
using the Ime function from the nlme package. WReis finished, all results are
saved in text files and Brodgar shows the ressk® Figure 5.34. The graph
shows the (normalised) residuals versus fittedesland this graph can be used
to assess the homogeneity assumption. The buttemt“graph” leads to a histo-
gram of the normalised residuals, and can be useddess the normality assump-
tion. The numerical output can be obtained by aligkthe “Numerical output”
button. It is discussed in detail on pages 1289-ih2ZZuur et al. (2007). Note that
the anova table at the end of the numerical owdppties sequential testing.
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Figure 5.33. Application of a random intercept nmlodeach is selected as ran-
dom intercept.

Figure 5.34. Output from the Ime function in R. Tirst graph shows residuals
versus fitted values, and can be used to assessgenm®ity.
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5.8.2 Settings

Various settings can be changed; click on the ii&gtt tab in Figure 5.35.
Some settings are trivial (e.g. the number of djgibthers are important. An im-
portant option is the “Model fitting method”; by fdeilt this is restricted maximum
likelihood (REML). A detailed explanation when tseuREML and when ML
(maximum likelihood) can be found in Chapter 5 a@fuZ et al. (2009). See their
10-step protocol in Chapter 4.

The options in Figure 5.35 also allow one modettageneity, or temporal and
spatial correlation structures, and these are déglilater in this chapter. For the
moment, keep all settings as they are.

Figure 5.35. Options for mixed effects models. Eafadilt, REML estimation is

used. We assume that residuals are homogenousdemendent; hence, the “no”
for “Allowing for heterogeneity” and “Allowing focorrelation”. The contrast for

categorical variables is the so-called “Treatmeamttion. This means that the first
level is used as baseline.

5.8.3 The random intercept and slope model

Model 5 is a mixed effect model with a random io&gt. Hence, the regression
line is allowed to randomly shift up or down. Exdiémg this process to a model in
which not only the intercept is allowed to varydamly but also the slope follows



74 5 Univariate techniques

the same principle. This is called a random intgrcand slope model. The
mathematical formulation of the model is given by:
Y,=a+a +b NAR+ b NAPF g
Model 6 ) ) )
where g ~N(0,5°) anda; ~N(0,s;) andb, ~ N(0,s,,)

The equation was taken from page 129 in Zuur et2807). This is the same
formulation as model 5, except for the tespx NAR;. It allows for random varia-
tion of the slope at each beach.

To fit this model in Brodgar, go to the “Randomeeffs” window in Figure
5.33, click on the “+” button and double click oAR. The window should now
look like the one in Figure 5.36. Clicking the “Gbutton applies the random in-
tercept and slope model. The numerical resultsgauen on page 129 — 130 in
Zuur et al. (2007); note the small differencesstireated values (this is probably
a typing mistake in the book).

Figure 5.36. Application of a random intercept aldpe model. The variable
Beach is selected as “Nested grouping factor” dnedldwer left box reads: 1 +
NAP.

5.8.4 Specialised corner for mixed effects models

It is interesting to compare a mixed effects mdtat contains the random in-
tercept Beach, with a model that does not contatnrandom intercept Beach.
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These models are nested, and therefore the lilailvatio test can be applied.
The null hypothesis is whether the variance forrlrelom intercept Beach is 0.

To do this test in Brodgar, select Richness and akh Figure 5.32. Also se-
lect the random intercept Beach as in Figure 9133he “Settings” menu, ensure
that REML estimation is selected. Now click on tiSpecialised corner” tab in
Figure 5.35. We get the window in Figure 5.37. Klim both “Get current” but-
tons, and then remove the code for the “Randomcesffpart” for the nested
model. Your settings should look like ours. Notatthoth models have the same
fixed structure, and REML is selected. The sub-rhéxlactually a GLS (see be-
low) because no random intercept is specified.

Click the second “Go” button, and after Brodgafiiéshed, the end of the file
with numerical output shows the following output:

Model df  AIC  BIC logLik Tes t L.Ratio p-value
Submodell 1 4 247.4802 254.5250 -119.7401
Submodel2 2 3258.2010 263.4846 -126.1005 1 vs 212.72075 4e-04

Figure 5.37. Specialised corner menu to comparentwdels with the same fixed

effects, but with different random effects (or viegrsa). In this case, we compare
a model with a random intercept Beach, with a molai does not contain a ran-
dom intercept (a GLS model).



76 5 Univariate techniques

The likelihood ratio statistic ik = 12.72. The R code that generatedphalue
assumes thdt is Chi-square distributed with 1 degree of freeddime problem is
that we are testing on the boundary (the variarfitBeorandom intercept is 0, with
the alternative that the variance is larger), ametdfore thep-value needs to be
adjusted, see Chapter 5 in Zuur et al. (2009). ftaio the corregb-value, start R,
and type:

> 0.5 * (1 — pchisq(12.72,1))

followed by an enter.
To compare a model with a random intercept, anddeainwith a random inter-
cept and slope, use a similar structure:

1. Specify the random intercept and slope model almqd in Figure 5.36.
2. Go to the ,Specialised corner” and click both “@atrent* buttons.
3. Change the random structure of the sub-model to:
~1 | as.factor(Beach)
4. Click the second “Go* button.

