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id species v
1 Acacia obtusata 11. 67
2 Acacia obtusata 14. 85
3 Acacia obtusata 18.13
4 Acanthus ilicifolius 9
[ Acanthus ilicifolius 6. 8
6 Acanthus ilicifolius 7.3
7 Acer platanoides 6.7
8 Acer platanoides 9.05
9 Acer platanoides 13.8
10 Acer platanoides 29.4
11 Acer platanoides 15.9
12 Acer platanoides 3.9
13 Acer platanoides 24. 75
14 Acer platanoides 3.2
15 Acer platanoides 1.1
16 Acer platanoides 1.3
17 Acer platanoides 1. 05
18 Acer platanoides 0.5
19 Acer platanoides 0. 45
20 Acer platanoides 0.5
21 Acer platanoides 2.1
22 Acer platanoides 24. 4

NA44%: Herbivory sample data
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fmil<-Im(y~1, data=h1)

summary(fm1) %é,@w_‘%ﬁ E‘J%ﬁ Dﬁ

Coefficients:
Estimate Std. Error t value Pr(|t])
(Intercept) 7.3142 0.7372 9.921 2.7e-16 *%=%
Signif. codes: 0 *‘#%%’ Q0,001 ‘*%*’ 0.01 **’ 0.05 “.” 0.1 “ " 1

Residual standard error: 7.185 on 94 degrees of freedom

> mean(hlS$y)
[1] 7.314211

SRR, HR 7 BEEMIMLPERN L !




) J7%2:  ( No-pooling ) o |
SHBE T E—1UMRNEEYY, REERFHERYE
Iibra%yéglyj[)n}:‘ R T 4‘3%)% —‘/\%ﬂxw ﬁg/\/\iﬂ‘l_._
X7 6] Jg— JE K32
1llftfigﬁ—ddply(hl,%(spelcies), summarize, mean=mean(y)) {E %Bﬁl %jj_‘/\)a ('ﬁ;léi‘
HHHIN 5 SR IX LL I E 134 le) , X;J‘J‘U' %iﬁﬁmﬁ@ﬁﬂ q, :[X

fm2<-Im(mean~1, data=h2)

I

summary(fm2) Z_‘/\ F !
'Icz-IC:IFc::rmu'la = mean ~ 1, data = h2) ﬁ j:___%%“ 5%1&9 éfﬁﬁpower?ﬁ%
Residuals:

Min 1o Median 3Q Max
-5.8614 -3.5328 -0.8171 2.2552 9.2211

> mean(h2$mean)

Coefficients:

Estimate Std. Error t value Pr(>|t]) [1] 8.541366
(Intercept) 8.541 1.350 6.327 5.62e-05 ##*
Signif. codes: 0 “#***' 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * " 1

Residual standard error: 4.677 on 11 degrees of freedom
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fm3<-Im(herbivory~species, data=h1)

|

343
116
579
721
619
059
282
169
361
393
576

=, EMln LR AR

COO0O0ODO0ODO0COO0OOD0OO

3.936_0.000172
.182874
.037377
.118248
.007930
109135
.292649
.025058
. 245636
.718979
.018973
.566487

summary(fm3)
call:
Im(formula = herbivory ~ species, data = hl)
Residuals:
Min 1o Median 3Q Max
-10.351 -4.477 -0.900 1.772 22.895
Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 3,782
speciesAcanthus_ilicifolius -7.183 5.348 -1.
speciesAcer_platanoides -8.378 3.960 -2.
speciesAcer_rubrum -7.135 4,520 -1.
speciesAcer_saccharum -11.160 4.102 -2.
speciesAegialitis_annulata -9.683 5.979 -1.
speciesAegiceras_corniculatum -4.905 4.632 -1.
speciesAlepis_flavida -12.203 5.348 -2.
speciesAlnus_glutinosa -6.253 5.348 -1.
speciesAlnus_incana -1.632 4.520 -0.
speciesAlnus_viridis_fruticosa -10.449 4.367 -2.
speciesAngophora_hispida 2.879 5.003 0.
Signif. codes: 0 ‘*%%’ (0,001 ‘%%’ 0.01 ‘%’ 0.05 ‘." 0.

Residual standard error: 6.55 on 83 degrees of freedom

Multiple R-squared:
F-statistic: 2.739 on 11 and 83 DF,

0.2663,
p-value: 0.00453

Adjusted R-squared: 0.
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fmd4<-Im(herbivory~species-1, data=h1)

summary(fm4)
call:

Im(formula = herbivory ~ species - 1, data = hl)

Residuals:

Min 10 Median 3Q Max
-10.351 -4.477 -0.900 1.772 22.895
Coefficients:

Estimate Std. Error t value

speciesAcacia_obtusata 14.883 3.782 3.936
speciesAcanthus_ilicifolius 7.700 3.782  2.036
speciesAcer_platanoides 6.505 1.176 5.529
speciesAcer_rubrum 7.749 2.476  3.130
speciesAcer_saccharum 3.723 1.589 2.344
speciesAegialitis_annulata 5.200 4.632 1.123
speciesAegiceras_corniculatum 9.978 2.674 3.732
speciesAlepis_flavida 2.680 3.782 0.709
speciesAlnus_glutinosa 8.630 3.782  2.282
speciesAlnus_incana 13.251 2.476  5.353
speciesAlnus_viridis_fruticosa 4.434 2.183 2.031
speciesAngophora_hispida 17.762 3.275 5.424
signif. codes: 0 ‘***’ 0,001 ‘**' 0.01 ‘*” 0.05 “.” 0.1 °
Residual standard error: 6.55 on 83 degrees of freedom
Multiple R-squared: 0.6416, Adjusted R-squared: 0.5898

F-statistic: 12.38 on 12 and 83 DF,

p-value: 5.407e-14
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P
0
0
3
0
0
0.
0
0
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7
0
5

rGlel)
.000172
.044922
.64e-07
.002414
.021493
264783
.000347
.480500
.025043
.55e-07
.045449
.64e-07
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library(Ime4)
library(lmerTest)

A2, A [A] R AT A

1B & BN

fm5<-Imer(y~1+(1|species), data=h1)

summary(fm5)

> summary (fm5)

Formula: herbivory ~ 1 + (1 | species)
Data: hl

REML criterion at convergence: 635.6
Scaled residuals:

Min 19 Median 3Q Max
-1.3273 -0.7279 -0.1871 0.3344 3.4661

rRandom effects:

Groups Name Variance Std.Dev.
species (Intercept) 12.21 3.494
Residual 42.94 6.553

Number of obs: 95, groups: species, 12

Fixed effects:

Estimate Std. Error df t value Pr(>|t]|)
6.352 0.000101 ===

(Intercept) 8.305 1.307 9.581

1X

SR |

[
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Linear mixed model fit by REML. t-tests use Satterthwaite's method ['lmerModLmerTest']

Signif. codes: 0 ‘**%*' 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * " 1
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> coef(fm5)
$species

(Intercept)
Acacia_obtusata 11.333372
Acanthus_ilicifolius 8.026300
Acer_platanoides 6.688198
Acer_rubrum 7.934519
Acer_saccharum 4.508216
Aegialitis_annulata 7.179054
Aegiceras_corniculatum 9.359912
Alepis_flavida 5.715187
Alnus_glutinosa 8.454455
Alnus_incana 11.597391
Alnus_viridis_fruticosa 5.521750
Angophora_hispida 13.337888

