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Statistics matter greatly in biology, whether we like it or not. Much
of the time, the growing level of complexity and sophistication of the
models we put to use in ecology and evolution have led to more
appropriate analyses of our data.

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

(Gross et al. 2017, Nature Ecology & Evolution 1:0132.)




[B] 1593 BT —
MRS A R B X S A




— R A AR T —

¢ N Ta] B B

I

f Y

y=bg+b; X +0,X,+...+biX+e; €7 N(0, 6°)

i B R4 (5 ANOVARETED)
1) ANEFEFSyRIE

2 AN

2) LB VA e N7 (B ZE4R I A N7
3) WRZ W 7 HoA TR i 4

Aj{t/\z'_l—j‘




EIPSLiE S (rya i aRrs

y=b+b.x+e, € " N(O, 62) W3R 1G A Hb,, by, 62

/N ZIRVA(— A2 T R )

B NALSRYE: (ML, maximum likelihood, JE&

PR 1] 14 B RALLIRYE: (REMIL,

restricted maximum likelihood, JR&EiA)

Laplace approximation (] X ZMIE&

Penalized quasi-likelihood (] X Z& VR & 15
DU (Markov chain Monte Carlo) (fFZAERIEL AT LL)

)

AR

i)

Richness

20

15

10

o

B/ IR (— RS [EH)

) . ™
* .
. o= -
* * *
- o . . *




— S 28 A AR TR — B Sy T B [ ) A A

y=by+tb X, +b,x,+.. .+ijj+g ; £ N(0, 62




A A

P — a5 N ] L [B] VA A AR

y=bg+b; X +0,X,+...+biXi+e; €7 N(0, 62)

RIS Y B B AN AS 7 90 B

7[%%']7[4/\ = m/?ézﬁﬁ

AT AL T

. H—HX JE R

Im1<- Im(y™~ 1, data

YU E 2N

=d1)



— WM

fi 7Y

T __

¢ N Ta]

\/

L

H

e

f Y

y=bg+b; X +0,X,+...+bix+e; €7 N(0, 6°)

W, BRI, BALE S — Xy Al BE A 5 Y
G SN AT LS R 2R 4 K 7

. F—Hi[X)

&

A= x

XEEREP PLESRTE (8, 20 wn]bLEHEA &=
<ﬁDLAU?’ %I_J’ /fZIKEH)

Im2<-

m(y~x;+x,+...+x;, data=d1)



A BIE T E AN RS S T TH

A5 5 7 4T
DLy 2 L R R

H GEERR) : xSyFIEERRy=by+bX, +bX, +...+ €
JIESHT GEMBER) « xXyHIRIE R, XyH AR TTEA £ /07

| IR0 7 Z= i N AR T 12
sSEpRN A, A R S




mIH5A5Z4948 (anvoa) —-HES—

TmO<-1Tm(Richness~NAP,data=RIKZ)

> anova(1m0)

> summary (1m0) Analysis of variance Table

call: .
Tm(formula = Richness ~ NAP, data = RIKZ) Response: Richne
ean Sq F value Pr(>F)
Residuals: NAP . 357.53 20.66 4.418e-05 #%*¥
Min 10 Median 3Q Max Residuals 43\ 744.12 17, 3 —

-5.0675 -2.7607 -0.8029 1.3534 13.8723 ——

Signif. codes: O\'***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 *.” 0.1 * " 1

n n
X Y)?
¢ = E (Y, —¥)? = E Y — =
_ _ n
1=1 =1
Residual standard error: _4.16 on 43 degrees of freedom

- 2
A — VP ni _

Multiple R-squared: 0.324 Adjusted R-squared: 0.3088 Among OUpSS_Zi=1 j=1(Yij Y)

F-statistic: 20.66 on 1 and 43 p-value: 4.418e-05

B 1) 2 AR IR
y=by+bx+e; € N(0, 62) c=4.16*Vn
Richness=6.6857 — 2.8669*NAP

Coefficients;

Estimate\ Std. Error t value Pr(>|t])
(Intercept) 0.6578 10.164 5.25e-13 #%*
NAP 0.6307 -4.545 4.42e-05 *+%

Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 **’ 0.05 “.” 0.1 * ' 1

5 357.53
357.53+744.12

=0.3245
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RIKZ <- read.delim("RIKZ.txt")

Linear regression model
plot(Richness®NAP,data=RIKZ, pch=19)

#— e [B] 15 .

RIKZ<-RIKZ[order(RIKZSNAP),] & .
Im3<-Im(Richness~*NAP,data=RIKZ) ] eSO e 2 BRTAT
summary(Im3) o |

##I H ciToolstl, 132G 211 EAS X 4] : ...

library(ciTools) E o] ~ H. - v .

Im_ci<-add_ci(RIKZ, Im3, alpha = 0.05,names = c("lwr", "upr")) & e «
lines(Im_ciSNAP, Im_ciSpred, col = "red", lwd = 1,Ity="solid") '., 'hh“:«%__ﬁ_ _—

lines(Im_ciSNAP, Im_ciSlwr, col = "red", Iwd = 1,Ity="dotted") o e Ve T H"ix%
lines(Im_ciSNAP, Im_ciSupr, col = "red", lwd = 1,lty="dotted") ' -t '.5::“":.1_&.
title("Linear regression model") © | | | | | l“"' l' -
###mtext("Richness=6.686-2.867*NAP") 10 05 0.0 05 10 15 20

temp <- locator(1)
text(temp,"Richness=6.686-2.867*NAP",col="red")

NAP
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> job<- read.csv("job.csv'")

> levels(as.factor(job$education_level)) > anova(lml) ,
[1] "CO-I-Iege" “SChoo-I " "un‘ivel’S'i‘ty" Ar'la'lyS'ls O'F Variance Tab-le
Response: score

> Iml<-Tm(score~education_level, data=job)
> summary(Tml)

Df Sum Sq Mean Sq F value Pr(>F)

education_level 2 113.999 57.000 153.7 < 2.2e-16 ***

call: Residuals

Tm(formula = score ~ education_level, data = job)

Residuals:
Min 1@ Median 3Q Max
-2.32900 -0.32936 0.03053 0.34789 1.15100

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

(Intercept) 6.3495 0.1397 45.448 < 2e-16 *%*=
education_levelschool -0.7574 0.1976 -3.833 0.000327 #¥**
education_leveluniversity 2.4995 0.1951 12.812 < 2e-16 #**=
signif. codes: 0 ‘***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 “ ' 1

Residual standard error: 0.609 on 55 degrees of freedom
Multiple R-squared: 0.8482, Adjusted R-squared: 0.8427
F-statistic: 153.7 on 2 and 55 DF, p-value: < 2.2e-16

55 20.396 0.371

signif. codes: 0 “***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 °

anova: HIFRADNTyRI—/NEAEMEL R
A xfEanovaG R HIE—1T

1
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> Tml<-Tm(score~education_level, data=job)
> Tm2<-Tm(score~1, data=job)

