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The plan for this training day?

y = Z,BLPL + z 6lj(plp]) tTe

Selecting the T=1
best model? t<j

& ~ 1ID N(0, 6?)

Sp3
Model
Species © Sp1 M Sp2 M Sp3 W Net interactions " "
Richness = 1 Richness = 2 Richness =3 In terpre ta tlon ?

060050 9,0001 «00300« 303%03 MOde/
Community CommunlcatiOn ?

“All models are wrong, but some are useful”

S

Understanding model
selection choices?

Predicted response
=
Q



The biodiversity and ecosystem function (BEF) relationship
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Diversity-Interactions modelling for BEF data
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Species biodiversity?

install.packages ("DImodels")
library (DImodels)

data ("sim0")

head (sim0)




Species biodiversity?

1. Composition — species identity
2. Richness

3. Species proportions

Diversity-Interactions (DI) models can capture
all these aspects of species diversity when
modelling the BEF relationship Proportion of species 3




Overview of the DImodels R package

C N
* Automatic model selection * predict
¢ Useful starting point for analysis * BIC,AICc, BIC, BICc
* Not exhaustive * logLik
p - theta CI()
DI data() =
+ Computes confidence intervals
s "-‘ * Computes variables to be used for the 6 parameter when it is d d H H I k .
‘ in the Interactions component - estimated A It l O n a p a C a ge S .
* User loads own data = Useful for fitting more complex
* Example datasets are models .
preloaded with package S DImo de 1 sV1s
< J = Computes and tests contrasts DImO del SMU.ltl
DI() for DI models

* Fits individual DI models

* 6 built-in Interactions
components (STR, AV, FG, ADD, update DI ()
and FULL) :

* User may supply 8 value or * Update DI function call to
estimate it change one or more arguments

Taken from

& 4 b v

Moral et al (2023)

Methods in Ecology and Evolution;
9, 2250-2258.



Example 1

Modelling a 3-species dataset
Moral et al 2023 Methods in Ecology and Evolution; 9, 2250-2258.




Analysing the sim0 dataset

install.packages ("DImodels")
library (DImodels)

data ("sim0")

head (sim0)

Proportion of species 3



Analysing the simO dataset: simple linear regression

35+

ml <- Im(response ~ richness,
data = sim0)
summary (ml)

251
o
!
c
Q.
~ Estimate Std.Eror Pvalie 2
Intercept 14.91 1.3781 p<0.001 & 15+
richness 5.25 0.6365 p<0.001 »
5-
T , | .
1 2 3

Richness



Analysing the sim0O dataset: ANOVA model

simO0ScommunityF <- as.factor (sim0$Scommunity)
m2 <- Im(response ~ communityF, data = sim0)
summary (m2)

preds <- predict (m2)

preds[1:16]

30+

Prediction
N
o

—
o

Q q, Cb' ca Q.' ':3
Sesass
és"\ § é) QOO O S
Richness = 1 Richness =2
Community type




Analysing the simO dataset: Diversity-Interactions model

m3 <- DI(y = "response", prop = 3:5, o
DImodel = "FULL", data = sim0) Prediction
summary(m3)

y = zlglpl + z 6l]plp] + € & ~1IDN(O, c?)

i,j=1
i<j

MMM

24.17 0.7698

p2 18.62 0.7698
p3 14.81 0.7698
p1*p2 34.83 3.5694 p < 0.001

p1*p3 26.14 3.5694 p < 0.001

A
p2*p3 47.92 3.5694 p < 0.001 P




Analysing the simO dataset: Diversity-Interactions model

m3 <- DI(y = "response", prop = 3:5, L
DImodel = "FULL", data = sim0) Prediction
summary (m3)

[ 1 \
y = B1p1 + B2p2 + B3ps + 81,0102 + 8230203 + 813p1p3 + €

& ~ 1ID N(O, 6?)

