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The plan for this training day?
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Selecting the 
best model? 

Model 
interpretation?

Understanding model 
selection choices?

Model 
communication?

“All models are wrong, but some are useful”



The biodiversity and ecosystem function (BEF) relationship



The biodiversity and ecosystem function (BEF) Relationship

Roscher et al 2004

Jena “dominance” experiment 

Roscher C, Schumacher J, Baade J, Wilcke W, Gleixner G, Weisser WW, Schmid B, Schulze ED (2004) The role of biodiversity for element 
cycling and trophic interactions: an experimental approach in a grassland community. Basic and Applied Ecology. 2004 5:107-21.

Legumes

Non-legume 
herbs

Grasses



Diversity-Interactions modelling for BEF data



Species biodiversity?

install.packages("DImodels")
library(DImodels)
data("sim0")
head(sim0)

responsep3p2p1richnesscommunity
24.85500111
19.04901012
16.29210013
31.52900.20.824
25.10200.80.225
24.6150.200.826

…
 

…
 

…
 

…
 

…
 

…
 



1. Composition – species identity

2. Richness

3. Species proportions

Species biodiversity?

Diversity-Interactions (DI) models can capture 
all these aspects of species diversity when 

modelling the BEF relationship



Overview of the DImodels R package

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

Additional packages:
DImodelsVis

DImodelsMulti



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)

responsep3p2p1richnesscommunity
24.85500111
19.04901012
16.29210013
31.52900.20.824
25.10200.80.225
24.6150.200.826

…
 

…
 

…
 

…
 

…
 

…
 



Analysing the sim0 dataset: simple linear regression

P-valueStd. Error Estimate

p < 0.0011.378114.91Intercept

p < 0.0010.63655.25richness

m1 <- lm(response ~ richness, 
data = sim0)

summary(m1)



Analysing the sim0 dataset: ANOVA model

sim0$communityF <- as.factor(sim0$community)
m2 <- lm(response ~ communityF, data = sim0)
summary(m2)
preds <- predict(m2)
preds[1:16]



Analysing the sim0 dataset: Diversity-Interactions model

P-value Std. Error EstimateSown prop

0.769824.17p1
0.769818.62p2
0.769814.81p3

p < 0.0013.569434.83p1*p2
p < 0.0013.569426.14p1*p3
p < 0.0013.569447.92p2*p3

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

summary(m3)
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Analysing the sim0 dataset: Diversity-Interactions model

P-value Std. Error EstimateSown prop

0.769824.17p1
0.769818.62p2
0.769814.81p3

p < 0.0013.569434.83p1*p2
p < 0.0013.569426.14p1*p3
p < 0.0013.569447.92p2*p3

𝑦 = 𝛽ଵ𝑝ଵ + 𝛽ଶ𝑝ଶ + 𝛽ଷ𝑝ଷ + 𝛿ଵଶ𝑝ଵ𝑝ଶ + 𝛿ଶଷ𝑝ଶ𝑝ଷ + 𝛿ଵଷ𝑝ଵ𝑝ଷ + 𝜀

𝑦 = ෍ 𝛽௜𝑝௜

ଷ

௜ୀଵ

+ ෍ 𝛿௜௝𝑝௜𝑝௝

ଷ

 ௜,௝ୀଵ
 ௜ழ௝

+ 𝜀  ~ IID N(0, 2)



The strength of DI models



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 



Explore the data



Explore the data



Explore the data



Example 2 continued 
Modelling a 4-species BEF dataset

Initial model selection using autoDI



Using autoDI for model selection

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



Using autoDI for model selection

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



Using autoDI for model selection

Models fitted?



Using autoDI for model selection

Models fitted?



Using autoDI for model selection

Models fitted?



Using autoDI for model selection

Models fitted?



Where are we at after using autoDI?

• Theta set to 1
• FG model for species 

interactions 
• Grass-legume, grass-grass, 

legume-legume, 

• No effect of N fertiliser

P-value Std. Error EstimateTerm
<0.0010.48310.9p1_ID
<0.0010.48312.0p2_ID
<0.0010.4836.2p3_ID
<0.0010.4839.5p4_ID
<0.0011.42720.8FG_bfg_GL
<0.0012.87117.6FG_wfg_G

0.0022.8719.0FG_wfg_L

𝑦 = ෍ 𝛽௜𝑝௜

ସ

௜ୀଵ

+ 𝛿ீ௅ ෍ 𝑝௜𝑝௝

 ௜ ∈ {ଵ,ଶ}
 ௝ ∈ {ଷ,ସ}

+ 𝛿ீீ 𝑝ଵ𝑝ଶ + 𝛿௅௅ 𝑝ଷ𝑝ସ + 𝜀  ~ IID N(0, 2)

𝑦 = 𝛽ଵ𝑝ଵ + 𝛽ଶ𝑝ଶ + 𝛽ଷ𝑝ଷ + 𝛽ସ𝑝ସ + 𝛿ீ௅ 𝑝ଵ𝑝ଷ + 𝑝ଵ𝑝ସ + 𝑝ଶ𝑝ଷ + 𝑝ଶ𝑝ସ + 𝛿ீீ 𝑝ଵ𝑝ଶ + 𝛿௅௅ 𝑝ଷ𝑝ସ + 𝜀

Matrix 
notation?



Where are we at after using autoDI?

• Theta set to 1
• FG model for species 

interactions 
• Grass-grass, legume-

legume, grass-legume

• No effect of treatment

Mixtures are equi-proportional here



Where are we at after using autoDI?

P-value Std. Error EstimateTerm
<0.0010.48310.9p1_ID
<0.0010.48312.0p2_ID
<0.0010.4836.2p3_ID
<0.0010.4839.5p4_ID
<0.0011.42720.8FG_bfg_GL
<0.0012.87117.6FG_wfg_GG

0.0022.8719.0FG_wfg_LL

Predicted yield for G1? 
For G1 = 0.5, G2 = 0.5?