> ## 1) anova
> anova(lml, Tm2)
Analysis of variance Table

Model 1: score ~ education_level
Model 2: score ~ 1

Res.Df RSS Df sum of Sq F Pr(>F)
1 55 20.396
2 57 134.396 -2 -114 153.7 < 2.2e-16 **%
signif. codes: 0 ‘***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ' 1

PR B AN A R
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HE— AN PEEXFEERE, 58 xPEEBITAICEX ., Hilog likelihood ZF AL (Imtest:Irtest)

> Tml<-1m(score~education_level, data=job)
> Tm2<-1m(score~1, data=job)

> ## 3)11kelihood ratio test

-~ #H# ZJAIC{E_;{*}LE > Tlibrary(Imtest)

> Trtest(Iml, Tm2)
- AIC('Iml, -|IT|2:] Likelihood ratio test
d-F AIC Model 1: score ~ education_level
Tml 4 111.9819 Model 2: score ~ 1
#Df LogLik Df chisq Pr(>chisq)
Tm2 2 217.3370 , #oF LoaLik
2 2 -106.668 -2 109.36 2.2e-16 **%
WHE B B E R4, . < eece
MRENZEZREEH#HITRE signif. codes: 0 ‘¥**’ 0,001 ‘**’ 0.01L ‘*’ 0.05 .’ 0.1 * °
R4E B HE R,

X X # el sR B log likelihood K ZE R E TS
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> job<- read.csv("job.csv") FemmeansB 2R RBAFEKFET, XMFIyIE
> levels(job$education_level)
[1] "college" "school” "university" > Tibrary(emmeans)

> emmeans(jml, "education_level™)
> jml<-Im(score~education_level, data=job) education_level emmean SE df Tower.CL upper.CL
> summary(jml) college 6.35 0.140 55 6.07 6.63
- schooT 5.59 0.140 55 5.31 5.87

_ _ university 8.85 0.136 55 8.58 9.12
Im(formula = score ~ education_level, data = job)

Confidence level used: 0.95

Residuals:
Min 1la Median 3Q Max
-2.32900 -0.32936 0.03053 0.34789 1.15100 XANGRBER, SHb— A KFERNERE,
»
coefficients: HAtK 52 ML
Estimate Std. Error t value Pr(>|t|) College= intercept=6.35
(Intercept) 6.3495 0.1397 45.448 < 2e-16 *** _ i
education_levelschoo] -0.7574  0.1976 -3.833 0.000327 *** School= 6.35-0.7574
education_leveluniversity  2.4995 0.1951 12.812 < 2e-16 #¥% University= 6.35+2.50
signif. codes: 0 ‘*¥*’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1

> anova(jml)

Residual standard error: 0.609 on 55 degrees of freedom Analysis of variance Table

Multiple R-squared: 0.8482, Adjusted R-squared: 0.8427

F-statistic: 153.7 on 2 and 55 DF, p-value: < 2.2e-16 Response: score

Df Sum Sq Mean Sq F value Pr(>F)
education_level 2 113.999 57.000 153.7 < 2.2e-16 *¥=*
Residuals 55 20.396 0.371

Signif. codes: 0 “***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ ' 1
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call:
Tm(formula = yield ~ fertilize + density, data = crop)

Residuals:
Min 1c M™Median 30 Max
-1.1600 -0.3055 -0.1028 0.4310 1.3642

Coefficients:
Estimate std. Error t wvalue Pr{(=|t|)

b1l (Intercept) 176.9932 0.1276 1387.072 < 2e-16 **=*

b2 fertilizeTypeB 0.1762 0.1473 1.196 0.23646

b3 densitylow -0.4724 0.1473 -3.206 0.00214 **
Signif. codes: 0 *#*¥**’ 0.001 ***’ 0.01 “*’ 0.05 “.” 0.1 * * 1

Residual standard error: 0.5894 on 61 degrees of freedom
Multiple R-squared: 0.161, Adjusted R-squared: 0.1335
F-statistic: 5.854 on 2 and 61 DF, p-value: 0.004725

HNERRAE T HE

ZH

bl intercept A, high bl ‘

txz E; txz l\’ I()\A/ Es’ I()\A/
y=b1+b3=176.9-0.47 y=b1+b2+b3=176.9+0.17-0.47

b3 low b3
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> emmeans(anl, "fertilize")

fertilize emmean SE df lower.CL upper.cCL
typeA 176.8 0.1042 61 176.5 177.0
TypeB 176.9 0.1042 61 176.7 177.1

Results are averaged over the levels of: density
Confidence level used: 0.95

> emmeans(anl, "fertilize", "density")

density = High:

fertilize emmean SE df lower.CL upper.cCL A’ IOW B’ |OW
typeA 177.0 0.1276 61 176.7 177.2

TypeB 177.2 0.1276 61 176.9 177 .4

density = Tow:

fertilize emmean SE df Tower.CL upper.cCL

typeA 176.5 0.1276 61 176.3 176.8

TypeB 176.7 0.1276 61 176.4 177.0

Cconfidence level used: 0.95
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> an2<-Tm(yield~fertilize+density+fertilize:density, data=crop)

> summary (an2) %%ﬁ X‘T&E'%ﬂ(qz {E-H‘{E

call: . .
Tm(formula = yield ~ fertilize + density + fertilize:density, b]- (lntercept) A, hlgh b]-
data = crop) b2 B b2
Residuals:
Min 1@ Median 3qQ Max 3 ]_OW b3
-1.19171 -0.33385 -0.08319 0.34971 1.282
Coefficients: 4 (B\E;E‘L) B,_ ]-OW b4
Estimate std. Error t value Pr(>|t|)
(Intercept) 177.07449 0.14708 1203.967 < 2e-16 *%%
fertilizeTypeB 0.01365 0.20800 0.066 0.94790
densitylow -0.63489 0.20800 -3.052 0.00338 ** N
fertilizeTypeB:densitylow 0.32504| 0.29415  1.105 0.27356 ﬁﬂ“% % %Qﬂ% FE(JFE%
N <
Signif. codes: 0 ‘***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * ' 1

Residual standard error: 0.5883 on 60 degrees of freedom
Multiple R-squared: 0.1778, Adjusted R-squared: 0.1366
F-statistic: 4.324 on 3 and 60 DF, p-value: 0.007956

A, low B, low
y=b1l+b3 vy=bl+b2+b3+b4
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> emmeans(an2, "fertilize", "density")

density = High:

fertilize emmean SE df lower.CL upper.cCL

typeA 177.1 0.1471 60 176.8 177.4

TypeB 177.1 0.1471 60 176.8 177 .4
density = Tow:

fertilize emmean SE df lower.CL upper.cCL A’ |OW B’ IOW
typeA 176.4 0.1471 60 176.1 176.7 — -

TypeB 176.8 0.1471 60  176.5  177.1 y=b1+b3 y=bl+b2+b3+b4

confidence level used: 0.95
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Level 1 Level 2
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ancova(th 7 Z 53 #H7)

> anova(an3)
Analysis of variance Table

an3<-Im(mpg~hp*am, data=input)
summary(an3)

> summary (Can3)

11:
$$(Formu1a = mpg ~ hp * am, data = dinput) Response: mpg
) ] Df Ssum Sq Mean Sq F value Pr(>F)
Resiguals: o wedian 50 - hp 1 678.37 678.37 77.3912 1.505e-09 #w
-4.3818 -2.2696 0.1344 1.7058 5.8752 am 1 202.24 202.24 23.0717 4.749e-05 #¥¥
coefficients: hp:am 1 0.01 0.01 0.0006 0.9806
Estimate jgtd. Error t wvalue Pr(>|t|) Residuals 28 245.43 8.77

(Intercept) 26.6248479 .1829432 12.197 1.0le-12 *%=%
hp -0.0591370 .0129449 -4.568 9.02e-05 ***

T
2
0
ams 5.2176534 | 2.6650931  1.958  0.0603 . Signif. codes: 0 ‘*¥%’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1
0
0

hp:amB 0.0004029 .0164602 0.024 0.9806

- ) e ?