) [5] 7



Angophora_hispida
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rd1 <- data.frame(model =c('No pooling model’, 'Complete
polling model’, 'Mixed model'),
mean=c(coef(summary(fm1))[1,1],
coef(summary(fm2))[1,1],
coef(summary(fm5))[1,1]),
se=c(coef(summary(fm1))[1,2],
coef(summary(fm2))[1,2],
coef(summary(fm5))[1,2]))
A X A Ot A1
library(ggplot2)
ggplot(rdl, aes(x=model, y=mean)) +
geom_errorbar(aes(ymin=mean-se, ymax=mean+se),
width=0,size=1.5, color="blue") +
geom_point(size=4.5,color="red")+

COOI’d_ﬂIp() + Complete polling model 1

ylab("Estimated parameters (mean, SE)") +

xlab("") +

theme_bw()+

theme(axis.text=element_text(size=12,face="bold"),
axis.title=element_text(size=12,face="bold"))

No pooling model -

Mixed model

7 8 9
Estimated parameters (mean, SE)
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Crossed design Nested design
i Factor 1 {andom) Observati
Factor 1 Factor 2 Observations actor Factor 2 servations
5 | |
W\ - — S
g — |
v' 4 = »".—.; _—— ____
“; = ==
__ — __——
E—— E——
— ——
S ~
Randomized block design Split-plot design
) ) Blocking _
Blocking factor Treatment Observations Treatment 1 a5t Treatment 2 Observations
. —
X - o — - —
X/ S ~ X S
m T = [ N —
g A ./" 9 l.‘{“,
\ " /':‘ \"
3 L NN - — . @A\ ~—
[ =————] =

Schielzeth, H. & Nakagawa, S. Nested by design: model fitting and interpretation in a mixed model era. Methods in
Ecology and Evolution 4, 14-24, doi:https://doi.org/10.1111/j.2041-210x.2012.00251.x (2013).
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(linear (linear mixed
regression model) > BRERIE regression model)
> 0 AN A AT > I (] AH 2 %% P i AR A A
(additive model) PP \ M (additive mixed
S . > _—E‘IE—LH:H% [re—) model)
> AR > B S Ak T
(generalized 7S > MR A A
linear model ) > B & rrfiiggen;ﬂgsld;mear
(generalized SRR R REAL EX L ), B >&é§ﬁ%§%ﬁ%ﬁe
additive model) AR Y TR AR A mixed model)

&2 H Zuur et.al., 2009. Mixed effect models and extensions in Ecology with R
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We then used generalized linear mixed effect models in the R package ‘glmmTMB’to analyze how resource types (i.e.
equid wells, background waters, and dry controls) and environmental variables influenced vertebrate activity. We chose
distributions appropriate for each response variable and nested date within site as a random effect.
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© Carbon loss from boreal forest wildfires offset by

O Increased dominance of deciduous trees
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Michelle C. Mack"23", (® Xanthe J. Walker'-2*4, @ Jill F. Johnstone*>6, ® Heather D. Alexander>"’,

@ + See all authors and affiliations
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We fit linear mixed effects models (LMMS) in R using the package ‘nlme,... We modelled burn depth and % SOL C combusted

as a function of successional trajectory and included a random intercept of fire perimeter (3 levels) to account for spatial non-

independence of sites within each fire.

1) tested the significance of fixed effects and interactions through model reduction using likelihood ratio tests of the full model
against the reduced models and confirmed their importance using Akaike information criteria (AIC) ;

1) visually inspected residual plots to ensure assumptions of heteroscedasticity and normality were met;

1) fit the final model with restricted maximum likelihood;

iv) For the LMM of aboveground C we also included a variance structure (varExp) to account for increasing variance with age
that was apparent in the residuals.

v) calculated marginal R2 (accounting only for fixed effects) and conditional R2 values (accounting for random and fixed
effects) using the package ‘MuMIn’;

vi) completed pairwise comparisons of marginal mean intercepts and slopes for each trajectory using a Tukey-Kramer post hoc
analyses in the ‘emmeans’ package.
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Warming impairs trophic transfer efficiencyinalong-
termfield experiment

Diego R. Barneche, Chris J. Hulatt, Matteo Dossena, Daniel Padfield, Guy Woodward, Mark Trimmer & &
Gabriel Yvon-Durocher

Nature 592, 76-79(2021) | Cite this article A Bayesian hierarchical model, which accounted for repeated measures
6362 Accesses | 410 Altmetric | Metrics throughout the experiment, revealed that...
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Invasiveness is linked to greater commercial success
in the global pet trade

We used a negative binomial generalized linear
mixed model (glmmTMB function in R package
glmmTMB) to test ..., while accounting for species’

Jéréme M. W. Gippet and = Cleo Bertelsmeier
+ See all authors and affiliations

PNAS April 6, 2021 118 (14) e2016337118; https://doi.org/10.1073/pnas. 2016337118 geogr‘a p h | Ca I (0] r|g| N ( | e . | N Wh |Ch ecozone s pecies
Ediztgs[}b)y Nils Chr. Stenseth, University of Oslo, Oslo, Norway, and approved February 11, 2021 (received for review August OCC u r) a n d CO nt ro | | i n : fo r p hyl Oge n et i C effe Cts by

using ants’ superfamily and genus as nested
random effects.
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Global tree intrinsic water use efficiency is enhanced To address this knowledge gap, we used linear mixed

by increased atmospheric CO, and modulated by climate effects (LME) models to examine, with tree species nested

and plant functional types within site as random factors. temporal trends were fit via
Justin M. Mathias and © Richard B. Thomas B restricted maximum likelihood and included a first-order

*See allauhors and afffiatons - *) (1) %) 1£:2 H 16‘%“ autocorrelation structure to account for temporal

PNAS February 16, 2021 118 (7) €2014205118; hits:/dol.org/10.1073/pnas 2014286119 autocorrelation in the chronologies.

Edited by Elizabeth Ainsworth, Agricultural Research Service, Urbana, IL, and approved January 4, 2021 (received for review
July 7, 2020)
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Novel trophic interactions under climate change
promote alpine plant coeX|stence

Patrice Descolzegz OﬁﬁPJﬂZdﬁ 611&]@?4 Emmanuel Defossez®, Alan Kergunteuil®, (© Pierre...

+ See all authors and affiliations

e using a linear mixed-effects model fitted by maximum

v s e v likelihood with the “Ime” function implemented in the R
package nlme. Treatment and the elevation of the site were
set as fixed effects, and site and plot identity as random
effects.
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we applied a multilevel-modelling framework with
group-level effects for ‘region’ to account for the
spatial non-independence of plots within the same
region, using linear mixed-effects
models(LMMs).Goodness-of-fit was determined by
calculating the marginal coefficient of determination
(R-squared) as proposed by Nakagawa & Schielzeth
(55) using the r.squaredGLMM function in the
MuMiIn package (56). The marginal R-squared
describes the variation explained by the fixed factor
only, as opposed to the conditional R-squared, which
describes the variation explained by the fixed and
random factors together
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We used autoregressive mixed effects models to assess...

Mz

mbmamm w-mq Visuallzing 16 radial transhat
mmmnq onthe q";'u pathina 'Eml heamplia. a0

We included a series of random intercepts for: P

We included random slopes for:

dataset \>.. g ’% [ﬁ @~
. . . . ~ p g ' J
study area (in cases when sites were clustered in different study areas of the same dataset) / . N @il ET )
& 3 4

site (the smallest reported sampling unit)
INSECT DEBlINE

within-year time-period (finest resolution: month; when samples were collected
repeatedly within year, nested within dataset). Wy~ ssiroins o Ry

the effect of year (at the levels of dataset, study area and site)

temporal autocorrelation by adding an autoregressive term of order 1 (AR1), on which we
placed a random effect at the site-level to allow site-level variation in the strength of
autocorrelation.

202044 H 242-ScienceF ] Y &=
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© Termites mitigate the effects of drought in tropical
O rainforest

. L. A. Ashton'23" H. M. Griffiths*"", C. L. Parr®>5, T. A. Evans’, R. K. Didham’:3, F. Hasan?, Y. A. Teh%, H. S. Tin'?, C. S. ...