Do these change by N level?



Where are we at after using autoDI?

• Theta set to 1
• FG model for species interactions 

• Grass-grass, legume-legume, grass-legume

• No effect of treatment

What else do we 
need to consider?



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:

𝑦 = ෍ 𝛽௜𝑝௜

ସ

௜ୀଵ

+ 𝛿ீ௅ ෍ 𝑝௜𝑝௝

 ௜ ∈ {ଵ,ଶ}
 ௝ ∈ {ଷ,ସ}

+ 𝛿ீீ 𝑝ଵ𝑝ଶ + 𝛿௅௅ 𝑝ଷ𝑝ସ + 𝛼𝑋௥ே + 𝜀

How else might nitrogen be modelled? 

XrN is a dummy variable 
equal to 1 for regular N 

and 0 for low N



Crossing N with all other model terms

DI(y = "response", prop = c("p1", "p2", "p3", "p4"),          
FG = c("G","G","L","L"), DImodel = "FG",          
extra_formula = ~ p1:treatF + p2:treatF + p3:treatF + p4:treatF         
+ bfg_G_L:treatF + wfg_G:treatF + wfg_L:treatF, 
data = data1)



Crossing N with all other model terms

regN estlowN estSown prop
11.779.99p1_ID

12.6811.33p2_ID

6.855.62p3_ID

9.319.65p4_ID

14.6426.98FG_bfg_GL

20.5914.65FG_wfg_GG

7.7210.38FG_wfg_LL

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



Model selection

• Reduce the nitrogen interaction terms in 
the model, removing one non-significant 
term at a time

• Final model: N crossed with p1, p2 and 
the grass-legume interaction term



Example 2 continued 
Modelling a 4-species BEF dataset

Final model equation, different 
parameterisations and diagnostics



Final model coefficient estimates

Reg N EstLow N EstTerm

11.989.78p1

12.8811.12p2

6.236.23p3

9.489.48p4

14.9226.70FG_bfg_GL

17.6217.62FG_wfg_G

9.059.05FG_wfg_L

Different parameterisations?



Final model coefficient estimates

Reg N EstLow N EstTerm

11.989.78p1

12.8811.12p2

6.236.23p3

9.489.48p4

14.9226.70FG_bfg_GL

17.6217.62FG_wfg_G

9.059.05FG_wfg_L

Others?



Final model coefficient estimates

Reg N EstLow N EstTerm

11.989.78p1

12.8811.12p2

6.236.23p3

9.489.48p4

14.9226.70FG_bfg_GL

17.6217.62FG_wfg_G

9.059.05FG_wfg_L

Which parameterisation do you prefer?



Model equation

Let:           𝑝௜ = sown proportion of species 𝑖

𝑦 = 𝛽ଵ𝑝ଵ + 𝛽ଶ𝑝ଶ + 𝛽ଷ𝑝ଷ + 𝛽ସ𝑝ସ + 𝛿ீ௅ FG_bfg_GL + 𝛿ீீ 𝑝ଵ𝑝ଶ + 𝛿௅௅ 𝑝ଷ𝑝ସ

+𝛽ଵ௥ே𝑝ଵ𝑋௥ே + 𝛽ଶ௥ே𝑝ଶ𝑋௥ே + 𝛿ீ௅_௥ே FG_bfg_GL 𝑋௥ே + 𝜀

𝑋௥ே = 1 for regular N and 0 for low N

Matrix 
notation?

 ~ IID N(0, 2)

FG_bfg_GL = 𝑝ଵ𝑝ଷ + 𝑝ଵ𝑝ସ + 𝑝ଶ𝑝ଷ + 𝑝ଶ𝑝ସ



Final model diagnostics



Final model diagnostics



Example 2 continued 
Modelling a 4-species BEF dataset

Predicting from the final model



Predicting from the model

• Grass 1 monoculture low N

• Grass 1 monoculture regular N

• Equi-prop 4-species mix low N

• Equi-prop 4-species mix regular N

EstimateTerm
9.78p1_ID

11.12p2_ID
6.24p3_ID
9.48p4_ID

26.70FG_bfg_G_L

17.62FG_wfg_G
9.05FG_wfg_L
2.20p1:regN
1.76p2:regN

-11.77bfg_G_L:regN

𝑦ො = 9.78

𝑦ො = 9.78 + 2.20 = 11.98

𝑦ො = 9.78 × 0.25 + 11.12 × 0.25 + 6.24 × 0.25 + 9.48 × 0.25
+26.70 × 0.25 + 17.62 × 0.0625 + 9.05 × 0.0625 = 17.49 

𝑦ො = 17.49 + 2.20 × 0.25 + 1.76 × 0.25 − 11.77 × 0.25 = 15.54



Example 2 continued 
Modelling a 4-species BEF dataset

Final model interpretation



Interpreting the final model



Interpreting the final model

Mixtures are equi-proportional here



Interpreting the final model



Interpreting the final model



Interpreting the final model
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Each prediction assumes 
L1:L2 in an equal ratio



Interpreting the final model
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Key messages

• Effect of species diversity? 
• Effect of low versus regular N fertiliser?
• Other? 

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



Final remarks



DImodels website



References for extending DI models

• Repeated measures and a spatial gradient
• Kirwan et al (2007) Journal of Ecology 95, 530–539
• Finn et al (2013) Journal of Applied Ecology 50, 365–375
• Connolly et al (2018) Journal of Applied Ecology 55, 852-862

• Multivariate responses 
• Dooley et al (2015) Ecology Letters 18, 1242-1251
• 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. 


