
Advanced topics in distance sampling
Workshop, 26-30 August 2019

Centre for Research into Ecological and Environmental Modelling

Solution 4. Simple density surface models

Here is a “solution” for exercise 4. As with any data analysis, there is no correct answer, but
this shows how I would approach this analysis. The analysis here is conditional on selecting
a detection function in the previous exercises; I’ve chosen df_hn and df_hr_ss_size that
we saved previously (see detection function solutions).

Much of the text below is as in the exercise itself, so it should be relatively easy to
navigate.

Additional text and code is highlighted using boxes like this.

Load the packages and data

library(Distance)

## Loading required package: mrds

## This is mrds 2.2.1
## Built: R 3.6.1; ; 2019-07-17 13:15:38 UTC; windows

##
## Attaching package: 'Distance'

## The following object is masked from 'package:mrds':
##
## create.bins
library(dsm)

## Loading required package: mgcv

## Loading required package: nlme

## This is mgcv 1.8-28. For overview type 'help("mgcv-package")'.

## Loading required package: numDeriv

## This is dsm 2.2.17
## Built: R 3.6.1; ; 2019-07-11 19:38:05 UTC; windows
library(ggplot2)
library(knitr)

Loading the RData files where we saved our results:
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load("sperm-data.RData")
load("df-models.RData")

Pre-model fitting

Before we fit a model using dsm() we must first remove the observations from the spatial
data that we excluded when we fitted the detection function – those observations at
distances greater than the truncation.
obs <- obs[obs$distance <= df_hn$ddf$meta.data$width, ]

Here we’ve used the value of the truncation stored in the detection function object, but
we could also use the numeric value (which we can also find by checking the model’s
summary()).

Also note that if you want to fit DSMs using detection functions with different truncation
distances, then you’ll need to reload the sperm-data.RData and do the truncation again
for that detection function.

Fitting DSMs

Using the data that we’ve saved so far, we can build a call to the dsm() function and
fit out first density surface model. Here we’re only going to look at models that include
spatial smooths.

Let’s start with a very simple model – a bivariate smooth of x and y:
dsm_nb_xy <- dsm(count~s(x,y),

ddf.obj=df_hn, segment.data = segs, observation.data=obs,
family=nb())

Note again that we try to have informative model object names so that we can work out
what the main features of the model were from its name alone.

We can look at a summary() of this model. Look through the summary output and try to
pick out the important information based on what we’ve talked about in the lectures so
far.
summary(dsm_nb_xy)

##
## Family: Negative Binomial(0.105)
## Link function: log
##
## Formula:
## count ~ s(x, y) + offset(off.set)
##
## Parametric coefficients:
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## Estimate Std. Error z value Pr(>|z|)
## (Intercept) -20.7009 0.2538 -81.56 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df Chi.sq p-value
## s(x,y) 17.95 22.23 75.89 6.27e-08 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.0879 Deviance explained = 40.6%
## -REML = 392.65 Scale est. = 1 n = 949

Important things to look at here include the EDF column, the R-sq.(adj) and Deviance
explained. Note that the significance of the terms isn’t that useful at the moment, since
we only have one smooth in the model (though if this wasn’t significant we might be
worried about including that variable!).

Visualising output

As discussed in the lectures, the plot output is not terribly useful for bivariate smooths
like these. We’ll use vis.gam() to visualise the smooth instead:
vis.gam(dsm_nb_xy, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (link scale)", asp=1)
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Notes:

1. The plot is on the scale of the link function, the offset is not taken into account –
the contour values do not represent abundance, just the “influence” of the smooth.

2. We set view=c("x","y") to display the smooths for x and y (we can choose any
two variables in our model to display like this)

3. plot.type="contour" gives this “flat” plot, set plot.type="persp" for a “per-
spective” plot, in 3D.

4. The too.far=0.1 argument displays the values of the smooth not “too far” from
the data (try changing this value to see what happens.

5. asp=1 ensures that the aspect ratio of the plot is 1, making the pixels square.
6. Read the ?vis.gam manual page for more information on the plotting options.