An example is given in the next subsection.

5.8.5 Mixed effects modelling example from Zuur et al. (2009)

In Chapter 19 of Zuur et al. (2009), mixed effenizdelling is applied to model
the density oPaenibacillus larvaen honey bees as a function of the number of
bees in the hive, presence or absence of Amerioatbfood (AFB, an infectious
disease) and hive identity. The following model \agplied:

LSpobeg= + ;xBeesN+ ; xInfection +
3 X BeesN x Infection; +a; +

LSpobegis the logarithmic transformed density of spofsesly the number
of bees in hive, andInfection; is a nominal variable indicating whether a hive is
infected (1) or not (0). The term is the random intercept for hive. Full details
can be found in Sections 19.1 and 19.2 in Zuut. ¢2@09).

Import the data fronwww.highstat.com/BeesHives.xI$he first column con-
tains data. Set SpoBee as response variable amg appg(Y+1) transformation
on it. The variables Hives, BeesN and Infection explanatory variables. It is
useful to apply a data exploration to reproduceufeig 19.2 and 19.3. Also apply a
linear regression to model SpoBee (log transfornasda function of BeesN, In-
fection, and their interaction. You should also dide to produce Figure 19.4
(store the residuals, copy and paste them in theadpheet via “Change Data”
under the main menu “Import”, and make a boxpladarndata exploration). We
now apply mixed effects modelling and follow the-st@ps protocol as outlined in
Section 19.3 in Zuur et al. (2009).
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Step 1 of the protocol

In this step, linear regression is applied. Segtkeious paragraph.

Steps 2 — 6 of the protocol

First, we need to refit the linear regression madéhout any special variance
structure using the GLS function. This gives ugfenence model. We cannot use
the ordinary linear regression function from Setttol, as it uses ordinary least
squares. Instead, use the GLS option in Figure, 58lect the response and the
two explanatory variables (BeesN is continuousedtibn is nominal), and their
interaction. Ensure that the default estimationhmeéf “Restricted log-likelihood”,
alias REML, is selected (Settings — “Model fittingethod by REML or ML").
The relevant numerical output is:

Generalized least squares fit by REML
Model: Y1 ~ 1 + BeesN + Infection + BeesN:Infecti on
Data: dataz2
AIC BIC logLik
252 263 -121

Coefficients:

Value Std.Error t-value p-value
(Intercept) 2.64 0.526 5.02 0.0000
BeesN 0.00 0.000 -1.73 0.0876
Infectionl 3.65 0.875 4.17 0.0001
BeesN:Infectionl 0.00 0.000 -1.20 0.2353

This model gives us an AIC of 252, but does no¢ tiako account the explana-
tory variable Hive. To use Hive as a random intptcelose the numerical output,
and GLS menu, and click on “Linear Mixed Effects dét¢s” in Figure 5.31. Se-
lect exactly the same fixed structure, namely BeasM continuous explanatory
variable, Infection as a nominal explanatory vdealnd their interaction. See the
top and middle panels in Figure 5.38. To selecteHis a random intercept, click
on “Random effects” and select Hive for “Nestedugiog factors”, see the lower
panel in Figure 5.38. Also ensure that the defastimation method, REML, is
used. If you click on any of the three “Go” buttansFigure 5.38, the mixed ef-
fects model in Equation (19.1) in Zuur et al. (2DB%applied. The relevant part of
the numerical output is given below.
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Figure 5.38. Top panel: Selection of response aqmdamatory variables for the
fixed part of the mixed effect model. Middle pan@élection of interaction for the
fixed part of the model. Lower panel: Selectiorthaf random intercept.
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Linear mixed-effects model fit by REML
Data: dataz2

AIC BIC logLik

175 188 -81.5

Random effects:

Formula: ~1 | Hive
(Intercept) Residual

StdDev: 0.967 0.337

Fixed effects: Y1 ~ 1 + BeesN + Infection + BeesN:| nfection
Value Std.Error DF t-value p-value

(Intercept) 2.64 0.928 48 2.848 0.0065

BeesN 0.00 0.000 20 -0.983 0.3374

Infection1 3.65 1.54220 2.365 0.0283

BeesN:Infectionl 0.00 0.000 20 -0.679 0.5049

These two models (with and without the random orpt) are nested, and Zuur
et al. (2009) compared them using a likelihoodortdst (though thp-value has to
be corrected because we are testing on the boynddng test can be carried out
in the specialised corner. To apply this test imd®ar, close the graphical and
numerical output, and click on the “Specialisedneot tab in Figure 5.38. We ob-
tain Figure 5.39. Remove the code from the “Randdfi@cts part” of the nested
model. Your selection should be identical as onrSigure 5.39.