.001 %%’ 0.01 **' 0.05 °“." 0.1 ° " 1

dard error: 2.961 on 28 degrees of freedom
uared: 0.782, Adjusted R-squared: 0.7587
33.49 on 3 and 28 DF, p-value: 2.112e-09

Residual st
Multiple R-
F-statistic:

Ham=AH}', y=26.6-0.059*hp
Yam=BF}, y=26.6+5.21+ (0.0004-0.059) *hp
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We are just emphasizing that, just as you never have enough money,
because perceived needs increase with resources, your inferential
needs will increase with your sample size.

Gelman, A. and J. Hill. 2007. Data analysis using regression and multilevel/hierarchical
models. Cambridge, UK: Cambridge University Press. P438

BRAAER HREMS, MFEABRRNERBMK, —KEKn/k>10,
KRB PSRN (BEE+REXO

Harrison, X. A. et al. A brief introduction to mixed effects modelling and multi-model
inference in ecology. PeerJ 6, e4794, doi:10.7717/peerj.4794 (2018).
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female<-rnorm(10,100, 10)
male<-rnorm(10,125,10)
weight<-(c(female,male))
d2<-as.data.frame(weight)
d2<-(c(female,male))
d2<-as.data.frame(d2)
d2%$sex[c(0:10,0)]<-"female"
d2%sex[c(11:20,0)]1<-"male"
Tm3_10<-Tm(weight~sex-1,data=d2)
summary (Tm3_10)

N=10

VVVVVVVVYVY

call:

Tm(formula = weight ~ sex - 1, data = d2)
Residuals:

Min
-17.331

1Q Median
-9.453 -2.055

3Q Max
9.330 23.272

Coefficients:

Estimate std. JError t value Pr(>|t])

sexfemale 96.996 3.799 25.53 1.37e-15 ***
sexmale 123.565 3.799 32.53 < 2e-16 ¥F¥**
Signif. codes: 0 “***’ 0,001 ‘**’ 0.01 “*’ 0.05 °

Residual standard error:
Multiple R-squared: 0.9896,

F-statistic: 854.9 on 2 and 18 DF, p-value:

SD=SE*\/N=3.799%y/10=12.01349

.0 0.1 ¢

12.01 on 18 degrees of freedom
Adjusted R-squared:
< 2.2e-16

0.9884

KEHR, L

R 240 B AN EANERN125, L AKIEENI00/T,

1

—EWIsDER 10T, FRE

R TR

weight~sext %l /b

»

female<-rnorm(50, 100, 10)
male<-rnorm(50,125,10)
weight<-(c(female,male))
d2<-as.data.frame(weight)
d2<-(c(female,male))
d2<-as.data.frame(d2)
d2%sex[c(0:50,0)]<-"female"
d2%sex[c(51:100,0)]<-"male"

Tm3_50<-1m(weight~sex-1,data=d2)
summary(1m3_50)

N=50

VYV VVVYVYVYY

call:

Tm(formula = weight ~ sex - 1, data = d2)
Residuals:
M1in 1Q

-26.5110 -5.8994

Median 3Q
0.0929

Max
6.2630 28.5493

Coefficients:

Estimate std.] Error t value Pr(>|t|)
sexfemale 99.401 1.448 68.62 <2e-16 #*¥*
sexmale 125.108 1.448 86.37 <2e-16 #*#¥*
Signif. codes: 0 ‘***’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.

Residual standard error:
Multiple R-squared: 0.992,

F-statistic: 6085 on 2 and 98 DF, p-value:

SD=SE*\/N=1.448+/50=10.23891

0.1 ¢

10.24 on 98 degrees of freedom
Adjusted R-squared:
< 2.2e-16

0.9918

1
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y=b,+ Db, X, +b, X, +...+ €

Predictor Correlation

A = 05 B = 09
| BRI, £SH KN
! : ZH G AT X!
3.
: l
| |
22 : : Predictor
% ! I [ 1x1
s I I [ Ix2
| |
14 | |
| |
| |
| |
0- | |
25 0.0 2.5 5.0 25 0.0 2.5 5.0

Coefficient Values
(Harrison et al. 2018, Peer) 6:e4794.)
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CH

Im4 <- Im(mpg ~ wt + cyl + gear + disp, data = mtcars) o ot e coiaty
library(performance)

result <- check_collinearity(Im4)

plot(result)

1) XA MEES0. 7 &, NURE—/EE R
B R 34T 04, B RxFIVIF(variation
inflate factor), l#EVIFER K (W3) KIEHE T

3) MEER LB ZxX Ty WP K/, A58 xbn
t¢. (#Mmean=0,5D=1) ,L15 FltrE{LIE] 0 R %L

Variance Inflation Factor (VIF)

disp gear
.\ow [ 5}. maoderate (< 10)

ZHRIE https://easystats.github.io/see/articles/performance.html

Harrison, X. A. et al. A brief introduction to mixed effects modelling and multi-model
inference in ecology. PeerJ 6, e4794, doi:10.7717/peerj.4794 (2018).
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CH

Im4 <- Im(mpg ~ wt + cyl + gear + disp, data = mtcars) o ot e coiaty
library(performance)

result <- check_collinearity(Im4)

plot(result)
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Variance Inflation Factor (VIF)

disp gear
.\ow [ 5}. maoderate (< 10)
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Harrison, X. A. et al. A brief introduction to mixed effects modelling and multi-model
inference in ecology. PeerJ 6, e4794, doi:10.7717/peerj.4794 (2018).
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Collinearity
Higher bars (=5) indicate potential collinearity issues

Tm4_1 <- Tm(mpg ~ wt + cyl + gear, data = mtcars)

Tibrary(performance)
result <- check_collinearity(1m4_1)

plot(result)

Inflation Factor (VIF)

Variance

OK

0.0

r
Wouis
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Im4_1 <- Im(mpg ~ wt + cyl + gear, data = mtcars)

> library(visreg)