Checking the model

We can use the gam.check() and rqgam.check functions to check the model.
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gam.check(dsm_nb_xy)
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##
## Method: REML Optimizer: outer newton
## full convergence after 5 iterations.
## Gradient range [-4.081532e-08,5.889709e-08]
## (score 392.646 & scale 1).
## Hessian positive definite, eigenvalue range [2.157927,29.21001].
## Model rank = 30 / 30
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 29 18 0.53 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
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rqgam.check(dsm_nb_xy)
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Remember that the left side of the gam.check() plot and the right side of the
rqgam.check() plot are most useful.

Looking back through the lecture notes, do you see any problems in these plots or in the
text output from gam.check().

First looking at the gam.check plots, the Q-Q plot seems to show good agreement between
theoretical and actual values when the residuals are small, but this performance degrades
as the values get larger (though not horribly). This is reflected in the histogram below
where we see the distribution is skewed. The left side plots are not terribly interpretable
(more on that below), because the artifact of the zeros in the model (almost solid line of
dots) it’s hard to discern whether there is heteroskedasticity (non-constant variance).

The right side rqgam.check plots are much easier to interpret. The top right plot shows
that we need not worry about non-constant variance here. Note that the left side doesn’t
tell us anything as the randomised quantile residuals are normally distributed (so the
Q-Q looks okay and the histogram looks like a normal distribution, no surprises there).
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Now looking at the text output underneath: although the k-index and p-value values
are low, the value of k' (the basis complexity we set) is much higher than the value of
edf (the effective degrees of freedom), so we don’t need to worry about the basis being to
small.

Setting basis complexity

We can set the basis complexity via the k argument to the s() term in the formula. For
example the following re-fits the above model with a much smaller basis complexity than
before:
dsm_nb_xy_smallk <- dsm(count~s(x, y, k=10),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=nb())

Compare the output of vis.gam() and gam.check() for this model to the model with a
larger basis complexity.

Setting the basis size to be “too” small yields the following output:
# here we suppress the plot using fig.keep="none" as a chunk option
gam.check(dsm_nb_xy_smallk)

##
## Method: REML Optimizer: outer newton
## full convergence after 6 iterations.
## Gradient range [-1.049752e-06,1.655115e-06]
## (score 397.8582 & scale 1).
## Hessian positive definite, eigenvalue range [1.269964,33.73365].
## Model rank = 10 / 10
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 9.00 7.56 0.46 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Here we see that the edf and k' values are very close, so if we had set k=10 to begin with,
we’d try doubling it here to see what effect that had on the model.

Plotting the smooth side-by-side with the more flexible model shows the differences in
the resulting surfaces. In particular note how the northern area of the surface is very flat
when k is small:
par(mfrow=c(1,2))
vis.gam(dsm_nb_xy, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (link scale)", asp=1, zlim=c(-9,1))
vis.gam(dsm_nb_xy_smallk, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (small k, link scale)", asp=1, zlim=c(-9,1))
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Note we use zlim to ensure that the plots are on the same colour scale.

Estimated abundance as response

So far we’ve just used count as the response. That is, we adjusted the offset of the model
to make it take into account the “effective area” of the segments (see lecture notes for a
refresher).

Instead of using count we could use abundance.est, which will leave the segment areas
as they are and calculate the Horvitz-Thompson estimates of the abundance per segment
and use that as the response in the model. This is most useful when we have covariates in
the detection function (though we can use it any time).

Try copying the code that fits the model dsm_nb_xy and make a model dsm_nb_xy_ae that
replaces count for abundance.est in the model formula and uses the df_hr_ss_size
detection function. Compare the results of summaries, plots and checks between this and
the count model.

Suggested, changing the response to abundance.est and the detection function to
df_hr_ss_size we can fit:
dsm_nb_xy_ae <- dsm(abundance.est~s(x,y),

ddf.obj=df_hr_ss_size, segment.data=segs, observation.data=obs,
family=nb(), method="REML")

looking at a summary:
summary(dsm_nb_xy_ae)

##
## Family: Negative Binomial(0.046)
## Link function: log
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##
## Formula:
## abundance.est ~ s(x, y) + offset(off.set)
##
## Parametric coefficients:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) -20.5347 0.2498 -82.19 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df Chi.sq p-value
## s(x,y) 18.41 22.87 68.89 1.61e-06 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.0902 Deviance explained = 37.1%
## -REML = 512.87 Scale est. = 1 n = 949

Note here the difference in the parameter of the negative binomial distribution, 0.046
vs. 0.105, due to the different response.