MMM

24.17 0.7698

p2 18.62 0.7698
p3 14.81 0.7698
p1*p2 34.83 3.5694 p < 0.001

p1*p3 26.14 3.5694 p < 0.001

A
p2*p3 47.92 3.5694 p < 0.001 P




Analysing the simO dataset: Diversity-Interactions model

mmm

24.17 0.7698

p2 18.62 0.7698
p3 14.81 0.7698
p1*p2 34.83 3.5694 p < 0.001

p1*p3 26.14 3.5694 p < 0.001

p2*p3 47.92 3.5694 p < 0.001 P ,
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Example 2

Modelling a 4-species BEF dataset

Now, you will work through the
tutorial and later we will come
back to this presentation.




Simulated dataset

* Filename: Dataset_4species_simulated.csv
* Simulated assuming a biodiversity and ecosystem function (BEF) experiment

* Four grassland species (species 1 and 2 grasses, species 3 and 4 legumes),
let’s call them G1, G2, L1 and L2.

 Species diversity and nitrogen fertiliser treatments manipulated across plots
 Total of 100 plots (50 at low and 50 at regular N)

* Yield of each plot over a growing season was recorded



Example 2 continued

Modelling a 4-species BEF dataset

Explore the data graphically
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Explore the data

| f '

1o . : :
e = : [ ; treatment
@ - * lowN
>~ 10 i ' * regN

5_ )
1 2 3 4
Richness



Explore the data

lowN regN

S » 3 .
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Example 2 continued

Modelling a 4-species BEF dataset

Initial model selection using autoDI



Using autoDI for model selection

O eswopewe ]
Step 0 >> Step 1 >> Step 2 >> Step 3 >> Step 4

Investigating Structures Investigating 8 Investigating Interactions Investigating the Investigating lack-of-fit
treatment effect
1. Intercept only Using the AV model: Using the ‘best’ model from 1. ‘Best’ model from Step 3
2. Block Step 2: Using the ‘best’ model from 2. Reference/community
3. Block + Density 1. 8 = 1, fixed Step 1: model
4. Block + Density + Treatment 2. 0 estimated 1. STR model
2. ID model 1. Without treatment
3. AV model 2. With treatment
4. FG or ADD model
5. FULL model

Taken from
Moral et al (2023)
Methods in Ecology and Evolution; 9, 2250-2258.



Using autoDI for model selection

Sequential analysis: Investigating only non-diversity experimental design structures

model Resid. Df Resid. SSq Resid. MSq Df SSq F Pr(>F)
1 Intercept only 99 1029.603 10.400
2 treat 98 1023.218 10.441 1 6.3847 0.6115 0.4361
For a scientific presentation, don’t give R output like this! Models fitted?




Using autoDI for model selection

Step 1: Investigating whether theta is equal to 1 or not for the AV model, including all available structures
Theta estimate: 1.0017
Selection using F tests

Description

DI Model 1 Average interactions 'AV' DImodel with treatment
DI Model 2 Average interactions 'AV' DImodel with treatment, estimating theta

DI_model treat estimate_theta Resid. Df Resid. SSq Resid. MSq Df SSq F Pr(>F)
DI Model 1 AV '"treatF' FALSE 94 219.8445 2.3388
DI Model 2 AV "treatF' TRUE 93 219.8431 2.3639 1 0.0015 6e-04 0.9802

The test concludes that theta is not significantly different from 1.

Models fitted?



Using autoDI for model selection

Step 2: Investigating the interactions

Since 'Ftest' was specified as selection criterion and functional groups were specified, dropping the ADD model as it is not n
ested within the FG model.