Generalised linear mixed models with a Poisson error

structure were used to test for any effect of termite

suppression on non-target invertebrate abundance within leaf

litter samples. Random slopes models were performed on

each major taxonomic group with year | plot included as

2019$1 H 11H
Science®| [l &

random factors.
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Chen et al.. Science 366, 124-128 {2019)

4 October 2019

Differential soil fungus accumulation and density
dependence of trees in a subtropical forest

Lei Chen’, Nathan G. Swenson?, Niuniu Ji°, Xiangcheng Mi*, Haibao Ren',

Liangdong Guo®, Keping Ma'*
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We examined neighborhood effects on
the...adopting a mixed modelling a,oproach.
We included log-transformed seedling height
and all neighborhood variables in one model
after standardizing as fixed effects, To control for
temporal, spatial and interspecific variation, we
included census year, species identity and 1-m2
seedling]JoIot nested in each census station as
random factors. We also included seedling
individual as a random effect because some
individuals had multiple observations as they
survived multiple intervals, ...Wald’s z test and
likelihood ratio tests (LRTs) were applied to
determine the significant level of fixed and
random effects, as suggested by...
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O The geography of biodiversity change in marine and
P terrestrial assemblages

\gﬂ_#iﬂm E B MA£E =1 B B i HH Polar Temperate Tropical
X I
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Realm
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. -002 0 002
Taxon-level species richness change [log(S)/yr]

We examined geographic patterns of biodiversity change using three
complementary hierarchical linear models. All models included site nested in
region as random effect to account for spatial arrangement and temporal
repetitions per site. Poisson models included an observation-specific random
effect to account for potential overdispersion.

Blowes et al., Science 366, 339-345 (2019) 18 October 2019
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Fig. 2. The proportion of forest species associated with core habitat is
mitigated by historical exposure to disturbance. (A) Estimated proportions
(with 95% confidence intervals) are based on mixed-effects logistic regression
models.The binary disturbance variable (low- versus high-disturbance sites)
indicates whether each of the 73 BIOFRAG datasets comes from a location that
has had high-severity disturbances of any type (glaciation, tropical storms, crown
fires, or >b0% historical forest loss). Numbers of species are shown beside point

R EEEDEE Call =X > §

Extinction filters mediate the global effects of habitat
fragmentation on animals

@ == 11:26

>
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ScienceAAAS

Estimated proportions

(with 95% confidence intervals) are based

on mixed-effects logistic regression
Models..

Betts et al., Science 366, 1236-1239 (2019)

6 December 2019



BIODIVERSITY LOSS
Decline of the North American avifauna

Kenneth V. Rosenberg!?*, Adriaan M. Dokter!, Peter J. Blancher?, John R. Sauer?, Adam C. Smith>,
Paul A. Smith3, Jessica C. Stanton®, Arvind Panjabi’, Laura Helft!, Michael Parr?, Peter P. Marra®+

. c We fitted generalized linear mixed models
3 [Coniental U3, (100% Pacic ~ Cenral  Mississppi  Atlnic . - . -
o ’ ZE using R package Ime4, including radar
o trend " trend - .
1 . i station as a random offset, and region and
) . : . ) i i
S ] i the interaction year:region as fixed effects...
W mn oam as an p<005|:83(])1
Year '
\ﬂ)ﬂ_#iﬂm BE BfF M2 Ky BE ®HE N Model® Formula AIC df
5 index - region + year:flyway + (1 | radar) + dualpol” 338 11 a
i, 6 index ~ region + year:flyway + (1 | radar) + mode* 340 12 a
7 Index ~ region + year:flyway + (1 | radar) + superres 343 I1 b
N A,,\/‘ Sz U e 8 Index ~ region + vear:flyway + (1 | radar) 361 10 ¢
R VSN *Family=Gamma(link=log)

mode is a factor variable with levels “legacy”, “superres” and “dualpol”, distinguishing the three time periods in

Fevs which the radar acquired legacy, super-resolution and dual-polarization data. Note that the dual-polarization upgrade
(B2 21 2019 FE "+ARE" 5

“MMBE” Models significantly different according to a
BERATA 20191220 164413 Chi-squared likelihood ratio test are labelled by different
letters

“IQRBH” Z2—
Rosenberg et al., Science 366, 120-124 (2019) 4 October 2019
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Modern mixed effect models offer an unprecedented
opportunity to explore complex biological problems by
explicitly modelling non-Normal data structures and/or
nonindependence among observational units. However, the
LMM and GLMM toolset should be used with caution.

Harrison, X. A., L. Donaldson, M. E. Correa-Cano, J. Evans, D. N. Fisher, C. E. D. Goodwin,
B. S. Robinson, D. J. Hodgson, and R. Inger. 2018. A brief introduction to mixed
effects modelling and multi-model inference in ecology. Peer) 6:€4794.
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Arngvist, G. 2020. Mixed models offer no freedom from degrees of freedom. Trends in
Ecology & Evolution 35:329-335.

Silk, M. J., X. A. Harrison, and D. J. Hodgson. 2020. Perils and pitfalls of mixed-effects
regression models in biology. PeerJ 8:€9522.

Harrison, X. A., L. Donaldson, M. E. Correa-Cano, J. Evans, D. N. Fisher, C. E. D. Goodwin,
B. S. Robinson, D. J. Hodgson, and R. Inger. 2018. A brief introduction to mixed effects
modelling and multi-model inference in ecology. PeerJ) 6:e4794.

Zuur, A. F. and E. N. leno. 2016. A protocol for conducting and presenting results of
regression-type analyses. Methods in Ecology and Evolution 7:636-645.

Bolker, B. M., M. E. Brooks, C. J. Clark, S. W. Geange, J. R. Poulsen, M. H. H. Stevens, and
J.-S. S. White. 2009. Generalized linear mixed models: a practical guide for ecology and
evolution. Trends in Ecology & Evolution 24:127-135.

Zuur, A. F,, E. N. leno, and C. S. Elphick. 2010. A protocol for data exploration to avoid
common statistical problems. Methods in Ecology and Evolution 1:3-14.

Generalized linear mixed models: a practical guide for ecology and evolution [PDF] u-psud.fr
BM Bolker, ME Brooks, CJ Clark, SW Geange... - Trends in ecology & ..., 2009 - Elsevier

How should ecologists and evolutionary biologists analyze nonnormal data that involve

random effects? Nonnormal data such as counts or proportions often defy classical statistical

procedures. Generalized linear mixed models (GLMMs) provide a more flexible approach for

analyzing nonnormal data when random effects are present. The explosion of research on

GLMMs in the last decade has generated considerable uncertainty for practitioners in

ecology and evolution. Despite the availability of accurate techniques for estimating GLMM ...
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I SR e Wak i —or J= (i)

— RIKZ data

Beach 1 Beach?2 | .l Beach 9
5 /f‘_'_‘_F/ : — — i /——/ -
E‘tg.l 5 BSIH / Site 5 E‘te 1 ﬂ Site 5
1te } . . .
. Site 4 Site 2 | Site 4 Site 2 Site 4
Site 3 Site 3 Site 3

Mixed effect models and extensions in Ecology with R
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A SIMPLE PSEUDOREPLICATION

/o) H —SEIG BTN A

Y{ Y Y3 Y,

B. SACRIFICIAL PSEUDOREPLICATION
Y ° [

X1 X3 5}1 ‘Yz )"(3 ;<4 BIfs §’4

C. TEMPORAL PSEUDOREPLICATION

BE SR A ML

il

X X3 Xa
R ok g
. . -
time > Hurlbert, S. H. 1984. Pseudoreplication and the design of ecological
field experiments. Ecological Monographs 54:187-211.
® ® ® ® . \
: ,1 } ; 202155 H75, 92031k 5|
Y1 yz ya yd
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* Mixed effect model/ Multilevel model/Hierarchical model
o ZVERAL(BEE, R ONER, [HEE)
yi=a+pXt+e
o« AR CREAL AR

Vi = oy + Brp + €
RS RNV (BENLRER, BENLUE R A )
Yi = o + B + €




BERA AT AMES
u%mﬁﬁ@‘*ﬁiiéﬁ%
+ B X NAP;; + €;;

/ R ——

FH (BEER FEHLR R AP A4 | % (BEERL
(FENLRR)

> Wi TR & (UnBeach) ARk, HAE~ N(0, sd?)
> RloAx MIIENZ, T7ZEN sd” B IEZS7)A




RS BNAR R ([ R +BEN =T’ 5)

yij :,LL+OCJ-+,Bin +€ji

= HH OC]-NN(O, Sdz)} Eji NN(O, (52)

AEMT LS R

%_‘J% yji = int; + B * xj; + &; 8~N(0, 02)
w2 int=uta;, 0,~N(0, sd?)