Figure 5.39. Specialised corner for the honey beengle. We removed the code
from the “Random effects part” of the nested moéiisure that REML estima-
tion is used.
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The output reads as follows.

BHHH
HtHr NUMERICAL OUTPUT I
BHHH

First submodel

Linear mixed-effects model fit by REML
Data: dataz2
AIC  BIC logLik
175.0128 188.3299 -81.50642

Random effects:
Formula: ~1 | Hive

(Intercept) Residual
StdDev: 0.9666872 0.3373335

Fixed effects: Y1 ~ 1 + BeesN + Infection + BeesN:l
Value Std.Error DF t-value

(Intercept) 2.643551 0.9281956 48 2.8480536
BeesN -0.000012 0.0000127 20 -0.9829792
Infectionl 3.646261 1.5420563 20 2.3645445
BeesN:Infection1 -0.000016 0.0000234 20 -0.6790599
Correlation:

(Intr) BeesN Infctl
BeesN -0.971
Infectionl -0.602 0.585
BeesN:Infectionl 0.528 -0.543 -0.932

Standardized Within-Group Residuals:
Min Q1 Med Q3
-2.2650454 -0.4431810 0.1416440 0.5021554 1.6554

Number of Observations: 72
Number of Groups: 24

---------------- ANOVA table for the submodel -----
numDF denDF F-value p-value
(Intercept) 1 48 123.94402 <.0001
BeesN 1 20 8.64062 0.0081
Infection 1 20 22.82242 0.0001
BeesN:Infection 1 20 0.46112 0.5049

Second submodel

Generalized least squares fit by REML
Model: Y1 ~ 1 + BeesN + Infection + BeesN:Infecti
Data: dataz2
AIC  BIC logLik
251.5938 262.6914 -120.7969

nfection
p-value
0.0065
0.3374
0.0283
0.5049

on
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Coefficients:

Value Std.Error t-value p-va lue
(Intercept) 2.643551 0.5264205 5.021748 0.0 000
BeesN -0.000012 0.0000072 -1.733209 0.0 876
Infectionl 3.646261 0.8745678 4.169214 0.0 001
BeesN:Infection1 -0.000016 0.0000133 -1.197333 0.2 353
Correlation:

(Intr) BeesN Infctl

BeesN -0.971

Infectionl -0.602 0.585
BeesN:Infection1l 0.528 -0.543 -0.932

Standardized residuals:
Min Q1 Med Q3 Max
-2.1491390 -0.6020178 -0.2018275 0.5485022 2.6988 650

Residual standard error: 0.9686788
Degrees of freedom: 72 total; 68 residual
---------------- ANOVA table for the submodel -----
Denom. DF: 68
numDF F-value p-value
(Intercept) 1 385.3355 <.0001
BeesN 1 26.8632 <.0001
Infection 1 70.9537 <.0001
BeesN:Infection 1 1.4336 0.2353

ANOVA table for the submodels ===== ==========

Model df AIC BIC logLik Test L.Ratio p-value
Submodell 1 6 175.01 188.32 -81.506
Submodel2 2 5 251.59 262.69 -120.796 1 vs 2 78.5809 7 <.0001

The first part of the output is for the full modtie second part is for the nested
model, and the last ANOVA table compares them. No#ét we are testing on the
boundary again. To correct tpevalue, start R, and type:

> 0.5 * ((1-pchisq(78.58, 1)) + (1 - pchisq(78.58, 2) )

and press enter. For other data sets replace tB8.78ll output is explained in
Chapters 5 and 19 in Zuur et al. (2009).
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Figure 5.40. Settings to compare a random interaegtslope model versus a ran-
dom intercept model.

Step 7 — 9 of the protocol

In the second part of the protocol, we look for dpeimal fixed structure, using
the selected random structure from steps 1 — 6reTéue three tools to assess the
significance of explanatory variables:

1. t-values.

2. F-statistic using the ANOVA table (this test depemms the order of
variables!).

3. The likelihood ratio test.

The first two are part of the output presented abdwhe likelihood ratio test
can be carried out via the “Specialised cornerle8ethe explanatory variables
(and their interaction) in the “Variables” tab ath@ “Interaction” tab as described
above. Ensure that ML estimation is selected in“8wdtings” tab. Select the de-
sired random effects in the “Random effects” tabthe specialised corner, click
both “Get current” buttons. Do not change the rangmart of the nested model;
both models should have exactly the same randamtste! Drop terms from the
fixed effects part of the nested model (note thahe current model, you can only
drop the interaction). If you have a model with tipké 2-way interactions, then
the “Store” and “Retrieve” buttons may save sonmreeti
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5.9 GLS to model heterogeneity

Chapter 4 in Zuur et al. (2009) contains a detadeplanation of GLS. Using a
squid data set, the weight of the testicles wasethed as a function of the mantel
length and month. The data were clearly heterogexneand various variance
structures were applied, namely:

The varFixed variance

The varldent variance

The varPower variance

The varExp variance

The varConstPower variance
The varComb variance

These variance structures are also discussed &il detPinheiro and Bates
(2000). We do not discuss the underlying theoryehefhe data can be
downloaded fronwww.highstat.com/SquidTestisWeight.xIS he data were pub-
lished in Smith et al. (2005); see also Sectionid.Zuur et al. (2009) for a more
detailed biological explanation. Note that thigidifferent squid data set than the
one used in Chapter 4 of this manual.