Selection using F tests

Description

DI Model 1 Structural 'STR' DImodel with treatment
DI Model 2 Species identity 'ID' DImodel with treatment Models fitted?
DI Model 3 Average interactions 'AV' DImodel with treatment
DI Model 4 Functional group effects 'FG' DImodel with treatment
DI Model 5 Separate pairwise interactions 'FULL' DImodel with treatment

DI_model treat estimate_theta Resid. Df Resid. SSq Resid. MSq Df SSq F Pr(>F)
DI Model 1 STR 'treatF' FALSE 98 1023.2180 10.4410
DI Model 2 ID 'treatF' FALSE 95 739.1527 7.7806 3 284.0653 45.5645 <0.0001
DI Model 3 AV 'treatfF’ FALSE 94 219.8445 2.3388 1 519.3082 249.8937 <0.0001
DI Model 4 FG "treatF' FALSE 92 190.8205 2.0741 2 29.024 6.9833 0.0015
DI Model 5 FULL "treatF' FALSE 89 184.9523 2.0781 3 5.8682 0.9413 0.4243

Selected model: Functional group effects 'FG' DImodel with treatment




Using autoDI for model selection

Step 3: Investigating the treatment effect

Selection using F tests
_ Models fitted?
Description
DI Model 1 Functional group effects 'FG' DImodel
DI Model 2 Functional group effects 'FG' DImodel with treatment

DI_model treat estimate_theta Resid. Df Resid. SSq Resid. MSq Df SSq F Pr(>F)
DI Model 1 FG none FALSE 93 197.2052 2.1205
DI Model 2 FG '"treatfF' FALSE 92 190.8205 2.0741 1 6.3847 3.0783 0.0827

Selected model: Functional group effects 'FG' DImodel




Using autoDI for model selection

Step 4: Comparing the final selected model with the reference (community) model
"community' is a factor with 31 levels, one for each unique set of proportions.

mode]l Resid. Df Resid. SSq Resid. MSq Df SSq F Pr(>F)
DI Model 1 Selected 93 197.2052 2.1205
DI Model 2 Reference 69 150.9661 2.1879 24 46.2392 0.8806 0.6251

Models fitted?



Where are we at after using autoDI?

Term | Estimate_Std. Error P-value

* Thetasetto 1

pl ID 10.9 0.483 <0.001

* FG model for species p2_ID 12.0 0.483 <0.001

interactions p3_ID 6.2 0.483 <0.001

e Grass-legume, grass-grass, p4_ID 9.5 0.483 <0.001

legume-legume, FG_bfg_GL 20.8 1.427 <0.001

* No effect of N fertiliser FG_wig_G Loe)  2il SOen

FG_wfg L 9.0 2.871 0.002

4

y= z Bipi + 8¢, z pipj + 8 (P1p2) + 81, (P3pa) + € ¢ ~1IDN(0, o%) Matrix

i=1 i€{1,2} notation?

Jj €{3,4}

y = P11 + Bobz + B3p3 + Paba + 86, (P103 + D1Pa + P2p3 + P2Pa) + 866 (P102) + 61, (P3Ds) + €



Where are we at after using autoDI?

oo o2 M Fe oo c L [ FG wig L
s
e Thetasetto 1 Contributions oy = Bl ps.10 [l £c.wio.c

* FG model for species

interactions 3151

* Grass-grass, legume- a _

legume, grass-legume g
=]
[k

* No effect of treatment S 5
3

U- T T T T T T T
=1 =2 L1 L2 GG LL GGLL

Community

Mixtures are equi-proportional here




Where are we at after using autoDI?

Term | Estimate Std. Error P-value

pl ID 10.9 0.483 <0.001 oo Boezo B Fcbgc L [ Fo_wig L
p2_ID 12.0  0.483 <0.001 coniributions o > 0 Il p4_0 [l Fo_wio_c
p3_ID 6.2 0.483 <0.001
p4_ID 9.5 0.483 <0.001 o 15
FG_bfg GL 20.8 1427 <0.001 5
FG_wfg_GG 17.6 2.871 <0.001 @ 107
FG_wfg LL 9.0 2.871 0.002 3
2 5
E .
D_ T T T T T T
51 G2 L1 L2 GG LIL

Predicted yield for G1?
For G1=0.5,G2=0.5? Community
Do these change by N level?

GGLL




Where are we at after using autoDI?