> visreg(Im4_1, "wt", gg=TRUE,line=1ist(col="red"),

+ fi11=1ist(fi11="green"),

+ points=1ist(size=5, pch=16)) > visreg2d(Im4_1, "wt", "cyl™)

mpg

mpg
(&)




7 F AR

mtl <- mtcars[, ¢(1, 3, 4)]
Im5 <- Im(mpg ~ wt + cyl + gear + disp, data = mtcars) mt2 <- rbind(mt1, data.frame(mpg = ¢(37, 40), disp = c(300,

result <- check_outliers(Im5) 400), hp = ¢(110, 120)))

plot(result) Im6<- Im(disp ~ mpg + hp, data = mt2)
result <- check_outliers(Im6)
plot(result)

1.00

1.00

0.75

075
i Method
. ﬁthod , 050 Il cook
- Cook
025
0.25 I
0.00 e e S I.- _________ | . .
I I I I M 34
0.00 (== _I. .-_. I . I -II _ I— Observation

A5 SR JE https://easystats.github.io/see/articles/performance.html

Distance

Distance (rescaled range 0-1)
o
o

Observation
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> #HEA KT ESVEE TR
> shapiro.test(dl$weight)

Shapiro-wilk normality test

data: dlSweight
w = 0.98875, p-value = 2.198e-11
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Fig. 6. Visualization of two underlying assumptions in linear regres-
sion: normality and homogeneity. The dots represent observed values
and a regression line 1s added. At each covariate value, we assume
that observations are normally distributed with the same spread
(homogeneity). Normality and homogeneity at each covariate value
cannot be verified unless many (> 25) replicates per covariate value
are taken, which 1s seldom the case in ecological studies. In practice, a
histogram of pooled residuals should be made, but this does not pro-
vide conclusive evidence for normality. The same limitations holds if
residuals are plotted vs. fitted values to verify homogeneity.

Response variable =<

Covariate X

In linear regression, we actually assume normality of all the replicate
observations at a particular covariate value.

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.
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Im7<-Tm(weight~sex,data=dl)
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shapiro.testfy 4

hist(Im7Sresiduals)

#0T Im 7R 5 2 1) IES R IR

shapiro.test(Im7Sresiduals)

Histogram of Im7$residuals

> shapiro.test(Im7%$residuals)

data:

shapiro-wilk normality test

Tm7%$residuals

w = 0.99932, p-value = 0.7057

REMNEIES,

JRIREL
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> check_1m7<-check_normality(1m7)
OK: residuals appear as normally distributed (p = 0.706).
> plot(check_1m7)

b b

plot(check_1m7, type="qg")

uuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuu

Residuals Standard Normal Distribution Quantiles
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Distributions are often thought of as data summaries,
but in the regression context they are more commonly

applied to &’s. (Gelman and Hill, 2007, p13)
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HERRE (CAFRZEE) --Bartlett test

> bartlett.test(weight~sex, data =dl)

Bartlett test of homogeneity of
variances

data: weight by sex
Bartlett's K-squared = 1.5835, df = 1,
p-value = 0.2083
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> Im7<-Tm(weight~sex,data=dl)
> result<-check_homogeneity(1m7)

OK: variances in each of the groups are the same (Bartlett Test, p = 0.208).
> plot(result)

Homogeneity of Variance (Bartlett Test)

160
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weight

100

80

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

TR BREMPEELZBLHERR -

> #REE OVEUEAE ERHRE S TR

> Tm4_1 <- Tm(mpg ~ wt + cyl + gear, data = mtcars)

> result<-check_heteroscedasticity(Im4_1)

Warning: Heteroscedasticity (nhon-constant error variance) detected (p = 0.047).
> plot(result)

“geom_smooth() using formula 'y ~ x'

Residuals

Fitted values
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1) Xty ATHAL, to improve the normality of residuals!
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Sample

SEAET

Richness

11
10
13
11

Exposure

10
10
10
10
10

== R = = B = < R = ]

11
11
11
11
11
11

RE

MAP Beach

!

0,045 1
-1.036 1
-1.336 1

0.ele 1
0,684 1

1,190 2

0,820 2

0,635 2

0,081 2
-1.334 2
0,976 3

1,454 3
0,201 3
0482 3

0167 3

1,768 4

RIKZ.csv

LN A ET



Richness

I RA TS

> ImO<-1m(Richness~NAP,data=RIKZ)
> plot(check_normality(Tm0))
wWarning: Non-normality of residuals detected (p < .001).

Non-Normality of Residuals

* Distribution should look like a normal curve
o _ PN
™ /
' Richness=6.686-2.86/"NAP :""
L / |
0 J L REFEMELES! ! !
.- o / T
E — T ® — >
g o
*e
n - .
]
D —
| [ | I | I |
1.0 05 0.0 05 1.0 15 20 0.0

NAP I: Reswdufals
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> check_heteroscedasticity(1m0)

warning: Heteroscedasticity (nhon-constant error variance) detected (p = 0.015).

ImO <- Im(Richness~NAP, data RIKZ) Homogeneity of Variance

X’J‘:: X A %K )5, ﬂéy .: | |
Q%V :ﬁﬁéj‘m—‘/\ ﬁ}ﬁﬂﬁ

»”»

2.5 5.0 7.5 10.0

Fitted values
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. Li i H ity of Vari
I mo <' I m ( RICh n eSSNNAP,data = RI KZ) R:ar:frean”ctgline should be flat and horizontal R;?;%Sﬂf?;hiuldi!i:?aend haorizontal
10 = 14
check_model (1m0) P T
g 5 'g 1.0
v 63 05

Imoﬁﬂ ’ Z-\‘%/I\ﬁ}ﬁﬂ ! : 0.0 25 50 7.5 10.0 0.0 25 50 75 10.0
E\ /A ﬁ ? ﬁ%%ﬁ ? Fitted values Fitted values

Influential Observations @ Normality of Residuals
Puoints should be inside the contour lines E  Dots should fall along the line
w
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. a .
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Normality of Residuals
Distribution should be close to the normal curve

-5 0 5 10
Residuals
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»Warton, D. I. and F. K. C. Hul. 2011. The arcsine Is asinine: the
analysis of proportions in ecology. Ecology 92:3-10.

»(0’Hara, R. B. and D. J. Kotze. 2010. Do not log-transform count data.
Methods in Ecology and Evolution 1:118-122.

»>lves, A. R. 2015. For testing the significance of regression coefficients,
go ahead and log-transform count data. Methods in Ecology and
Evolution 6:828-835.