Mixed effect model = multilevel model = Hierarchical model
=Nested model
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shrinkage

SHRINKAGE Globe mean

¢ Random effects assume each observation is drawn from a
grand mean
Group mean
e This we can draw strength from samples in other groups to

estimate a group mean

1kgroup mean HIff11HE [Figloabe

¢ |t reduces variance between groups by biasing results Mean 223
towards grand mean

https://biol609.github.io/lectures/07_random_effects.html#/shrinkage



A shrinkage %

A R S B 5 o
FRAE Ry Y= Pi¥i + (1 —p;)7

where p; is the shrinkage coefficient

/////%MWmﬁﬁmﬁﬁ

il RNy 2

shrinkage &% Pj = ‘7_2 4 o2
nj. ——— FEALN AL TKFi IR A E

Where 72 is the variance of the random effect, and nj is the
group sample size

n; 8K, shrinkage R/, X group; WINERIMETHRBEE R H & 391E,
n;/), shrinkage REBK, it group; (MIERMETHBUREEIL S /4E (globe mean)

https://biol609.github.io/lectures/07 _random_effects.html#/shrunken-group-mean---note-influence-of-sample-size
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Complete pooling
ol

D
=

8

MR ZH TSR

AITKIN

ISy

KOOCHICHING

\ LAC QUI PARL%

CLAY

STEARNS

RAMSEY

%=

2L T compelete-
poolingflno-pooling Z[8], FrPAE NTE[{E

DOUGLAS

ST LOUIs

Data analysis using regression and multilevel/hierarchical models,

p257
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Il T 5
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/—,— RIKZ data L
> cac < >
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Beach 1J< > Beach ©
Ey? — I site 5 [Site 14— _‘/ﬂ e s |
- J—‘ 2 e - S
Site 2 Site 4 Site = Site 4

Site 3 Site 3




R R A EIEAN
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»Silk, M. J., Harrison, X. A. & Hodgson, D. J. Perils and pitfalls of mixed-
effects regression models in biology. PeerJ) 8, 9522,
doi:10.7717/peerj.9522 (2020).

»Arnqgvist, G. Mixed models offer no freedom from degrees of freedom.
Trends Ecol. Evol. 35, 329-335 (2020).

»Harrison, X. A. et al. A brief introduction to mixed effects modelling and

(rgglltéig-)model inference in ecology. PeerJ 6, e4794, doi:10.7717/peerj.4794

»Gomes, D. G. E. Including random effects in statistical models in ecology:
fewer than five levels? bioRxiv, 2021.2004.2011.439357,
doi:10.1101/2021.04.11.439357 (2021).




Mixed model 5Im model K] £

R e AR, IRERNAEEETR S

> BN RN BB 7KE S
ZNERE 58 A [F] ﬁﬁﬁﬁfﬁ?
TR AN ] 5 22 T8 PR AN JHUST [a] 780

17

K H T EELRN, Y [7] — A

> U & B R U 52, BEALIEE 140 N, EXFEE A

AT 1 — IR & = AL 3 &

ﬂf

=P

— R
2

=18
T%mixxﬁT—ﬁmﬁ)

X3 A b v BN Y BERL

IR S BN F— 6] (RIREPLR R K




| N 2 TR A
(EN=SEIVEY |

= R Rt IS U RS

S8
/)N 3fe vk
B RAIARYE (maximum likelihood, ML)

BIR fi1] 14 e RARL A2
(restricted maximum likelihood, REML)

[Laplace approximation, Penalized
R quasi—likelihoodZs

mHEyE (Markov chain Monte Carlo)



Linear mixed effect model =& 11
B ARAASRYE (ML) -5 BR 5l P KSR (REML)

S | 2R Ay (E O ME =R A

) Mean=0.5, 1531|5341 W11

f}(}/f-Xf-a- /B.CT)Z C :_203

AU A WL 1
el Sy
FUR F) 2 K 1

LLIR{E (likelihood value) :
25 B ZEUNx, B 20 W 21 1

S

EHIMER

y

IFNIVEZSERIVINE

B il 1 B RABAIRYZE (REMIL)

(ERApURELPONE

ZHNTERT,
25 FE X, 19 21 2 5 Brout ) 2]
HAS 24 B 0 20 By B I RE 2 B K

ZH
AT TR IE.

L_a



Linear mixed effect model=EufttT 5

BRANAIRTE (ML) -

—

>

5 PR

i] B KPRV (REML)

>IN R ZE A BN, PR (BESOL S E R AL 50 BB
/N AR S R KIRIA I B4

ﬁﬁﬁﬂ

SRS, IR
R (BN N K P

éﬂﬂ%ﬁ@iXREML.

), HfFE RS A, B4,

% B A LR Eﬁ%

ﬁ%ﬁ7

CEAME) , AR
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Should | use aov (), nlme, Or 1me4, or some other package?

e aov() (inthe stats package in base R: balanced, orthogonal designs only (R analogue of SAS PROC GLM)
* nime (analogue of SAS PROC MIXED / NLMIXED )
o allows more complex designs than aov (Unbalanced, heteroscedasticity and/or correlation among residual errors)
o more mature than 1med
o well-documented (Pinheiro and Bates 2000)
o implements R-side effects (heteroscedasticity and correlation
o estimates “denominator degrees of freedom” for F' statistics, and hence p values, for LMMs (but see above)
* Ime4 (also SAS PROC MIXED / NLMIXED ):
fastest
best for crossed designs (although they are possible in 1me )
GLMMs
cutting-edge (for better or worse!)
likelihood profiles
use 1med for GLMMs, or if you have big data (thousands to tens of thousands of records)

o

]

o

]

o

]

https://bbolker.github.io/mixedmodels-misc/gimmFAQ.html



R RNARBL N 57 (Imedfl)

2 I R AR

mO<-Im(Richness~”NAP,data=RIKZ)

HHVR S

##med £ --FEA LR B 1Y,

ml<-Imer(Richn
m1l_1<-Imer(Ric

m1l_ 2<-Imer(Ric

ess*NAP+(1|fBeach),data=RIKZ, REML=T )
nness~NAP+(1|fBeach),data=RIKZ)
nness~NAP+(1|fBeach),data=RIKZ, REML=F)

i Imed tl--FEALEEE, FENLARL ST
ml<-Imer(Richness*NAP+(NAP |fBeach),data=RIKZ)

Bates, D., M. M£échler, B. Bolker, and S. Walker. 2015. Fitting Linear Mixed- Effects Models using Ime4.
Journal of Statistical Software 67:1-48. #£2021F5H7H 2.4 5| FH35971ik (HEKFA)



AN 5 (nimef)