* Thetasetto 1

* FG model for species interactions
e Grass-grass, legume-legume, grass-legume

* No effect of treatment

What are the What else do we
ns of qutoDI? need to consider?

limitatio




Example 2 continued

Modelling a 4-species BEF dataset

Deep model selection investigation



Does nitrogen affect the BEF relationship?

So far, the nitrogen treatment has only been tested as an additive

factor:

4
y = z pipi + 6¢L z pipj + 66 (P1p2) + 611 (p3p4)+ €
i=1 i €{1,2)

Jj €{3,4}

X,y is @ dummy variable
equal to 1 for regular N
and O for low N

How else might nitrogen be modelled?




Crossing N with all other model terms

DI (y — "response"’ prop — C ("p1", "p2"’ "p3", "p4") ,
FG —_ C("G","G","L","L") , DImOdel o "FG",
extra formula = ~ pl:treatF + p2:treatF + p3:treatF + péd:treatF
+ bfg G L:treatlF + wfg G:treatF + wfg L:treatl,

data = datal)




Crossing N with all other model terms

Coefficients:

Sown prop | _lowN estl _regN est

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

pl ID 9.99 11.77 pi_10 11.7747 0.5873 20.050 < 2e-16 *xx
p2_ID 12.6753 0.5873 21.583 < 2e-16 ***
p2_ID 11.33 12.68 p3_ID 6.8511 0.5873 11.666 < 2e-16 ***
— pd_ID 9.3053 0.5873 15.845 < 2e-16 ***
3_1ID FG_bfg_G_L 14.6371 1.7352  8.436 6.93e-13 ***
P3_ 5.62 6.85 FG_wfg_G 20.5948 3.4923  5.897 7.08e-08 ¥
E 7.7236 *
p4—ID 9.65 9.31 / pl:treatFlowN’ -1.7875 0.8305 -2.152 0.0342 * "\
“treatFlowN:p2’ ~1.3482 0.8305 -1.623 0.1082
FG_bfg_GL 26.98 14.64 | “treatFlown:p3’ -1.2286 0.8305 -1.479 0.1427
“treatFlowN:p4d’ 0.3427 0.8305 0.413 0.6809
FG_wfg_GG 14.65 20.59 | “treatFlowN:bfg_G_L = 12.3432 2.4539  5.030 2.65e-06 ***
“treatFlowN:wfg_G’ -5.9494 4.9388 -1.205 0.2316
FG_wfg LL 10.38 7.72 \UtreatFlowN:wfg L’ 2.6524 4.9388 0.537 0.5926  J

For a scientific presentation, don’t give R output like this!




Model selection

Coefficients:

* Reduce the nitrogen interaction terms in g;—;g

the model, removing one non-significant p3_ID
. p4_ID
term at a time FG_bfg_G_L
FG_wfg_G
FG_wfg_L
‘pl:treatFlowN’
“treatFlowN:p2’

. . “+treatFtowhnp3——

* Final model: N crossed with p1, p2 and R o —
the grass-legume interaction term _treatFlowN:bfg G_L-
—treaxtFtowNwfo—6—
—treatFtowN—wig—t—



Example 2 continued

Modelling a 4-species BEF dataset

Final model equation, different
parameterisations and diagnostics



Final model coefficient estimates

Term | Low N Est_Reg N Est

Coefficients:

Estimate Std. Error t value Pr(>|t]) Pl 9.78 11.98
pl_ID 11.9830 0.5592 21.427 < 2e-16 *** ) 11.12 12.88
p2_ID 12.8836 0.5592 23.038 < 2e-16 *¥x
p3_ID 6.2368 0.4158 15.001 < 2e-16 **x  p3 6.23 6.23
p4_ID 9.4766 0.4158 22.794 < 2e-16 **x*
FG_bfg_G_L 14.9219 1.5792  9.449 4.00e-15 *** P4 9.43 9.43
FG_wfg_G 17.6201 2.4723  7.127 2.46e-10 *x**
FG_wfg_L 9.0498 2.4723  3.660 0.000424 *xx* AEL i CEL 26.70 14.92
"pl:treatFlowN’ -2.2042 0.7481 -2.947 0.004091 *=* FG_wfg G 17.62 17.62
“treatFlowN:p2’ -1.7648 0.7481 -2.359 0.020475 *
“treatFlowN:bfg_G_L~ 11.7736 1.9848 5.932 5.48e-08 *xx  FG_wfg_L 9.05 9.05

Different parameterisations?