Import the data, select Testisweight as respons@bla, and DML (length)
and Month as explanatory variables (ignore or ées¢he variable year).

First apply a linear regression model in whichitesteight is modelled as a
function of DML (continuous), Month (factor), antieir interaction. Note that
there is considerable heterogeneity. Compare yoaphical output with Figure
4.2A in Zuur et al. (2009). The Brodgar clickingopess for this is explained in
Section 5.1 of this manual.

We are now going to model the heterogeneity inréséduals by using models
of the form:

e ~N(0,s>" DML) i= 1,.,76 (4.2)
e ~N(,s?) j=1.1L (4.4)

e ~N(0,s* DML, ) (4.5)

e ~N(0,s* DML, %) (4.6)
var(g )= s>~ " (4.7)
var(g )= s”" (@+ IDML; f* ¥ (4.8)
var(g )=s*" (d;+ [DML, ¥ (4.9)

Var(e}j )= 5]_2 . ez‘f DML; (4.10)
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We used the same equation numbers as in Zuur €04l9). The variance de-
fined by Equation (4.2) is the varFixed varianeke4] is the varldent, (4.5) is the
varPower, (4.6) is also the varPower but with rpldtiparameters;, (4.7) is the
varExp, (4.8) and (4.9) are the varConstPower,(driD) is the varComb variance
structure. All these equations are fully explairsad illustrated in Chapter 4 of
Zuur et al. (2009).

To implement any of these variance structures iodBar, click on the “Uni-
variate" main menu button, and then the “Mixed nilidg, GLS & GAMM” tab,
so that you get the window in Figure 5.31. Selbet GLS option, and click the
“Go” button. A similar menu appears as for lineagnession. Select DML as con-
tinuous explanatory variable, Month as a nominaiatde, and add the interaction
term between these two variables, see also Figdde 5

To select one of the variance structures, clickhmn “Settings” tab in Figure
5.41; you get the window in Figure 5.42. The fogtion “Model fitting method
by REML or ML” allows the user to select restrictedaximum likelihood
(REML) or maximum likelihood (ML). See Chaptersrdsb in Zuur et al. (2009)
for a detailed discussion when to use which one Jdrond line, “Allowing for
heterogeneity”, can be used to model any of théamee structures mentioned
above. Change the “no” to one of the following ops:

Fixed weights

Constant variance(s)

Power of a variance covariate

Exponential of a variance covariate
Constant plus power of a variance covariate
Combination of variance functions

Custom

The “Fixed weights” option implements the fixed i@ace structure in Equa-
tion (4.2). However, it is not a variance structtivat one would use as it is rather
limited. However, if you want to do this one in Bigar, change “no” to “Fixed
weights” and for “Variance structure for heterogéyie ensure that the box con-
tains the following textDML Do not type the dot; see our snapshot of pathef
GLS settings menu in Figure 5.43. Note that thera space (blank) in front of
DML. Instead of typing it in, you can also use tAeld” button.
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Figure 5.41. Selection of explanatory variables antdraction for a GLS model
applied on the testis weight of squid.
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Figure 5.42. Options for the GLS model. The fimwrallows one to select REML
or ML.

Figure 5.43. Part of the “Settings” menu for GL8gTselected options ensure that
a GLS with the varFixed variance structure alonglDilused, see also Equation
(4.2). REML estimation is used as we are lookingth® optimal random struc-
ture.

Other variance structures can easily be implemeyecthanging the settings in
Figure 5.43. For example, the “Constant varianteafsplements the varldent in
Equation (4.4). To select this variance structahange the “no” in Figure 5.42 to
“Constant variance(s)”. The difficult bit is thedmfor the “Variance structure for
heterogeneity”. It has to becomgffactor(MONTH) , see Figure 5.44. The
“Add” button only allows one to select MONTH as anminal variable; this adds
the codeas.factor(MONTH) . You will have to add thel| bit yourself.
Clicking the “Go” button gives exactly the sameulésas on page 76 in Zuur et
al. (2009).

The varExp and the varPower functions can be rumsimilar way as the var-
Fixed; instead of “Fixed weights”, use “Exponentidla variance covariate” or
“Power of a variance covariate” respectively in g 5.43. Ensure that DML is
selected and not MONTH! To implement the model qué&tion (4.6), see our set-
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tings in Figure 5.45. You can either use the “Additton twice (and typing the |
symbol in between, or just type it all yourself. Bat make any mistakes!