HtnIme £ (BE L AU 5 1Y)

mO00<-Ime(Richness~NAP, random=~1|Sample,data=RIKZ, method=“REML")
HHBE LR, BEHLRER A

mOO0<-Ime(Richness~NAP, random="NAP |Sample, data=RIKZ)

i 0] L, 1 B A YR BEATL AN AT T K

the R Development Core Team (2013) nlme: linear and nonlinear mixed effects models
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Formula Alternative Meaning

(tlg) 1+(1lg) Random intercept with fixed mean AT 23 2 A A

Otoffset(0)t(tlg) -1toffset(o)+(tlg) Random intercept with a priori means

(11g1/g2) (11g1)+(tlgl:g2)  Intercept varying among g1 and g2 within gl #kRFpt % g1, LA R ETEGL T 1g2 M ANIA] T AR 4L
(tIgh+(1lg2)  1+(tg)+(tlg2)  Intercept varying among g1 and g2 B gl 5 g2 AR A4,

xt(xlg) tx+(1txlg) Correlated random intercept and slope e ATL A L BB ATL AR e A A

x+(x|[g) t+x+(1]g)+(0+xlg)  Uncorrelated random intercept and slope  FEAL#EE HEEHLRIZRAEAY, (H =38 AHH ¢

gl/g2: WANFENLINZR, gl WKL, g2 N/NEAL, g2ikE T gl



Mixed effect model—

(nested random effect structure)
/azf“ﬁnﬁ'éllﬁm%&r“ TRATEM N B4 HIE

W W W WWWWNNNNNNNNNRRRRRRRR

[N

NN NOCOOOODO”T U U B BB, PRPRWWWNNNNNER

(1 | school/class) % [A]

j<

AclassH) 44 71

AN

—'3%7*2?}

U BE LR N,

T (1| school)+(1]class)

5| ) schoolH

X HEA,

XFEDL T, KRE A classHIEHE B 31400

kBT

iy

EX

5] —schoolZ. .
EATAI I school N, classifin 44 %A E

u.ul\

v

%k E  (1|family/genus/species)

A BEHL B R K AT — e 2



Mixed effect model—73Z X Y FE LR N, 45 14

« BENLRILN. 2 [B] ToAB Mk B o R
o NADFRRNHL 5

(1|site) + (1|species)



Linear mixed effect model—

BEHLER RS (Random intercept model)

ml<-Imer(Richness*NAP+(1|fBeach),data=RIKZ)

FAEKIBeachN, Richness 5NAPHE IH% & |
BEEAR, EFAZRNMEF




Sl 5 HEREML

ISYEN SN

[l & RN

R P18 P i) ) A SR A

> ##1) AL R
> ml<-Tmer(Richness~NAP+(1|fBeach),data=RIKZ)
> summary (ml)

Linear mixed effect model—[E 2R R A RY 25 S A2

Linear mixed model fit by REML. t-tests use Satterthwaite's method ['ImerModLmerTest']

Formula: Richness ~ NAP + (1 | fBeach)
Data: RIKZ

REML criterion at convergence: 239.5

scaled residuals: %% Eﬁﬁﬁ%ﬁ

Min 10 Median Max
-1.4228 -0.4848 -0.1576 0. 2519 3.9794

Random effects:
Groups Name variance Std.Dev.

fBeach  (Intercept) 8.668 2.944 B AL RS (3 M )i il P T 22 S SD
Residual 9.362  3.060 Y 2 1) 5 % JeSD
Number of obs: 45, groups: fBeach, 9 REATL N ) 7K £

RENLBN 745 R

Est‘imate std. Error df t value Pr(>|t]) [ iE R LS4 I‘[ﬁﬂu}fﬁbootﬁii
(Intercept) 6.5819 1.0958 8.3487 6.007 0.000271 *** (FEMHR) 5 4 3
NAP -2.5684 0.4947 37.0388 -5.192 7.77e-06 *** fR o =R 2R :%‘f%@ﬂ?%{{ﬁﬂ‘ﬁ‘]
--- T-test ®B BfRXM
Signif. codes: 0 ‘#**’ Q0,001 ‘**' 0.01 ‘*’ 0.05 “.” 0.1 * " 1 I
Corrﬂi:’q;n of Fixed Effects: ,u\ﬁleJ:Rlchness %DNAPEV]?%? ‘\
NAP -0.157 Richness=6.5819-2.5684*NAP

[l S ML 7 45 R



Linear mixed effect model— & H1 AR EE A Y
B 50X N

> fixef(ml)

(Intercept) NAP > ranef(ml)

6.5@}893 -2.568400+ $fBeach

[ > (Intercept)

‘ 1 2.621519

1 — . 12 5.199608

4 -2.275618

- ~ 2\. 2 5 1.950179

=H HH . L~ 6 -1.629402

H Ha, N(0, sd®); &;; ~N(0, © ) 6 -1.629402

8 -1.061665

Random effects: 9 -0.423364
Groups Name variance Std.Dev. f
fBeach (Intercept) 8.668+—2.944«—— !
Residual 9. 352<—T—3 060+ :

EAFRHEME (beach) b, BERNZRAFEIIMEN0, FTENCHIE



W8] UL bootyk B #11H € Z E 1) B 1

cl <- confint(m1,method="boot", nsim = 1000)
cl

A TN

—
—

-

— A \

X [H]

> cl

2.5 % 97.5 %
.51g01 1.092816 4.670959
.sigma 2.301077 3.757961
(Intercept) 4.560886 8.753053
NAP -3.477531 -1.565256

boot: 3 KA b 2 1 BE



Linear mixed effect model—BEHEFE
PR DL ER 755 FRAE B

library(sjPlot)
0T AL RN AR K]
plot_model(m1, type='re')
0 [ 72 RNAE K]
plot_model(m1, type = "eff",
terms = "NAP")

> ranef(ml)

$fBeach

(Intercept)

1 2.621519

2 5.199608

3 -2.615780

4 -2.275618

5 1.950179

6 -1.629402

7 -1.765477

8 -1.061665

9 -0.423364

Random effects




Linear mixed effect model—FE AR EE ALY
—-BENLEEE = X

> ranef(ml)

$fBeach
(Intercept)
2.621519+6.581893 ~ .

5.199608+6.581893
-2.615780+6.581893 S *

-2.275618 +6,581893
.950179+6.581893
-1.629402 +6.581893

-1.765477 +6.581893
-1.061665+6.581893
_0.423364+6.581893

20

O oo~NoOu b WKN
|_l

Richness

- -

0 > ﬁ xef(ml) .
[ (Intercept) jm == ==NAP
\\\ 6.581893 A -2.568400

—
___—__ uw -

-~ -




Linear mixed effect model—FEHLEFEA
—-BE M1 B R K

Hcoefm® BHEBELEANRFENLALNY GEME)

KF TR, RichnessHINAP{X &
> coet(ml)

$fBeach
(Intercept)
9.
11.
.966110
.306272
.532074
. 952488
.816414
.520227
.158528

O oo~ wv b wM B

o) QLW o [ N N o T N Y

203415
781507

NAP

.568399
.568399
-2.
.568399
.568399
.568399
.568399
.568399
.568399

568399

Richness

E'\X

LAY

gl:g% ’ 4@\%—[: ’
RichnessFINAPHI R &R

B2, AFEFENLR
RichnessFINAPH]

UMLK

R AR

NAP



Linear mixed effect model— &1 #&% FE ALY
ZHREE (BN

HHEE N AE S, LIS AR BENAP

new_NAP<-data.frame(NAP=seq(-1.336,2.2550,length=1000)) o |
###F predictiy 2B 2|52k, Bl 5NAPXT M HIRichness{E - ¢
pred_R<-predict(m1,newdata=new_NAP, re.form="0) ¢
#t# Fl bootMer 8 B & & 11195% B 5 X [7] ]
ci_line<-bootMer(m1,FUN=function(.) % ..
predict(.,newdata=new_NAP, = - o .