Final model coefficient estimates

Coefficients: Term | Low N Estl Reg N Est
Estimate Std. Error t value Pr(>|tl|)

p3 6.2368 0.4158 15.001 < 2e-16 **x Pl 9.78 11.98
p4 9.4766 0.4158 22.794 < 2e-16 *** 9

wfg_G 17.6201 2.4723  7.127 2.46e-10 **x © 11.12 12.88
wfg_L 9.0498 2.4723  3.660 0.000424 *x* p3 6.23 6.23
pl:treatFlowN 9.7788 0.5592 17.486 < 2e-16 *** [

pl:treatFregN 11.9830 0.5592 21.427 < 2e-16 **x P 9.48 9.48
treatFlowN:p2 11.1188 0.5592 19.882 < 2e-16 *** G bfg GL 26.70 14.92
treatFregN:p2 12.8836 0.5592 23.038 < 2e-16 **x* -

treatFlowN:bfg_G_L 26.6955 1.5792 16.905 < 2e-16 *xx FG_wfg G 17.62 17.62

. . R .44 . et ¥ ¥ ¥
treatFregN:bfg_G_L 14.9219 1.5792 9.449 4.00e-15 FG_wfg L 9.05 9.05
Others?



Final model coefficient estimates

Coefficients:
Estimate Std. Error t value Pr(z|t]|)

Term | Low N Est_Reg N Est

pl 9.7788 0.5592 17.486 < 2e-16 *** pl 9.78 11.98
p2 11.1188 0.5592 19.882 <« 2e-16 *** 5

p3 6.2368 0.4158 15.001 < 2e-16 *** P 11.12 12.88
pd 9.4766 0.4158 22.794 < 2e-16 *¥* p3 6.23 6.23
bfg_G_L 26.6955 1.5792 16.905 < 2e-16 *** .

wfg_G 17.6201 2.4723  7.127 2.46e-10 *¥** P 9.48 9.48
wfg_L 9.0498 2.4723  3.660 0.000424 *%** FG_bfg GL 26.70 14.92
pl:regN 2.2042 0.7481 2.947 0.004091 ** f

p2: regN 1.7648 0.7481 2.359 0.020475 * FG_wig_G 17.62 17.62
bfg_G_L:regN -11.7736 1.9848 -5.932 5.48e-08 *** FG_ wig L 505 905

Which parameterisation do you prefer?



Model equation

Let: p; = sown proportion of species i

FG_bfg_GL = p1p3 + P1Ps + P2P3 + P2P4s
X,y = 1forregular N and 0 for low N

Yy = P1p1 + B2z + B3p3 + Baps + 861 (FG_bfg_GL) + 856 (p102) + 611 (D3P4)
+B1rNP1 XN + BornD2Xrn + 861 v (FG_bfg_GL) X,y + &

& ~ 1ID N(O, 6?)

Matrix
notation?



model diagnostics

Residual vs Fitted
variables Il p1 B 2 I p2 [ p4

=]
® & &0

Residuals

M

& &

éi Q '1I2 '1I5 '1IB
Fitted Values



Final model diagnostics

MNormal Q-Q
variables [l o1 [ p2 W p2 M p4

2 M M
wn
g 1
L=
w
[4E]
o 0-
—
o
o
o 1]
o
=
n -2

_3—

2 1 0 1 2

Theoretical Quantiles



Example 2 continued

Modelling a 4-species BEF dataset

Predicting from the final model



Predicting from the model

* Grass 1 monoculture low N frm | Estimate
y =9.78 pl_ID 9.78
p2_ID 11.12
e Grass 1 monoculture regular N p3_ID 6.24
$=9.78 +2.20 =11.98 p4_ID 9.48