To implement the varComb variance structure, chahge'no” in Figure 5.42
to “Combination of variance structures”, and typetioe next line:

varldent(form =~ 1 | MONTH) , varExp(form =~ DML)

It is crucial not to make any mistake (R is capsihsitive)!

Figure 5.44. Part of the “Settings” menu for GLBeTselected options ensure that
a GLS with the varldent variance structure with MDHNis used, see also Equa-
tion (4.4). REML estimation is used as we are lagkfor the optimal random
structure.

Figure 5.45. Part of the “Settings” menu for GLBeTselected options ensure that
a GLS with the varPower variance structure withtipld parameters is used, see
also Equation (4.6). REML estimation is used asane looking for the optimal
random structure.

Figure 5.46. Part of the “Settings” menu for GLBeTselected options ensure that
a GLS with the varComb variance structure is used also Equation (4.10).
REML estimation is used as we are looking for th&mal random structure. The
text on the third line reads:

varldent(form =~ 1 | MONTH) , varExp(form =~ DML)
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All these GLS models with different variance stures can be compared using
for example the AIC, see page 81 in Zuur et al0@0In this case, the model in
Equation (4.6) has the lowest AIC. You can now gateps 6 — 10 of our proto-
col, and look for the optimal fixed structure. Tlesn either be done using the
values of the estimated parameters (using REMImesitn), theF-statistic (also
using REML) from the anova table (at the bottonthaf output), or use the likeli-
hood ratio statistic. The later one can be estichatéBrodgar using the specialised
corner, see Figure 5.47. If you click on both “@atrent” buttons, Brodgar will
fill in the fields with your current selected modé#l the aim is to apply a likeli-
hood ratio test to test the interaction term, ttemove the interaction term from
the nested model (don't forget to remove the + sylintand also change the esti-
mation method from REML to ML in the “Settings” mem Figure 5.42. Click-
ing on the lower right “Go” button in Figure 5.4Wegs the following numerical
output:

Model df AIC  BIC logLik Tes t L.Ratio p-value
Submodell 137 3276.58 3448.409 -1601.294
Submodel2 2 26 3451.54 3572.282 -1699.772 1 vs 2196.9548 <.0001

The specialised corner can also be used to conaparedel with a certain vari-
ance structure (as defined in the “Settings” mantrigure 5.42), and a nested
model with no variance structure. Ensure that REddlimation is used and that
both models have the same fixed structure (maimgemnd interaction).

Figure 5.47. The specialised corner. We clickedboth “Get current” buttons.
From the nested model, remove the interaction tetm DML
as.factor(MONTH) . Ensure that under the “Settings” menu, ML estiamais
used, and not REML.
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5.10 GLS example from Zuur et al. (2009)

In Section 4.2 in Zuur et al. (2009), data froneplicate mesocosm experiment
were analysed. Biological details and referencaesbeafound in Section 4.2.1.

At the start of the experiment, each container ¥illesd with homogenized
sediment from mudflats on the Ythan estuary (SodilaJK). The macrofaunal
biomass Id. diversicolo) was fixed across the following levels (0, 0.5 and
2 grams), and replicated within each biomass lgvel 3). The response variable
is the concentration of a particular nutrient. Wedelled the concentration data
from all three nutrients, as a function of one cwmus explanatory variable
(biomass), and two nominal explanatory variablesickment (with or without
algae), and a variable identifying the nutrienthwtite levels NH4-N, NO3-N and
PO3-P.

The data can be downloaded from the ¥ilew.highstat.com/Biodiversity.xIs
The first column contains data; not labels! Thegoese variable is Concentration
and biomass is a continuous explanatory variabfeatment (enrichment) and
Nutrient are the categorical explanatory variab&se the comments in the Excel
spreadsheet for the interpretation of the valugh@tategorical variables.

Apply a data exploration and reproduce Figure A.Zuur et al. (2009). Also
apply linear regression to model Concentration dsnation of Biomass, Treat-
ment, Nutrient, all 2-way interactions and the 3pigeraction. The window with
the interactions should read:

Biomass : as.factor(Treatment) +

Biomass : as.factor(Nutrient) +

as.factor(Treatment) : as.factor(Nutrient) +

Biomass : as.factor(Treatment) : as.factor(Nutrient )

Don't forget the select the main terms! As parttef model validation process,
Brodgar produces Figure 4.8, which clearly shovtgrogeneity. In Section 4.2.2,
Zuur et al. (2009) apply four GLS models:

A GLS with no variance structure.

A GLS with the varldent using Nutrient as variacosariate.

A GLS with the varldent using Treatment as variacweariate.

A GLS with the varldent using Nutrient and Treatias variance covariate.