re.form=~0),nsim=1000) é - 7 ““4__‘_%_: e .
ci_R<-apply(ci_lineSt,2,function(x) x[order(x)][c(25,975)]) S ‘_Hi'“wh ' ¢
lb_R<-ci_R[1,] o e
ub_R<-ci_R[2,] St e e T ‘
plot(Richness*NAP,data=RIKZ,col=fBeach, pch=19) .(. E-:"“‘“xq
lines(new_NAPSNAP,pred_R,lwd=1,col="red") ° *

Iines(new_NAPSNAP,Ib_R,Ity=2,coI="red") 10 05 00 05 10 15 20

lines(new_NAPSNAP,ub_R,Ity=2,col="red")
NAP



Linear mixed effect model 4t SEAE B — J77E2

—-add_cifiT &
library(ciTools)
RIKZ<-RIKZ[order(RIKZ$NAP),] S .
plot(Richness~NAP,data=RIKZ,col=fBeach, pch=19) o

15

mm1l_ci<-add_ci(RIKZ, m1, alpha = 0.05, type =
"parametric”,names = c("lwr", "upr"), includeRanef
=F, nSims = 1000)

lines(mm1_ CiISNAP, mm1_ci$pred, col = "blue", Iwd
= 1,Ity="solid")

lines(mm1_ci$NAP, mm1_ci$upr, col = "blue", lwd = “
1,lty="dotted")

lines(mm1_ci$NAP, mm1_ci$lwr, col ="blue", lwd =
1,lty="dotted") < et

Richness
10

type = “parametric R g8 F T REVLEBERR A, type=“boot” FFAJ LA



Richness

20

15

10

LMMAR RT3 —RAV G TH R R AR

2k: ZibBEaRA

LAY (Imnm) A — R £ 44 8] V3 (Im) B 45 - % BB

R — R AR R



Linear mixed effect model—PEA L& FE AL RY
AU R?

> library (MuMIn)
> r.squaredGLMM(ml)

Richness
R 2 m R 2 C Predictors Estimates I p

0.2656394 0.6186737 (Intercept 658 443-873 <0.001

NAP 257  -3.54—-1.60 <0.001
R2m (marginal RZ) . Random Effects E;:%raclass—Correlation Co:ffficient(, )

2 2 G2 9.36 yR/9Jvariance partition coefficient (vpc

T [ E ARG ZEEE'GR 00 Besc sor TREAAUBENLA A R, BEHLARE
R2c (conditionl R7): cc oas  FAIJ7 2T o O HL TR
[ 52 20 N A FENL N TL[E) 35 B R2 Nsea o 1CC=8.67/(8.67+9.36)=0.48

Observations 45

Marginal R2 / Conditional R2  0.266 / 0.619

Nakagawa, S. and H. Schielzeth. 2013. A general and simple method for obtaining R2 from generalized linear mixed-
effects models. Methods in Ecology and Evolution 4:133-142,

# £20204E11 H20H S8 51 F5782k (BHRZEAD



Linear mixed effect model—PE 2% BB ALY
L R HIR

Richness N ) 322 2

tab_model(m1)

Predictors Estimates 95%, % % 7‘ I‘E—l‘l
(Intercept) Y EH——6.58  4.43-8.73 | <0.001
NAP %«Pi\’z 57  -3.54—-1.60| <0.001 | B
Richness=6.58-2.57*NAP
Random Effects
g2 Q.36 %%E‘Jﬁ%
T00 fBeach ——— 8.67< BE LN, (beach)i& B 7 2
ICC fBeach 048 BEAL 3R BLIE F ) T 22 1E i B LT 22
Observations ys FTHT i FE%<=8.67/(8.67+9.36)

Marginal R2 / Conditional R2  0.266 / 0.619  ([&] 52 %S I R2 /(8] 72 25 S+ BE LA IR )
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bbb

— gL

> B LN ]
JHEE R 5

> mO<-1m(Richness~NAP,data=RIKZ)
> summary(mO)

call:
ITm(formula = Richness ~ NAP, data = RIKZ)
Residuals:

Min 1@ Median 3Q Max
-5.0675 -2.7607 -0.8029 1.3534 13.8723

Hog a4
ST U — AR I A 5

> m00<-1me(Richness~NAP, random=~1|Sample,data=RIKZ)

> summary(m00)
Linear mixed-effects model fit by REML
Data: RIKZ
AIC BIC TogLik
260.201 267.2458 -126.1005

Random effects:
Formula: ~1 | sample
(Intercept) Residual

SstdbDev: 3.895063 1.460648

coefficients:

Estimate std. Error t value Pr(>|t]|)
(Intercept) 6.6857 0.6578 10.164 5.25e-13
NAP -2.8669 0.6307 -4.545 4.42e-05

ala wls wla
R W
ale wle wls
n R W

Richness ~ NAP
value std.Error DF

Fixed effects:
t-value p-value

(Intercept) 6.685662 0.6577579 43 10.164320 0
NAP -2.866853 0.6307186 43 -4.545376 0
correlation:

(Intr)
NAP -0.333

ER:

Imed™, JCIEHATHENN KN KERE - MEKEHE




Linear mixed effect model—

E LR N H S 2 A

> mO0<-Tm(Richness~NAP, data = RIKZ)

> ml00<-Tme(Richness~NAP, random =~1|fBeach,data =RIKZ,method="ML")
> exactLRT(m=m100, mO=m000)

No restrictions on fixed effects. REML-based inference preferable.

simulated finite sample distribution of LRT. (p-value based on 10000
simulated values)

data:
LRT = 12.124, p-value = 2e-04 ‘ A N L = i = g
I BEHL RN, Joa A A 22 5 . 2
> ALC (mD y mlDDj we added random effects for region on ... To test whether
df ATIC region had a significant effect on the slope of ..., we used the
function exactLRT from package RLRsim (Sirami et al. 2019,
mO 3 259.9535 i) PRsEs

ml00 4 249.8291

Sirami, C. et al. Proc. Natl. Acad. Sci. USA, 201906419, doi:10.1073/pnas.1906419116



Linear mixed effect model—PEN 2R FE

--ﬁﬂi’)ﬂﬁ

fitted vs residual

Z M2 W 7%

LAY

Normal Q-Q Plot

plot(m1) o 2
qgnorm(residuals(m1)) :
L 3 "
hist(residuals(m1)) g ” g
plot(m1, type = ¢("p", "smooth"), id = 0.05) HE i s
plot(m1, abs(resid(.)) ~ fitted(.), type=c('p’, 'smooth')) 2
5 0 1
0 5 1‘0 1‘5 Theoretical Quantiles
fitted(.)
Histogram of residuals(m1) ‘
§ 2
S 10 7
" . =
3 b 3 6
o J T ——— — “*;“ K a o fﬁ PN S a—
5 0 &1) 10 ' i ’v
residuals(m1) ftted() fitted()

AR I B AR




chness

Linear mixed effect model—

FED LA H B LA R AR R

Random intercept model

NAP

AR 252 5 AT LL IR VR R EE LI B e ?