, , , FG_bfg G_L
* Equi-prop 4-species mix low N —E- 26.70
FG_wfg_G 17.62
¥y =9.78x0.25+11.12 X 0.25 + 6.24 X 0.25 + 9.48 x 0.25 FG_wfg_L 9.05
+26.70 X 0.25 + 17.62 X 0.0625 + 9.05 X 0.0625 =17.49 pl:regN 2.20
. . . . p2:regN 1.76
Equi-prop 4-species mix regular N bfg G_LiregN 1177

y=17.49 +2.20 X 0.25 + 1.76 X 0.25 — 11.77 x 0.25 = 15.54



Example 2 continued

Modelling a 4-species BEF dataset

Final model interpretation



Interpreting the final model

B ot B o3 [ regn I wio
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Interpreting the final model

Fredicted Response
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Interpreting the final model

Predicted Response
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Each prediction assumes

|nte rpretlng the flnal L1:L2 in an equal ratio

treatF: lowN treatF: regN
G1

G2 L
0.2 0.4 0.6 0.8
Predictiong —b

2 A cbb O BPANEEN




Interpreting the final model

Each prediction assumes

L1:L2 in an equal ratio

treatF: lowN treatF: regN
G1 G1

G2 G2 L
0.2 04 0.6 0.8 0.2 04 0.6 0.8
Prediction g N P %ﬂ Prediction g N P— q,r\_%
PO P N N A N PG P N R A N
,\Q’ \y\. '\(1, ,\b(’ y\<0 '\%. ,\Q’ '\)\. '\q/. ,\b&’ \q:). '\%.

Term | Low N Est_Reg N Est

pl 9.78 11.98
p2 11.12 12.88
p3 6.23 6.23
p4 9.48 9.48
FG_bfg_GL 26.70 14.92
FG_wfg_G 17.62 17.62
FG_wfg_L 9.05 9.05




Key messages

* Effect of species diversity?
e Effect of low versus regular N fertiliser?
* Other?

* What have you put in your one-page report?




Final remarks
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Diversity-Interactions Modellir

Resources And Toolkit For Fitting DI Models

Introduction To Diversity-Interactions Models

Welcome to the Diversity-Interactions (DI) models website! Here you will find out all the latest news and research developments related to DI models. You will
also find training resources and guides to fitting and interpreting DI models.

In biodiversity and ecosystem function (BEF) studies, usually there are a range of communities varying in species diversity.
For example, selecting from a pool of species, the communities may vary in:

« the number of species,
« the identities of the species, and
« the proportions of each species

In a BEF experiment, usually these species diversity variables are manipulated across all experimental units and an ecosystem function is recorded at a later
point in time. Models of the BEF relationship assess how species diversity affects an ecosystem function, but should account for all of these variations in
species diversity, not just a subset of them. This is what Diversity-Interactions models will do!

DI models jointly assess the effects of species identity, richness, evenness, community composition, and interspecific interactions on an ecosystem function in
a regression modelling framework.

The Dimodel

rdel ing for advice on how to get started using DI
models. Find out all the latest news on our Blog

z¢ is available to implement the Diversity-Interactions modelling approach. Select Trz

Archive



References for extending DI models

* Repeated measures and a spatial gradient

e Kirwan et al (2007) Journal of Ecology 95, 530-539
* Finn et al (2013) Journal of Applied Ecology 50, 365—-375
e Connolly et al (2018) Journal of Applied Ecology 55, 852-862

* Multivariate responses

* Dooley et al (2015) Ecology Letters 18, 1242-1251
e Suter et al (2021) Scientific Reports 11, 1-16

* Dealing with many pairwise interactions
* Brophy et al (2017) Ecology 98, 1771-1778

* Investigating theta properties
* Vishwakarma et al (2023) Environmental and Ecological Statistics 30, 555-574.



Packages for fitting and interpreting DI models

DImodels, DImodelsVis, DImodelsMulti.