» Xlao, X., E. P. White, M. B. Hooten, and S. L. Durham. 2011. On the
use of log-transformation vs. nonlinear regression for analyzing
biological power laws. Ecology 92:1887-1894.
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a) Data appropriate for Poisson model (n=1000, Mean=3, Variance=3)

250 “ ﬁ\[ : Iﬁi
200 a2
N \ -
v SE7A
150 1 -
100 =
50 1 2
AU, -
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 IJLL._-_._-_
b) Data appropriate for Zero-Inflated Poisson model (n=1500, with 500 “structural” and 50 0 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30
“sampling” zeros) ¢) Data appropriate for Poisson Hurdle model (n=1500, with 550 “structural” and no “sampling”™
Zeros)
600
R \ 600
500 1 5= 0 y /,
TR 500 Hurdle model

400
400 1

300 4
300 4

01 2 5 6 7 8 9 10 11 12 13 14 15 16 17 01t 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Hu, M.-C., M. Pavlicova, and E. V. Nunes. 2011. Zero-Inflated and Hurdle Models of Count Data with Extra Zeros: Examples from an HIV-Risk Reduction Intervention Trial. The American
Journal of Drug and Alcohol Abuse 37:367-375.
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Histogram of all_water.div$richness

Zero inflated poisson

We chose distributions appropriate for each response variable

T
6

H|_||—|ﬁ_

2

all_water.divErichness

Nogué, S. et al. The human dimension of biodiversity changes on islands.
Science 372, 488-491,d0i:10.1126/science.abd6706 (2021).
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| =

0

T T T T T
5000 10000 15000 20000 25000

as.numeric(all_water divStotal_event_duration)

1
30000

R F b

Zero inflated negative binomial

Nogué, S. et al. The human dimension of biodiversity changes on islands.
Science 372, 488-491,d0i:10.1126/science.abd6706 (2021).
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Histogram of log(asco$itsreads)
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Histogram of asco$itsreads
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FHEE:  Collins, C. G. et al. Belowground impacts of alpine woody encroachment are determined by plant traits,
local climate, and soil conditions. Global Change Biol. 26, 7112-7127, doi:https://doi.org/10.1111/gcb.15340 (2020).
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Zero inflated gamma

Nogué, S. et al. The human dimension of biodiversity changes on islands.
Science 372, 488-491,d0i:10.1126/science.abd6706 (2021).
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I~ X 2R AR R --generalized linear model
o —HRZETERITY: y=a+bx
o TN AT, E(y)=u, link(u)=a+bx

AR E link B8 £ (link="")
Binomial (0,1) (&1A%H|4i) logit
Gaussian (IF&) identity
Poisson (11%%) log
Quasi-poisson  (11%%, H.od JE = H50 log
Quasi-binomial (H 11 ZEE #2101k 1Y EE
FHPE, HidEEE) logit
Z ik Poisson JHAR BB 77 log, K L 71 logit

Gamma /) ffi Inverse I¥ log



Ju X R RIE B (glm) poissonEH (GHEEFE)

##K FH gl m AR B 43 M1k B

.
: Sy, : n - (=
pm1<- glm(Richness~NAP, family="poisson", data=d3) & .
L
summary(pm1) -
2 e
call: )]
glm({formula = Richness ~ wWap, family = "poisson”, data = RIKZ) E o " ®
O — » ]
Deviance Residuals: o * . .
Min 10  Median 30 Max * »
-2.2029 -1.2432 -0.9199 0.3943 4, 3256 *e * *
uy - L L
. ® LI L L
Coefficientys= » - e ® * *
Estimate std. Error value pri=|z|) ®
(Intercept)| 1.79100 0.06329 | 28.297 < 2e-16 *** o ** . .3
NAP -0. 55597 0.07163 | -7.762 B.3%9e-15 #w= | I I I I I I
signif. codes: 0O "=%%7 0,001 "**' 0.01 =" 0.05 *." 0.1 * " 1 10 05 00 05 10 15 20
(Dispersion parameter for poisson family taken to be 1)
NAP

Mull deviance: 179.75 on 44 degrees of freedom

rResidual deviance: 113.18 on 43 degrees of freedom Log(RlchneSS):l791—0556*NAP

AIC: 259.18

Number of Fisher Scoring iterations: 5 RIChﬂeSS:e(l791'0556*NAP)
> rsalpnl) AR R X — R
[1] 0.3044181 . . . . :
We used generalized linear regression model with poisson erroi

structure and log link function to evaluated the effect NAP on
Richness.



glm--poisson[B]JH%

pml<- glm(Richness~NAP, family="poisson", data=d3)
RIKZ<-RIKZ[order(RIKZSNAP),]
plot(Richness~NAP,data=RIKZ, pch=19)

ci_pml<-add_ci(RIKZ, pm1, alpha = 0.05, names = c("lwr", "upr"))

lines(ci_pm1SNAP, ci_pm1Spred, col = "red", lwd = 1,lty="solid")
lines(ci_pm1SNAP, ci_pm1Supr, col = "red", Iwd = 1,lty="dotted")
lines(ci_pm1SNAP, ci_pm1Slwr, col = "red", Iwd = 1,Ity="dotted")

title("glm-poisson regression")

Richness
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E

il B

glm-poisson regression
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e . .
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Richness
10

glm-Poisson 7] 3 5 214 (Im) [7] 13 25 - %5 bk

linear regression gim-poisson regression
L ]
L ]
=
. ™~ *
L
Richness=6.6857-2.8669*NAP I Richness=e(1.791-0.556:NAP)
. A * »
c N . .
S 24 o »
x T e, . * .
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.0 e SR
Ty e o el e
. .0 e e
* - ¢ e e
. e ——
L L e
o - [ ] * @
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1.0 0.5 0.0 0.5 1.0 1.5 2.0 -1.0 0.5 00 0.5 1.0 15 20



glm-poisson[B] 15K 2

> plot(pml$residuals~pml$fitted.value,main="Model diagnosis for glm-poisson model")
> abTine(Tm(pmlS$residuals~pml$fitted.values),col="red")

> summary (Im(pmlSresiduals~pml$fitted.values)) Model diagnosis for gim-poisson model

call: o
Im(formula = pml$residuals ~ pml$fitted.values)

15 20

Residuals:
Min 1Q Median 3Q Max
-0.9033 -0.4760 -0.3269 0.1083 2.3068

1.0

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) -0.14597 0.25500 -0.572 0.570
pml$fitted.values 0.02029 0.03986 0.509 0.613

Residual standard error: 0.7821 on 43 degrees of freedom
Multiple R-squared: 0.005991, Adjusted R-squared: -0.01713
F-statistic: 0.2592 on 1 and 43 DF, p-value: 0.6133 ' ' I I ' T

BRESWEEZFEILRER, OK! omisiitedvalue
XA, CEFNRERIESEEITRE

We used generalized linear regression model with poisson error structure and log link
function to evaluated the effect NAP on Richness.

pm1$residuals

05 00 05
0

-10
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performance::pp_check

Posterior Predictive Check

pp_check(pml, iterations=1000)

I EERE??
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Missing

Transforfnatlon Outliers? Non linear ik Wrong link
of covariates? patterns? : : function?
Ze_ro > Apparent Inherent
inflation? <
. ' dependency?