Random intercept and slope model

m2<-lmer(Richness*NAP+(NAP | fBeach),data=RIKZ)

AN FIBeach Y, Richness 5NAPH ][R H < &R
AR AN R R I AN ]



Linear mixed effect model—FENLEEE . BEVLEI AT

AEIHIfBeachN, NAPXTRichnessEZ N K2R IR A1 R 2R ARG 24
m2<-Imer(Richness*NAP+(NAP |fBeach),data=RIKZ)
summary(m?2) S D aarer g chness—naPs (naP | Feeach)  data—nxie)

Linear mixed model it by REML. T-Tests wse Satterthwaite’'s method [ ITmerModLimerTest ™ ]
Formula: rRichness — MaP + {(MNaP | feBeach)

anova(m?2) pata: RIKZ

REML cCcriterion at conwvergence: 232.4

b |

Scaled residuals:
M 10 mMedd an Ele] Mo
-1.82123 —-0.2411 -0O.1a75 . 1921 Z.0ZFz97

\ : d F :
&ﬁi&%%ﬁﬁ “\-\Egﬂeﬂgii\*ﬁgﬁi variance std.Dewv. Corr
fbL % ———Fesach Etercepey Y180 5113 T

Resdidual 7. 305 2.703

Number of obs: 45 roups : feeach 9 -‘~§‘~§‘~§§§~* \ AN N
S ’ S AL R R AL AR PR 2 T (R A SR

Fixed effects:

EstTimate s5td. Error df € wvalue Pri=|tT|>
(Interceptl) 6. 5887 1.2a648 F.571S5 5.209 O.0009a8 w5 %
MAP —2. 83200 Q. 7229 5. 6942 —3.915 OQO.00B705 %=
Signift. codes: 0 feew=? O Q01 et Q.01 e QO.05% .7 oO.1 ¢ T

Ccorrelation of Fixed Effects:
CINntr)

MAaPp —0O. B19

= anowal{m2)

Type IITI Aanalysis of wariance Table with Satterthwaite's method
Sum S5gq Mean Sq NumbDF DenDF F wvaluse Pr{=FD)

MaPr 111 .95 111. 95 1 5.a942 15. 224 0O.00B705 %=

Signift. codes: O fwssT 0,001 %% 0,01 "= 0O0.05 ‘.7 Oo.1 ° " 1



K FH ImerTest::anova i Hxy 52 i 2. 25 4 -
JE 11 5% B Satterthwaite approximation ¥4k & 53

> anova(m2, type="2")

Type II Analysis of variance Table with Satterthwaite’'s method
sum Sq Mean Sgq NumDF DenDF F value Pr(>F)

NAP 111.95 111.95 1 5.6942 15.324 0.008705 *=*

Signif. codes: 0 “*%%*’ 0.001 “**’ 0.01 **’ 0.05 “.” 0.1 * " 1

FEG A BRI - BF H S, AT RIREALAON 4500 i B A2 & A P
Ba AP EcE ) RS AY, anovafi& A, A LLi%kHlog likelihood ratio test (LRT)
Kk I S R 2R 0w M, (HLRTHY A A TR A B RN, BENLRAN W B BB 1G22 i 2B

Arnqvist, G. 2020. Mixed models offer no freedom from degrees of freedom.
Trends in Ecology & Evolution 35:329-335.



K H car::Anova ¥ A x by 2 i) 2 22 14

F&£ i+ %% F Kenward-Roger approximation v &

> library(car)
> Anova(m2, test.statistic = "F")
Analysis of Deviance Table (Type II wald F tests with Kenward-Roger df)

Response: Richness
F Df Df.res Pr(>F)
NAP 14.804 1 7.7509 0.005197 **

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * " 1

N



plot_model(m?2, type = "re")

Linear mixed effect model—

FENLARE . FEALAIRRAIRIE X

= ## T HE|EM RS HE

= Fixef(m2)

(Intercept) NAP
6. 588703 -2. 8300286

> ranef(m2)
{fBeach

b [ e T TR =S U R N I

o Ce

(Intercept) NAP
1.8323466 -0, 8262550
7747956 -2.7068019
-2.7820616 1.3243100
-3.0262829 1.4440640
4,.6114353 -2.3072473
-2.1624277 1.0543432
-2, 5057621 1.1857008
-1.4888102 0.723169%4
-0.2532329 0.1087167

NAP Xfrichness B2 |

Random effects

mOsE AR
ol )
| ||
e |
. |
JEEN
e L



FEALRON 2 157 H

> Tibrary(performance)

> result <- check_normality(m2, effects = "random™)

Group: fBeach

(Intercept) OK: random effects appear as normally distributed (p
NAP OK: random effects appear as normally distributed (p

> plot(result)

A0 AE SE B L AR s L

0.063).
0.051).

RE Quantiles

AR A L

Normality of Random Effects (fBeach)
Dots should be plotted along the line

—

| —a

IV A\

(Intercept)

RANAR ?

7] ‘

NAP

Theoretical Quantiles




Linear mixed effect model—
FEPLEEE . FENLAREE R X

Hcoefin & EIEAERENLNY. GREMED AFRKFET,
Richness FINAP [l 4% &

> coef(m2) s et
$f%§ﬁ§2 rcept) NAP ; RichnessHINAPH] R &
8.421 -3.656 o _
12.363 -5.537
.807 -1.506
.562 -1.386
.200 -5.137
426 -1.776 © _ __
.083 -1.644 g
.100 -2.107 o e

Richness

WO o0~ OYywu B DWW N =
|_1
Syl =W

.335 -2.721 S e | W s o



Linear mixed effect model—

FEDLEEE . BEMLRIERR

LR PR 45 R 3R

tab_model(m2)

Richness
Predictors Estimates 1 P
(Intercept) 6.59 4.11-9.07 <0.001
NAP -2.83  -4.25--1.41 <0.001
md rginal Rz : Random Effects
FH T [ 7 20N 38 S P R 2 02 730 BREWITE
conditionl R?: 700 Beach 12.63 BEHLARBE I B 7 2
TE RN AL RNV AL [FIIE BCHIR? T11 Beach N 294 FRALGFERITE
P01 fBeach -0.99 Bﬁ*ﬂé&ﬁﬁﬂzu Eiﬁm%‘*%zrm E@*B 9%‘@5
ICC 0.61 jcc= (12.63+2.94/(12.63+2.94+7.30)=0.61
N Beach O BENRIHIA TR

Observations

45

Marginal R2 / Conditional R2  0.295/0.728



Linear mixed effept model—
SER LG . PEAL R SRR SRR N 25 RAE

new_ NAP<-data.frame(NAP=seq(-1.336,2.2550,length=1000))
#Htpredictiy & SbootMerdr &G &

x

Random intercept,random slope model

pred_R2<-predict(m2, newdata=new_NAP, re.form=~0)

ci_line2<-bootMer(m2,FUN=function(.) & -
predict(.,newdata=new_NAP,

re.form=~0),nsim=1000)
ci_R2<-apply(ci_line2$t,2,function(x) x[order(x)][c(25,975)])
Ib R2<-ci_R2[1,]
ub_R2<-ci_R2[2,]
plot(Richness~NAP,data=RIKZ,col=fBeach, pch=19)
lines(new_NAP$NAP,pred_R2,Iwd=1,col="red") o
lines(new _NAPS$NAP,Ib_R2,1ty=2,col="red")
lines(new_NAPS$NAP,ub_R2,Ity=2,col="red")

15

Richness
10

title("Random intercept,random slope model*) ' ! ! I | | =

NAP

X 3] 5 R 1R 1



Linear mixed effect model—

FERLAURE . BEVLAIR R —FENL A 045 RAE &

S LA A BEATL R R 2 TR AR ST

AT BLE 2 REALBRE A 2R 2 [B] B A AR SR 1k

Then, we added random effects for region on.... We assumed that
the effects of region on the intercept and slopes were uncorrelated
(Sirami et al. 2019, PNAS).

Richness

BE N R I B = H (x|Region) 224 (1|Region)+(0+x|Region) B[l 7]

NAP

rRandom effects:

Groups Name variance std.pbev. cCorr

fBeach (Intercept) 12.596 3.549 . . . .

e tat o AR e~ R et Sirami, C. et al. Increasing crop heterogeneity enhances
FRUSREEHRANaL S5 GUORPRE T EDRRER IS \ multitrophic diversity across agricultural regions. Proc. Natl. Acad.