The EDF of the spatial smooth, however is rather similar. Looking at that spatial smooth:
vis.gam(dsm_nb_xy_ae, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (link scale)", asp=1)
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Looking at check results:
gam.check(dsm_nb_xy_ae)
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##
## Method: REML Optimizer: outer newton
## full convergence after 6 iterations.
## Gradient range [9.77278e-06,8.427185e-05]
## (score 512.8731 & scale 1).
## Hessian positive definite, eigenvalue range [1.14728,39.90986].
## Model rank = 30 / 30
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 29.0 18.4 0.45 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Here we see a much bigger deviation from the x = y line. We’ll visit this again below
when we look at assessing the response distribution.
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Univariate models

Instead of fitting a bivariate smooth of x and y using s(x, y), we could instead use the
additive nature and fit the following model:
dsm_nb_x_y <- dsm(count~s(x) + s(y),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=nb())

Compare this model with dsm_nb_xy using vis.gam() (Note you can display two plots
side-by-side using par(mfrow=c(1,2))). Investigate the output from summary() and the
check functions too, comparing with the other models, adjust k if necessary.

First we should check if the basis size needs to be increased for this model:
# again surpressing the figure output using fig.keep="none" in this chunk
gam.check(dsm_nb_x_y)

##
## Method: REML Optimizer: outer newton
## full convergence after 5 iterations.
## Gradient range [-9.518746e-07,1.517167e-06]
## (score 395.8609 & scale 1).
## Hessian positive definite, eigenvalue range [0.8251584,32.71161].
## Model rank = 19 / 19
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x) 9.00 5.17 0.65 0.17
## s(y) 9.00 4.78 0.62 0.02 *
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

(Everything looks good there.)
par(mfrow=c(1,2))
vis.gam(dsm_nb_xy, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (link scale)", asp=1, zlim=c(-9,1))
vis.gam(dsm_nb_x_y, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x)+s(y) (link scale)", asp=1, zlim=c(-9,1))

12



−5e+05 0e+00 5e+05

−
6e

+
05

−
2e

+
05

2e
+

05
6e

+
05

s(x,y) (link scale)

x

y

 −
9  −

8 

 −7 

 −
6 

 −5 

 −
4 

 −4 

 −
4 

 −3 

 −3 

 −3 

 −2 

 −2 

 −2 

 −1 

 0 

 0 

−5e+05 0e+00 5e+05

−
6e

+
05

−
2e

+
05

2e
+

05
6e

+
05

s(x)+s(y) (link scale)

x

y

 −
8 

 −
7 

 −
6 

 −
5 

 −
4 

 −
4 

 −3 

 −3 

 −2 

 −2 

 −
2 

 −
2 

 −1 

 −1 

 −
1 

 0 

The plot shows that due to the lack of interaction between the x and y terms, we don’t
get as detailed a plot. The contour lines are much simpler when the additive structure is
used. Though we do note that the pattern is broadly-speaking similar in both cases.

Also note that the bivariate model has a higher percentage deviance explained than the
additive model.

Tweedie response distribution

So far, we’ve used nb() as the response – the negative binomial distribution. We can also
try out the Tweedie distribution as a response by replacing nb() with tw().

Try this out and compare the resulting check plots.