All these models can easily be applied in Bodgart@&the GLS menu, and se-
lect the same explanatory variables and interastiGirst run the model without
any variance structure (this is just linear regmsgxecuted via the GLS menu).
Do this with the option “no” for “Allowing for hetegeneity” in Figure 5.42.
Write down the AIC! The other three models are exed with the option “Con-
stant variance(s)” and the following variance stute for heterogeneity:

1|as.factor(Nutrient)
1|as.factor(Treatment)
1|as.factor(Treatment) * as.factor(Nutrient)
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Just choose one of them, type it in (without thecklbullet from Word), run
the model, and write down the AIC. Ensure that REBHtimation is selected!
You should get the AICs presented on page 89 i tial. (2009). You can also
apply a likelihood ratio test to compare the modith a varldent variance struc-
ture and a nested model without a variance strectDo this in the specialised
corner, and ensure that REML is selected and tb#t models have the same
fixed structure. From the sub-model, remove thdawae structure, see Figure
5.48

Figure 5.48. Comparison of two GLS models. The fatidel contains all main
terms, 2-way interactions and the 3-way interagtiand the varldent variance
structure with Nutrient and Treatment as variarmeadates. The nested model is
identical, except that it does not contain a vartdariance structure. REML es-
timation is selected under the “Settings” tab.

In Subsection 4.2.3 of Zuur et al. (2009), a 1@-gteotocol is developed, and it
is applied on the diversity data in subsection44.Zhe first part of the protocol
deals with finding the optimal random structureg ave have already carried out
this step. In the second part of the protocol,dhtmal fixed structure is deter-
mined. We have three options to assess the signifie of the terms in the fixed
part, namely the-statistics, thd--statistic and likelihood ratio test. The first two
are part of the output that we already have (assgfREML was used):

Variance function:
Structure: Different standard deviations per strat um
Formula: ~1 | Treatment * Nutrient
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Parameter estimates:

0*1 1*1 0*2 1*2 0*3 1*3
1.0000000 0.5722142 1.4163869 9.4464105 0.4997456 1 .2528436
Coefficients:

Value Std.Error t-value p-value
(Intercept) 2.879333 0.3214829 8 .956411 0.0000
Biomass -0.596000 0.2700997 -2 .206593 0.0297
Treatmentl -2.772667 0.3703937 -7 .485729 0.0000
Nutrient2 -2.396306 0.5573954 -4 .299113 0.0000
Nutrient3 -2.465118 0.3593923 -6 .859129 0.0000
Biomass:Treatmentl 0.601000 0.3111929 1 .931278 0.0564
Biomass:Nutrient2 1.196733 0.4683058 2 .555453 0.0122
Biomass:Nutrient3 0.857107 0.3019499 2 .838572 0.0055
Treatmentl:Nutrient2 16.022361 3.0930643 5 .180093 0.0000
Treatmentl:Nutrient3 4.592260 0.5702849 8 .052571 0.0000
Biomass:Treatment1:Nutrient2 0.846933 2.5986938 0 .325907 0.7452
Biomass:Treatment1:Nutrient3 -0.675893 0.4791352 -1 410653 0.1616

Residual standard error: 0.7396984
Degrees of freedom: 108 total; 96 residual

———————————————— ANOVA table for the submodel ----- emmemmeeees

Denom. DF: 96

numDF F-value p-value
(Intercept) 1205.73774 <.0001
Biomass 1 1.22179 0.2718
Treatment 1 14.62898 0.0002
Nutrient 2 1.57754 0.2118
Biomass:Treatment 1 0.26657 0.6068
Biomass:Nutrient 2 4.17802 0.0182
Treatment:Nutrient 2121.57149 <.0001

Biomass:Treatment:Nutrient 2 1.09043 0.3402

Estimated variances,values and--statistics (using sequential testing) are pre-
sented. Note that the F-statistic indicated that3tway interaction is not signifi-
cant at the 5% level. The likelihood ratio testuiegd a bit more fiddling. Go to
the specialised corner, and:

Click both “Get current” buttons.

Remove the 3-way interaction from the nested model.
Set the estimation technique to ML.

Ensure that both models have the same randomgteuct
Click the second ,,Go" button.

This should give the following output:

Model df  AIC  BIC logLik Test L.Ratio p-value
Submodell 1 18 321.0648 369.3432 -142.5324
Submodel2 2 16 319.4653 362.3794 -143.7327 1 vs 2 2.400507 0.3011

Hence, the likelihood ratio test also indicateg tha 3-way interaction is not
significant. Drop it from the full model (in thetkraction menu tab), and compare
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the new full model (that has three main terms dmdet 2-way interaction terms)
to each of the following sub-models:

1. The model without the Biomass : Treatment inteoarcti
2. The model without the Biomass : Nutrient interagatio
3. The model without the Nutrient : Treatment intei@act

Drop the term that is the least significant, andtitme until everything is sig-
nificant, see pages 93 — 97 in Zuur et al. (2099u should get the same output.
The “Store” and “Retrieve” buttons may save someeti

5.11 GAMM (or GLS) and auto-regressive correlation

In Chapter 36 of Zuur et al (2007), time seriesvafer birds are analysed using
dynamic factor analysis, chronological clusterimgl additive mixed modelling
(AMM). Here, we reproduce some of the AMM resuéited show how to do it in
Brodgar.