Sci. USA, 201906419, doi:10.1073/pnas.1906419116 (2019).



Richness

RGNV, INANAS [ AN € 14

T OMEEME . © EREdERE -  [EE+BENL [E 5 +BEHL+ 2

Y L 4
20 -

Richness
Richness
Richness

1 2 -1 o 1 2 -1 o 1 2 -1 0
NAP NAP MNAP MNAP

library(merTools)
prd1<- predictinterval(m2, newdata=RIKZ, which="fixed", include.resid.var = F)
prd2<- predictinterval(m2, newdata=RIKZ, which="fixed", include.resid.var = T)

prd3<- predictinterval(m2, newdata=newd1, which="full", include.resid.var = F)

prd4<- predictinterval(m2, newdata=newd1, which="full", include.resid.var = T)



Linear mixed effect model—

FENLEREEAL T S EEPLEEE . BEDLAI AR LRI 55 b

Random intercept model Random intercept,random slope model

ml<-Imer(Richness*NAP+(1|fBeach), data=RIKZ) m2<-Imer(Richness*NAP+(NAP | fBeach),data=RIKZ)



Y|
Xt H

ﬁﬂﬁﬁ[ﬁlﬁ EE%{ E— 5B B EI z s

03— b S5 P R B SR 4

USRE . XA ELARE S S AICE

R L= p(u]B. 0. X) = | [ N(wi| XiB. 0%) g 5EX, BAS-FI 24T A 00T 2 i)y {6 A 2
=1

DA BEURTER, L
LR : logl

SFBULLIR LA 56 (log-likelihood ratio test):
1) NT A —HEYE, a0 5 1 & RN AN [H])

2) J

LADVRE 53 L, L2, AN IX A 2R % AR E L
H[I: likelihood ratio=|n(L1)-In(L2)=In(%),
N AR M B |1 ydf= | df1-df2 | K 5 5 fi

3) J

H Hrdf1, Fldf2493 A NI PRI ) 2 801 48

FIt LA LUK #iE log-likelihood ratio testH 4 SAE N

HlE IR — [k

2w R TR R



Linear mixed effect model
BT S B PR

AL, R LG R A AIML:
HEOBLAVE, X LEBEHLAE: i EREML

m1<-Imer(Richness*NAP+(1|fBeach),data=RIKZ) ##ZRk A NREMLZE
m2<-Imer(Richness*NAP+(1|fBeach),REML=F, data=RIKZ) ##ML}%:




AIC (Akaike information criterion)/{E.H] = X

K BB NE, AARTERE KR R

AIC=2K-2In(L)

L BREBURME, AR TR S RIAR 55
E, R, U B AR R A A

> P LLAIC

>

F e B fay Vil PR AR TR 23 &

> FirLLAIC/

SR AE 1]

JL e

RAIHRFE: T (80D, KD e (LEKD

B8N AR A, — R LL2 O RI{E




P R A0 BE X L

— R . mO<-Tm(Richness~NAP,data=RIKZ)
RA: FEHLEGR
ml<-Tmer(Richness~NAP+ (1| fBeach) ,data=RIKZ)

B BEbLaGE, FEPLRER
m2<-1Tmer (Richness~NAP+(NAP|fBeach) ,data=RIKZ)

> AIC(mO,ml,m2)

df AIC
m0 3 259.9535
ml 4 247.4802
m2 6 244.3839



b

AL SN AT R ) 45 1) By 7

GENERAL PROTOCOL FOR MODEL FITTING

1. Start with model with all fixed and random effects that may
be important. Evaluate with diagnostics.

(7

2. Evaluate random effects with full model of all fixed effects
using REML(X 2, RLRT, cAIC, etc.)

3. Evaluate fixed effects with reduced random effects (F Tests

usin fit) s IR
s — B B B REVL RN ) G514
4. Model diagnostics again... KN
e R J5 FH RE [ 2 BN B 45 14

5. Draw inference from model using Wald tests, lsmeans,
visualization, etc.

https://biol609.github.io/schedule_new.html



y|

R AR LA 6 DR 6 1 235
log-likelihood ratio test

ERLRT FHHEREWEASHHE
FIZR, MHFREALHEHE

> Tibrary(lmtest)
> Trtest(ml, m2)
Likelihood ratio test

L)

m1<-lmer(Richness®*NAP+(1|fBeach),data=RIKZ)

m2<-Imer(Richness~*NAP+(NAP | fBeach),data=RIKZ)

> anova{ml,m2)

refitting model(s) with ML (instead of REML
Data: RIKZ

Model 1: Richness ~ NAP + (1 | fBeach)
Model 2: Richness ~ NAP + (NAP | fBeach)
#Df LogLik Df chisq Pr(>chisq)

ml: Richness ~ WAP + (1 | fEBEeach) %__ 3 _27.0964  0.02878 *
m2: Richness ~ NaP + (NaP | fBeach) signif. codes: 0 ‘***' 0.00 1 ‘%’ 0.05 ‘.7 0.1 ' 1
Df AIC BIC TlogLik deviance Chisq chi Df Pr(=Chisq) )
mL 4 249,83 257.06 -120.92 241.83 . ~ _ _
n2 & 246.66 257.50 -117.33  234.66 7.173 5 0. 02769 * m1_ml<-Imer(Richness®NAP+(1|fBeach),data=RIKZ, REML=F)

— m2_ml<-Imer(Richness®NAP+(NAP |fBeach),data=RIKZ, REML=F)

signif. codes: 0O °##%' Q. 001 ***' 0.01 %' 0.05 > library(Imtest)

> Trtest(ml_ml, m2_ml)
Likelihood ratio test

Model 1: Richness ~ NAP + (1 | fBeach)

Model 2: Richness ~ NAP + (NAP | fBeach)
#D0f LogLik Df chisq Pr(>chisq)

1 4 -120.92

2 6 -117.33 2 7.173 0.02769 *

Signif. codes: 0 *‘¥**%’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * " 1



AT A

[ A1 R} S A 7Y

m2<-Tmer (Richness~NAP+(NAP|fBeach) ,data=RIKZ)

"pearson")

resid{m?z, type

(=]

Frequency

fitted(m2)

plot(fitted(m2),resid(m2,
type="pearson"),col="blue")

2R A

20 25
1

15

10

Histogram of resid(mz2)

resid(mz2)

hist(resid(m2))

Sample Quantiles

d (m2) —fAlZ

Normal Q-Q Plot

Z W

IR Z I EARFEIE

Theoretical Quantiles

ggnorm(resid(m2))

Ryl




P B2 W 1) 53— 718 performancetd,

m2<-Imer(Richness*NAP+(NAP | fBeach),data=RIKZ)

performance::check_model(m2)

AR EAE A m2 I AN AR

o U

—

Residuals

Count

(Studentized) Residuals

Non-normality of Residuals and Outliers
Dots should be plotted along the line

w
N

Theoretical Quantiles

Homoscedasticity (Linear Relationship)
Dots should spread equally around horizontal line

L
o % %
» 2o o >
* a® o .
* & * * ¢
B
* @ * 0

Fitted values

Check for Influential Observations

20 10
— 0] -

0.00 0.25 0.50 0.75 1.00

Cook's Distance

Std. Residuals (sqrt)

RE Quantiles

Non-Normality of Residuals

Distribution should look like a normal curve

Residuals

Homogeneity of Variance (Scale-Location)
Dots should spread equally around horizontal line

Fitted values

Normality of Random Effects (fBeach)
Dots should be plotted along the line

(Intercept) NAP

0 1 -1
Theoretical Quantiles
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