Overdispersion

=

If none of above

-

Real

Overdispersion

Zuur et al. A beginner’s guide to GLM and GLMM with R, P20
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performance::check overdispersion

pml<- glm(Richness~NAP, family="poisson", data=d3)

> check_overdispersion(pml)

# Overdispersion test
dispersion ratio
Pearson's cChi-Squared
p-value

overdispersion detected

IR LA B

3.044
130.900
< 0.001




glm--Poisson|#|

TEBER, BATXK

I

MR EIEFT

b b}
iz
{

quasipoisson || 3

<4

pm1<- glm(Richness~NAP, family="poisson", data=d3) pm2<- glm(Richness~NAP, family="quasipoisson", data=RIKZ)
summary(pm1) summary(pm2)
call: call:

. Tm{f la = Rich ~ Nap, family = " ' ' ", data = RIKZ
glm(formula = Richness ~ Nap, family = "poisson”, data = RIKZ) gim(formula Tenness amly quas1potsson are )

, , Deviance Residuals:
Deviance Residuals:

Min 19 Medi an 3q Max Min 1o Median 3Q Max
_5.2029 -1.2432 -0.9199 0.3943 4.3256 -2.2029 -1.2432 -0.91499 0.3943 4,3256
Coefficients:

Coefficients:

Estimate . value Pr=|t|)
E5t1mate td. Errorfz value Pr(=|z]|) - S
(Intercept 29100 0.06329] 28.297 < 2e-1g =ww (Intercept 1.7910 0.1104 § 16. 218 <« Ze-16 o
NAP _.3 55597)] 0.07163] -7.762 8.320e-15 *¥= NAP -0.5560 : -4.448 6.02e-05
;-l_léﬂ-if CCIdES- oy ! DDl ooy l:l Dl oy ! D DS i L] D l [ L l S-igrl-if- CCIdEE: D et D- DDl L D- Dl e d D- DS ‘-, D-l f ! l
(Dispersion parameter for poisson family taken to be 1) (Dispersion parameter for quasipoisson family taken to be 3.044178)
Null deviance: 179.75 on 44 degrees of freedom MNull deviance: 179.75 on 44 degrees of freedom
rResidual deviance: 113.18 on 43 degrees of freedom Residual deviance: 113.18 on 43 degrees of freedom
AIC: 259.18 AIC: NA
Number of Fisher scoring iterations: 5 Number of Fisher scoring iterations: 5

REZRBIERE FHPRARSEMATHIRE, SNYENATEAEEM
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> sigma2<-sum(residuals(pml, type="pearson'")A2)/43
> sigma2
[1] 3.044176

> summary (pml,dispersion=sigma2)

call:

gIm(formula = Richness ~ NAP, family = "poisson", data = RIKZ)

Deviance Residuals:
M1in 1@ Median 3Q Max
-2.2029 -1.2432 -0.9199 0.3943 4.3256

Coefficients:

Estimate std. Error z value Pr(>|z]|)
(Intercept)  1.7910 0.1104 16.218 < 2e-16 #¥%*
NAP -0.5560 0.1250 -4.448 8.65e-06 ¥

Signif. codes: 0 ‘#**’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’
(Dispersion parameter for poisson family taken to be
Null deviance: 179.75 on 44 degrees of freedom

Residual deviance: 113.18 on 43 degrees of freedom
AIC: 259.18

0.1 ° ’ 1

3.044176)
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> library(MAsSS)
> hbl <- gIm.nb(Richness~NAP, data=RIKZ)
> summary(nbl)

call:

glm.nb(formula = Richness ~ NAP, data = RIKZ, init.theta = 3.712226484,
Tink = log)

Deviance Residuals:
Min 1@ Median 3Q Max
-1.8562 -0.8625 -0.6085 0.1290 2.3513

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

(Intercept)  1.7985 0.1037 17.336 < 2e-16 *%=
NAP -0.6230 0.1122 -5.552 2.83e-08 #*%%*
signif. codes: 0 ***¥*’ 0,001 ‘¥*’ 0.01 ‘¥’ 0.05 ‘.’ 0.1 * ° 1

(Dispersion parameter for Negative Binomial(3.7122) family taken to be 1)
Null deviance: 76.231 on 44 degrees of freedom

Residual deviance: 46.275 on 43 degrees of freedom

AIC: 231.75

Number of Fisher Scoring iterations: 1



Richness

AN R RS 2 SRk Ll

2128,
E% mm*

NAP

> ITrtest(pml, nbl)
Likelihood ratio test

Model 1: Richness ~ NAP
Model 2: Richness ~ NAP
#Df LogLik Df chisg Pr(>chisq)
1 2 -127.59
2 3 -112.87 1 29.435 §5.782e-08 #*¥*

Signif. codes: 0 ‘¥*%’ 0.001 ***’ 0.01 ‘¥’ 0.05 ‘.’ 0.1 * ’

> AIC(pml, nbl)

df AIC
pml 2 259.1807
hbl 3 231.7456
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> summary(nbl,dispersion=3.7122)

call:
gim.nb(formula = Richness ~ NAP, data = RIKZ, init.theta = 3.712226484,
Tink = Tog)

Deviance Residuals:
Min 1@ Median 3Q Max
-1.8562 -0.8625 -0.6085 0.1290 2.3513

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

(Intercept)  1.7985 0.1999 8.998 < 2e-16 ¥¥**
NAP -0.6230 0.2162 -2.882 0.00396 **
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.0l ‘*’ 0.05 ‘.’ 0.1 ‘ ' 1

(Dispersion parameter for Negative Binomial(3.7122) family taken to be 3.7122)

Null deviance: 76.231 on 44 degrees of freedom
Residual deviance: 46.275 on 43 degrees of freedom
AIC: 231.75
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glm-zero-inflated poisson I\/Iodel

LB TR 72 NTHIA 7341 (p)
zip<-zeroinfl(art~fem+mar+kid5+

phd+ment, data =ab, dist = "p", EM =
TRUE)

summ

Histogram of ab%art

700
|

600
|

O ISR IT & T HUH

500
|

Frequency

200 300 400
|

100
|

H

= summary(zip)

call:
zeroinf1{formula = art ~ fem + mar + kid5 + phd + ment, data = ab, dist = "p", EM = TRUE)

T, loghedhk, Xy
AR
Count model coefficients (poisson with log 1ink):
Estimate std. Error z value pri=|z]|)

Pearson residuals:
Min 10 Median E{v] Max
-2.3254 -0.8B652 -0.2826 0.5404 7.2974

(Intercept) 0.744612 0.110280 6.752 1.46e-11 #=#*
femwomen -0.209147 0.063405 -3,299 0.000972 =¥*
marsingle -0.103749 0.071111 -1.459 0.144573
kid5 -0.143317 0.047429 -3.022 0.002514 =+
phd -0.006170 0.031008 -0.199 0.842269
ment 0.018098 0.002294 7.888 3.07e-15 w=¥=®

Zero-inflation model coefficients (binomial with logit 1ink):