The data can be downloaded fremvw.highstat.com/waterbirdislandseries.xlIs
The first column contains data, not labels. Th@oese variable is the column la-
belled Birds, and all other variables are explanatariables. Apply a square root
transformation on the birds. As part of a data ergilon, try to reproduce Figures
36.2 and 36.3; both graphs are available from Ehglbration” menu.

In Section 36.5, various AMMs are applied. Here, agply the following
model:

Birds = constant #;(Rainfall) + f,(Time) +

wherefy() andf,() are smoothing functions andis normally distributed noise.
The indext refers to year. Just like Section 36.5, we impasea@to-regressive
correlation structure of order 1 (AR1) on the resig:

t= t1t ¢

The error term, is now allowed to be correlated with noise fronepous
years and, is independently normally distributed noise. Rauee same correla-
tion parameter for all time series, hence we should use:

i= t1it 4

To fit this model in Brodgar, select the GAMM optin Figure 5.31, and click
the “Go” button. Select the smoothers as for ongirf@AM, see our selection in
Figure 5.49. The correlation structure can be sedeuia the “Settings” menu in
Figure 5.49.



5.11 GAMM (or GLS) and auto-regressive correlation93

Figure 5.49. Selection of smoothers for the wabet hata. Two smoothers are se-
lected, one for Year and one for Rainfall. We asloled the categorical explana-
tory variable ID.

In order to specify the correlation structure, dethe “no” for “Allowing for
correlation” to “Autoregressive process of order Ebr most regular spaced data
sets, this correlation structure suffices. We alsed to specify the correlation
structure. If you have only one univariate timeiegrjust type:Year . R then
knows that the order of the data is specified l®yuhriable Year, and uses this to
calculate the parameter The problem here, is that the correlation isdas par-
ticular time series, hence we have to typéear | as.factor(ID) . An er-
ror message will occur if you do not use fhes.factor(ID) bit. Note that
you cannot use the AR1 correlation structure withitiple observations at the
same time. The numerical output produced by thevnmarkage in R is quite
technical, and not everything is equally import&de Chapters 5 and 6 in Zuur et
al. (2009) for a detailed explanation of the nuerbutput of GAMMSs. The wa-
ter bird data are also analysed in detail in Cheptand 7) of Zuur et al. (2009).

Besides adding a correlation structure, one cam allow for heterogeneity,
e.g. a different variance per time series usingviirédent variance structure with
ID as variance covariate. This can also be dorfeigare 5.50, see also the GLS
section in this chapter.
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Figure 5.50. Adding a residual auto-correlatiouature to the AMM. The “no”
for “Allowing for correlation” is changed into “Aoregressive process of order
1”. The correlation structure reads ¥gar | as.factor(ID)

5.12 GAMM (or GLS) and other correlation structures

In Chapter 6 of Zuur et al. (2009), regular spai®e series are analysed using
GLS and additive models. A residual auto-corretaticas added to these models
using either the AR1 or the ARMA structure. In theevious subsection, we
showed how to add the AR1 residual correlation. @lieking process for a GLS
is identical, except that you have to do it via@leS menu.

To use the ARMA correlation structure for the waigd data, change the “no”
option for “Allowing for correlation” to “custom”And on the next line, type
(without making a mistake):

corARMA(form=~Year | as.factor(ID) ,p=2,q=0)

It is important to write the correlation functioritiv capital ARMA. The form
argument tells R that the correlation is betweejusatial observations, as defined
by the variable Yera, within a particular time seriD. If you have only one uni-
variate time series, omit thas.factor(ID) . Thep andq specify the number
of AR and MA parameters respectively. Numericalljpeans may occur for rela-
tive large values gb andg. Our settings are shown in Figure 5.51.



5.12 GAMM (or GLS) and other correlation structures95

Figure 5.51. Snapshot of part of the “Settings” memincorporate a ARMA resi-
dual correlation structure to an additive modele Torrelation structure reads as:
corARMA(form=~Year | as.factor(ID) ,p=2,q=0)

In Chapter 7 of Zuur et al. (2009) irregular spadath were used and different
residual correlation structures were implementethenGLS and additive models,
namely:

Exponential correlation using the functioorExp .
Gaussian correlation using the functimrGaus .
Linear correlation using the functi@orLin

Rational quadratic correlation using the functoimmRatio
Spherical correlation using the functioorSpher

Each of these options implies a specific matherabtiodel for the correlation
structure. It is relatively easy to implement arfytliese correlation structures in
Brodgar. Just change the “Autoregressive processdafr 1” in Figure 5.50 to:

Exponential spatial correlation for the corExp staue
Gaussian spatial correlation for the corExp stngctu
Linear spatial correlation for the corLin structure
Rational spatial correlation for the corRatio stune
Speherical spatial correlation for the corSpharcstre

Note that the correlation structure should still ; berear |
as.factor(ID) . Ensure that REML estimation is selected, and @mphe
different correlation structures with, for examplee AIC. The main advantage of
these correlation structures is that they can kd ts model irregular spaced data.