First looking at the model with count as the response and changing the response to
Tweedie by specifying family=tw():
dsm_tw_xy <- dsm(count~s(x,y),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=tw())

Summarising that model:
summary(dsm_tw_xy)

##
## Family: Tweedie(p=1.29)
## Link function: log
##
## Formula:
## count ~ s(x, y) + offset(off.set)
##
## Parametric coefficients:
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## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -20.5791 0.2477 -83.08 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df F p-value
## s(x,y) 16.89 21.12 4.333 3.73e-10 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.102 Deviance explained = 34.7%
## -REML = 394.86 Scale est. = 4.8248 n = 949

For brevity here, we can just compare the quantile-quantile plots using the qq.gam()
function:
par(mfrow=c(1,2))
qq.gam(dsm_nb_xy, main="Negative binomial")
qq.gam(dsm_tw_xy, main="Tweedie")
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The result here is far from clear-cut but (to my eye) it seems like the Tweedie model is
better (in Q-Q plot terms at least).

We can also repeat our model with additive terms but using a Tweedie response, for the
sake of completeness:
dsm_tw_x_y <- dsm(count~s(x) + s(y),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=tw(), method="REML")

summary(dsm_tw_x_y)

##
## Family: Tweedie(p=1.306)
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## Link function: log
##
## Formula:
## count ~ s(x) + s(y) + offset(off.set)
##
## Parametric coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -20.3954 0.2381 -85.67 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df F p-value
## s(x) 4.943 6.057 3.224 0.004239 **
## s(y) 5.293 6.419 4.034 0.000322 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.0678 Deviance explained = 27.4%
## -REML = 399.84 Scale est. = 5.3157 n = 949

Moving on to the estimated abundance response, we saw a pretty badly behaved Q-Q
plot when we looked at the estimated abundance model with negative binomial response
above. We can instead try using the Tweedie distribution, by specifying family=tw():
dsm_tw_xy_ae <- dsm(abundance.est~s(x,y),

ddf.obj=df_hr_ss_size, segment.data=segs, observation.data=obs,
family=tw())

Summarising that model:
summary(dsm_tw_xy_ae)

##
## Family: Tweedie(p=1.241)
## Link function: log
##
## Formula:
## abundance.est ~ s(x, y) + offset(off.set)
##
## Parametric coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -20.1066 0.2407 -83.54 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df F p-value
## s(x,y) 17.33 21.53 4.307 2.88e-10 ***
## ---
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## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.111 Deviance explained = 34.1%
## -REML = 467.57 Scale est. = 9.0955 n = 949

Comparing Q-Q plots:
par(mfrow=c(1,2))
qq.gam(dsm_nb_xy_ae, main="Negative binomial")
qq.gam(dsm_tw_xy_ae, main="Tweedie")
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This plot is much easier to read, clearly the Tweedie response is much better!

Save models

It’ll be interesting to see how these models compare to the more complex models we’ll see
later on. Let’s save the fitted models at this stage.
# add your models here
save(dsm_nb_x_y, dsm_nb_xy, dsm_tw_x_y, dsm_tw_xy,

file="dsms-xy.RData")

Extra credit

If you have time, try the following:

• What happens when we set family=quasipoisson()? Compare results of
gam.check for this and the other models.

Fitting a quasi-Poisson model and looking at the summary:
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dsm_qp_xy <- dsm(count~s(x,y),
ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=quasipoisson())

summary(dsm_qp_xy)

##
## Family: quasipoisson
## Link function: log
##
## Formula:
## count ~ s(x, y) + offset(off.set)
##
## Parametric coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -26.197 1.853 -14.14 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df F p-value
## s(x,y) 26.24 27.39 3.122 1.76e-07 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.185 Deviance explained = 39.4%
## -REML = 485.82 Scale est. = 3.0535 n = 949

It looks like a significantly better R2. . . what about checks. . .
gam.check(dsm_qp_xy)
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##
## Method: REML Optimizer: outer newton
## full convergence after 6 iterations.
## Gradient range [-0.0001509342,-3.753479e-05]
## (score 485.8239 & scale 3.053451).
## Hessian positive definite, eigenvalue range [2.116075,473.2605].
## Model rank = 30 / 30
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 29.0 26.2 0.71 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Looks like we need to increase k, but also check out the Q-Q plot – not very nice!
dsm_qp_xy_k <- dsm(count~s(x, y, k=60),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=quasipoisson())