By default, the spatial correlation structures asange, but no nugget. If you
want to use a nugget in the correlation structilme clicking process in Brodgar is
slightly more complicated. Suppose you want to theecorExp correlation struc-
ture with a nugget. Click the “Spatial” button ingkre 5.50; you are presented
with Figure 5.52. All the options look intimidatingut it is not that difficult. The
first part shows the model definitions; all valwee filled in and there is no need
to change anything. For “Specify spatial variald§s(select Year in the first box.
If for your own data, you have spatial coordinatethe form of northing and east-
ing (or latitude and longitude), then select theeneh(one in each box). For the
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water bird data, the correlation is inside a spedime series, and therefore we
have to select ID for “Grouping factor”. Leaveat‘no” if you do not have nested
data. The last thing we have to do is selectingtype of correlation structure;
choose the “Exponential spatial correlation”. luyamow click on “Apply to model
and Quit”, Brodgar will use the custom option fhe tspatial correlation, with the
following correlation structure:

corExp(value=numeric(0), form=~ Year | ID, nugget=T ,
metric="euclidean", fixed=F)

This is fancy R code for a corExp correlation noe that contains a nugget
and range. Note that it will estimate the valueshef nugget and range. You can
also set these to a fixed value using the “Range’“&lugget” entryboxes in Fig-
ure 5.52. Brodgar can even help you choosing thiekees with the “Get the fol-
lowing values from graph” button. This is an optibmumerical (convergence)
problems occur.

Figure 5.52. Adding a spatial correlation structwith a nugget to a GLS or addi-
tive model.
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Figure 5.53. Snapshot of the updated “Settings”urfen the additive model with
a corExp variance structure allowing for a nugdtot. Note that not all code for
the correlation structure is visible.

5.13 GAMM and random effects

Roulin and Bersier (2007) analysed the begging Weha of nestling barn
owls. They looked how nestlings respond to the qares of the father and of the
mother. Using microphones inside and a video oet#ié nests, they sampled 27
nests, and studied vocal begging behaviour whepahnents bring prey. The data
were used in Chapter 5 of Zuur et al. (2009) tastlate mixed effects modelling
and additive mixed effects modelling. The mixeceefs§ model was of the form:

LogNeg =a +b," SexPargnt b,” FoodTreatment; ArrivalTime
b,” SexParent FoodTreatmentijp,  SexPafent ArrMaig

at+eg

LogNeg; is the log-10 transformed sibling negotiation ddoservatiorj at nest
i. SexPareptand FoodTreatmentre nominal variables with two levels, and Ar-
rivalTime; is a continuous variable. The second line contameractions. The
term g is a random intercept for nest, and is assumdaketaormally distributed
with mean 0 and variana®. The residual j is assumed to be normally distributed
with mean 0 and variancé.

A detailed analysis is presented in Chapter of A&tual. (2009), and is not re-
peated here. We encourage the reader to reprodgosef 5.4 — 5.7, and the 10
steps of the protocol. In this manual, we show Hhoviit the following additive
mixed effects model (also applied in Zuur et d009):

LogNeg =a +b,” FoodTreatmept (f ArrivalTime- | €€

The term 3 x ArrivalTime; has been replaced B¢ArrivalTime;), which is
now a smoother.

The data can be found in the fikeww.highstat.com/Owls.xIsThe response
variable is in the column NegPerChick, and the axalory variables are Arrival-
Time, SexParent, FoodTreatment and Nest. The hhasé tare categorical. Ignore
the variables BroodSize and SibblingNegotiatiothis analysis (these are used in
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other Chapters in Zuur et al., 2009). Note thatfitst column contains data, and
apply a log(Y+1) transformation on the responséatde NegPerChick.

To implement the additive mixed effects model widst as a random effect, go
to the GAMM menu, select ArrivalTime as a smoothg&exParent and Food-
Treatment as nominal explanatory variables, andtlednteraction between these
two nominal variables. To select the random effexst, click on the “Random ef-
fects” tab, and select nest as nested groupingrfa@licking the “Go” button
gives exactly the same output as in Section 5.10uur et al. (2009). A full ex-
planation of all the numerical output is providedhat section as well.

5.14 Multinomial logistic regression

Application of this technique in Brodgar is ideati@s linear regression or lo-
gistic regression, except that the response variabéds to be a variable with val-
ues 0, 1, 2, 3, etc. Hence, in logistic regressimuse a response variable consist-
ing of 0 and 1, here it contains more levels. Apligation is given on pages 158 —
161 in Zuur et al. (2007). The data for this exangre available from
www.highstat.com/DitchData.xIsThe response variable is Site (the first column
contains data!). Note that we ignored (perhaps glsgrthe year and month in-
formation in the analysis.