gam.check(dsm_qp_xy_k)
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##
## Method: REML Optimizer: outer newton
## full convergence after 6 iterations.
## Gradient range [-1.028304e-07,1.664416e-07]
## (score 393.1326 & scale 1.761976).
## Hessian positive definite, eigenvalue range [7.391904,473.6366].
## Model rank = 60 / 60
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 59 43 0.82 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Looks like the complexity is high enough but the Q-Q plot is still not very nice.
vis.gam(dsm_qp_xy_k, view=c("x","y"), plot.type="contour", too.far=0.1,

main="qp s(x,y) (link scale)", asp=1)
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Broadly speaking the spatial pattern is rather similar, but seems much more intricate.
Given the poor Q-Q plots, we’re inclined to discard this model (though we’ll revisit it in
the prediction exercise).

• Make the k value very big (~100 or so), what do you notice?

Let’s try setting k=100 for the Tweedie model:
dsm_tw_xy_bigk <- dsm(count~s(x, y, k=100),

ddf.obj=df_hn, segment.data=segs, observation.data=obs,
family=tw())

summary(dsm_tw_xy_bigk)

##
## Family: Tweedie(p=1.264)
## Link function: log
##
## Formula:
## count ~ s(x, y, k = 100) + offset(off.set)
##
## Parametric coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) -21.0319 0.3205 -65.62 <2e-16 ***
## ---
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## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## Approximate significance of smooth terms:
## edf Ref.df F p-value
## s(x,y) 33.95 45.61 2.736 1.3e-08 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
##
## R-sq.(adj) = 0.2 Deviance explained = 47.2%
## -REML = 391.07 Scale est. = 4.0893 n = 949

The first thing you should notice is that this model took longer to fit. Looking at the
summary() and gam.check() results we see that the EDF has jumped up to ~34 much
less than the 100 we gave it, though still much greater than the EDF of, say, dsm_tw_xy:
# here we suppress the plot using fig.keep="none" as a chunk option
gam.check(dsm_tw_xy_bigk)

##
## Method: REML Optimizer: outer newton
## full convergence after 6 iterations.
## Gradient range [-8.053375e-06,3.663566e-06]
## (score 391.0746 & scale 4.089302).
## Hessian positive definite, eigenvalue range [1.932534,291.7799].
## Model rank = 100 / 100
##
## Basis dimension (k) checking results. Low p-value (k-index<1) may
## indicate that k is too low, especially if edf is close to k'.
##
## k' edf k-index p-value
## s(x,y) 99 34 0.67 <2e-16 ***
## ---
## Signif. codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1

Now comparing the spatial effects, we see that there is not too much of a difference in the
spatial pattern. The biggest difference is the much faster drop-off once we get nearer the
coast (which may be better modelled by, say a depth covariate in the next exercise?)
par(mfrow=c(1,2))
vis.gam(dsm_tw_xy, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (link scale)", asp=1, zlim=c(-12,1))
vis.gam(dsm_tw_xy_bigk, view=c("x","y"), plot.type="contour", too.far=0.1,

main="s(x,y) (big k, link scale)", asp=1, zlim=c(-12,1))

21



−5e+05 0e+00 5e+05

−
6e

+
05

−
2e

+
05

2e
+

05
6e

+
05

s(x,y) (link scale)

x

y

 −
8 

 −
7 

 −
6 

 −
5 

 −
4 

 −3 

 −3 

 −3 

 −2 

 −2 

 −2  −1 

 0 

 0 

−5e+05 0e+00 5e+05

−
6e

+
05

−
2e

+
05

2e
+

05
6e

+
05

s(x,y) (big k, link scale)

x

y

 −
11

 

 −
10

 

 −9 

 −
8 

 −7 

 −7 

 −
6 

 −6 

 −5 

 −5 

 −4 

 −4 

 −4 

 −3 

 −3 

 −
3 

 −
2 

 −2 
 −2 

 −1 

 0
 

 0 

22


	Load the packages and data
	Pre-model fitting
	Fitting DSMs
	Visualising output
	Checking the model
	Setting basis complexity

	Estimated abundance as response
	Univariate models
	Tweedie response distribution
	Save models
	Extra credit