Estimate 5td. Error z value Pri{=|z|) \ %@@ﬁgmﬂjm
* 9

(Intercept) -0.931030 0.469680 -1.982 0.04745

femwomen 0.109722  0.280066 0.392 0.69523 b "
marsingle  0.353985 0.317591 1.115 0.26502 El]%ﬁﬁz.%@@]ﬁ E@E&ﬂﬁ
kids 0.217101  0.196469 1.105 0.26915 —

phd 0.001225 0.145252 0.008 0.99327 |Oglt%ﬁ

ment ~0.134072  0.045224 -2.965 0.00303 **

Signif. codes: 0 "¥*#' 0,001 '**' 0.01 '*° 0.05 '.' 0.1 ' ' 1

Number of iterations in BFGS optimization: 1
Log-1ikelihood: -1605 on 12 Df
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glm-zero-inflated negative binomial Model

library(pscl)

BV B 1R 72 50 A0 N 0 30 (negbin)

zinb<- zeroinfl(art~fem+mar+kid5+phd+ment,
data =ab, dist = "negbin", EM = TRUE)

summary(zinb)

call:
zeroinf1({formula = art ~ fem + mar + kid3 + phd + ment, data = ab, dist = "negbin”, EM = TRUE)

Pearson residuals:
Min 10 Median 3Q Max

-1.2942 -0.7601 -0.2910 0.4447 6.4154 gllggglgﬁ», Xﬂ‘%{)@]ﬁg
Count model coefficients (negbin with Tog Tink): ﬁﬁ(}gl/l\ B{']Eél]ﬁ, |og%ﬁ’

Estimate std. Error z viToe o zl)
(Intercept) 0.5143483 0.1289421 3.989 b.ode-05H #w

femwomen -0.1954951 0,0755919 -2,5386 0.000970 ==
marsingle  -0.0975896 0.0844519 -1.156 0.24786
kids -0.1517237 0.0542062 -2.799 0.00513 #=*
phd -0.0006967 0.0362697 -0.019 0.98467
ment 0.0247845 0.0034926 7.096 1.28e-12 #w##
Log(theta) 0.9764245 0.1354754  7.207 5.70e-13 ###

Zero-inflation model coefficients (binomial with logit Tink): Xﬂ‘%ﬁhtﬂmgmﬁéu@’
' d. 1 —
(ntercept) 169116 103023 1627 0.10367 RIS B 5 #9211 R

1

femwomen ~ 0.63509  0.84857 0.749 0.45356 logit¥#:
marsingle ~ 1.49868  0.93824 1.597 0.11019

kids 0.62831  0.44265 1.419 0.15578

phd -0.03754  0.30789 -0.122 0.90296

ment -0.88189  0.31604 -2.790 0.00526 **

signif. codes: 0 '#*%' 0.001 '#*' 0,01 '*' 0.05 '." 0.1 ' ' 1

Theta = 2.6549
Number of iterations in BFGS optimization: 1
I nn-1ikeTihond: 1550 on 13 nf
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glm-logistic regression model
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d2<-read.csv("d2.csv")
View(d2)

admit

o o o O o o o O = 0 9 9 = 0O 0O 0Q
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& 23 M7 --glm-logistic regression model
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T 173 M7 --glm-logistic regression model

##binomial regression model with logit link
mb5 <- glm(admit ~ gre, data = d2, family = "binomial")

summary(mb5)

call:
glm(formula = admit ~ gre

Deviance Residuals:
Min 1Q Median
-1.1623 -0.9052 -0.7547

coefficientsy

(Intercept) |-2.901344 0
gre 0.003582 0

Signif. codes: 0 ‘**%*’ Q

(Dispersion parameter for

Null deviance: 499.98
Residual deviance: 486.06
AIC: 490.06

Estimate |Std.

, family = "binomial", data = d2)

3Q Max
1.3486 1.9879

Error z value Pr(>|z|)

.606038 -4.787 1.69e-06 #***

.000986 3.633 0.00028 #**

.001 “**’ 0.01 “*’ 0.05 “.” 0.1 “ ’ 1
binomial family taken to be 1)

on 399 degrees of freedom
on 398 degrees of freedom

Number of Fisher Scoring iterations: 4

LER A link BR 25 N logit link
ILn(p/(1-p))=-2.9013+0.00358*gre

P=e-2.9013+0.00358*gre/(1+ e-2.9013+0.00358*gre)
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glm-logistic regression model

##H add_cifiy 2 R IS THE A B AS X 4]

library(ciTools)

d2<-d2[order(d2Sgre),]

plot(admit~gre, data=d2)

ci_bil<-add_ci(d2, m5, alpha = 0.05, names = c("lwr", "upr"))
lines(ci_bilSgre, ci_bilSpred, col = "red", Iwd = 1,Ity="solid")
lines(ci_bilSgre, ci_bilSupr, col = "red", lwd = 1,Ity="dotted")
lines(ci_bilSgre, ci_bilSlwr, col ="red", lwd = 1,lty="dotted")
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seal <- read.csv('sealDatal.csv', h=T)

head(seal)

N

(0,1) I 431

glm-binomial regression model

pupage n.obs n.response

1 13
2 9
3 29
4 15
5 1
6 26

12 LU A2 T H ECE o A A TR

NS

= (0,1) 22 Jg]

Tp=n.response/n.obs, I1" -
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For binomial data, logistic regression has greater interpretability and higher power than analyses of transformed data.

However, it is important to check the data for additional unexplained variation, i.e., overdispersion, and to account
for it via the inclusion of random effects in the model if found. For non-binomial data, the arcsinetrans form is
undesirable on the grounds of interpretability, and because it can produce nonsensical predictions. The logit

transformation is proposed as an alternative approach to address these issues.

Warton, D. I. and F. K. C. Hui. 2011. The arcsine is asinine: the analysis of proportions in ecology. Ecology 92:3-10.
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glm-binomial regression model
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#i I AR RIH, =R SO R B 5 vk
mod.seall <- gim(cbind(n.response, n.obs-n.response)~p
data=seal, family=binomial(link=logit))

Upage,

mod.seal2 <- glm(cbind(n.response, n.obs-n.response)~pupage,

data=seal, family=binomial())

mod.seal3 <- glm(cbind(n.response, n.obs-n.response)~pupage,

data=seal, family=binomial)
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n.response/n.obs
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glm-binomial regression model

pupage

#HH — 7 Al Hweightsar 28 1S iz LWER & T RIEAEZ 2 /D
sealSp<-sealSn.response/sealSn.obs

mod.seal5 <- gim(p~pupage, data=seal,family=binomial(link=logit), weights=n.obs)

#it 5 RIS

mod.seal4 <- gim(p~pupage, data=seal,family=binomial(link=logit))

WAL HAT R L2, R)5LAEE]
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glm-binomial regression model

mod.seal3 <- glm(cbind(n.response, n.obs-n.response)~pupage, mod.seal5 <- glm(p~pupage, data=seal,
data=seal, family=binomial) family=binomial,weights=n.obs)
> summary (mod. seal3) > summary (mod.seal5)
call: call:
gIm(formula = cbind(n.response, n.obs - n.response) ~ pupage, gIm(formula = p ~ pupage, family = binomial(link = logit), data = seal,
family = binomial, data = sea we1ghts = n.obs
Deviance Residuals: Deviance Residuals:

Min 1@ Median 3Q Max Min 1Q  Median 3Q Max
-2.0344 -0.7424 -0.2253 0.5240 1.9548 -2.0344 -0.7424 -0.2253 0.5240 1.9548
Coefficients: Coefficients:

Estimate std. Error z value Pr(>|z|) Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.46130 0.34117 4.283 1.84e-05 jjj (Intercept) 1.46130 0.34117 4.283 1.84e-05 *%*
pupage -0.20626 0.02874 -7.176 7.19e-13 *** pupage -0.20626  0.02874 -7.176 7.19e-13 *%*

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 “*’ 0.05 *.” 0.1 * "' 1 signif. codes: 0 ‘*#*’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘' 1

(Dispersion parameter for binomial family taken to be 1) (Dispersion parameter for binomial family taken to be 1)

Null deviance: 128.247 on 49 degrees of freedom
Residual deviance: 46.268 on 48 degrees of freedom
AIC: 108.79

Null deviance: 128.247 on 49 degrees of freedom
Residual deviance: 46.268 on 48 degrees of freedom
AIC: 108.79

Number of Fisher Scoring iterations: 5 Number of Fisher Scoring iterations: 5
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glm-binomial regression model %5 - AE

R

glm-binomial regression model for (0,1) data

o i P AR
xq o library(ciTools)
O plot(n.response/n.obs~pupage, data=seal)
INgee e seal<-seal[order(sealSpupage),]
00 i d_seall<-add_ci(seal, mod.seal3, alpha = 0.05, names = c("lwr", "upr"))
) SN ’ lines(d_seallSpupage, d_seallSpred, col = "red", Iwd = 1,lty="solid")
8 o&% . lines(d_seallSpupage, d_seal1Supr, col = "red", lwd = 1,Ity="dotted")
N 00“;1;;_:10_6?__% lines(d_seallSpupage, d_seal1Slwr, col = "red", lwd = 1,Ity="dotted")
5 10 15 20 25 30

pupage
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n.response/n.obs
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mod.seal3 <- glm(cbind(n.response,
n.obs-n.response)~pupage,
data=seal,family=binomial)
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sealSp<-sealSn.response/sealSn.obs
mod.seal5 <- gim(p~pupage,
data=seal,family=binomial,
weights=n.obs)

n.response/n.obs
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pupage
sealSp<-sealSn.response/sealSn.obs
mod.seald <- glm(p~pupage,
data=seal, family=binomial)
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> summary(mod.seal4)

call:

regression model

gim(formula = p ~ pupage, family = binomial(1ink = logit), data = seal,

weights = n.obs)

Deviance Residuals:
Min 1Q Median 3Q MaXx
-2.0344 -0.7424 -0.2253 0.5240 1.9548

Coefficients:

Estimate std. Error z value Pr(>|z|)
(Intercept) 1.46130 0.34117
pupage -0.20626 0.02874

Signif. codes: 0 ‘*#**’ 0.001 “**’ 0.01 ‘*’ 0.05

4.283 1.84e-05 *%**
-7.176 7.19e-13 #*%*

701 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 128.247 on 49 degrees of freedom
Residual deviance: 46.268 on 48 degrees of freedom

AIC: 108.79

Number of Fisher Scoring iterations: 5

Residual deviance 5 df — & KBME, NAFELTEEE

Z Residual deviancefH & KT df ,

N 3R AR B A P R R
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EFELERRL AKX,

*H quasibinomial[=] )

mod.seal7 <- glm(cbind(n.response, n.obs-n.response)~pupage,

data=seal,family=quasibinomial)

summary(mod.seal7)

call:
glm{formula = cbind{n.response, n.obs - n.
family = gquasibinomial, data = seal)

Deviance Residuals:

response) -~ pupage,

Min 1Q Median 30 Max
-2.0344 -0.7424 -0.2253 0. 5240 1. 9548

Coefficients:

Estimate std. Error t value pPri{=|t|)

(Intercept) 1.46130 0.35858 4.075 0.000172 #%*
pupage -0. 20626 0.03021 -6.827 1.35e-08 #%%
signif. codes: 0 “#=#=* §,001 ‘*=' Q.01 ‘=’ 0.05 *.' 0.1 * ' 1

(Dispersion parameter for quasibinomial family taken to be 1.104669)

Null deviance: 128.247 on 49 degrees of freedom
Residual deviance: 46.268 on 48 degrees of freedom

AIC: MNA

Number of Fisher scoring iterations: 5

=



: (0,1) Wt

FE/J‘LL
sigma2<-sum(residuals(mod.seal3, type="pearson")"2)/48 ##>K

= 57gmaz2
[1] 1.104667

summary(mod.seal3,dispersion=sigma?2) ##

L—a —- ==

BEBRL

= 5ummary(mud seal3,dispersion=sigma2)

call:

glm{formula = chind{n.response, n.obs - n.response) ~ pupage,

family = binomial, data = seal)
Deviance Residuals:

Min 10 Median 30
-2.0344 -0.7424 -0.2253 0. 5240

Coefficients:
Estimate std.

(Intercept) 1.46130 0. 35858
pupage -0. 20626 0.03021
signif. codes:

Max
1.9548

Error z value pPri{=|z|)
4,075 4,60e-05 #%=
-6, 827 B.Bde-12 =#=¥¥

0 f===' Q0,001 **=' 0.01 **° 0.05 “." 0.1 * " 1

(Diseersinﬂ Earameter for binomial fami1¥ taken to be 1.104667)

128, 247
46. 268

on 49
on 48

Null dewviance:
Residual deviance:
ATC: 10E.79

Mumber of Fisher Scoring iterations:

HERBERER

degrees of freedom
degrees of freedom

5

glm -binomial regression model

‘?b

A RET] LR R B LA R
SRV EiER

H T B TR 2T

> summary{mod.seal?)

call:

glm(formula = chind(n.response, n.obs - n.response) ~ pupage,

family = quasibinomial, data = seal)
Deviance Residuals:

Min 19 Median 30 Max
-2.0344 -0.7424 -0.2253 0.5240 1.9548

Coefficients:
Estimate std.

1.46130
-0. 20626

Error t value Pr(=|t]|)
0.35858  4.075 0.000172 =w=
0.03021 -6.827 1.35e-08 ##=

(Intercept)
pupage

signif. 0 f#=s' 0,001 **=' 0.01 **° 0.05 . 0.1 ° "1

{(Dispersion Earameter for Huasibiﬂumia1 fami1¥ taken to be 1.104669)

128.247 on 49
46.268 on 48

codes:

Null deviance:
Residual deviance:
ATC: MNA

degrees of freedom
degrees of freedom

Mumber of Fisher Scoring iterations: 5

P —Im4345 (quasibinomial) [E])H
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glm--gamma

Iq -
®

gml<-glm(y~x,family=Gamma(link="inverse"))

fake data_a<-fake data_a[order(fake_data_aSx),]

plot(y~x,data=fake_data_a, pch=19)

Im_ci<-add_ci(fake _data_a, gm1, alpha = 0.05,

inverse link (ER1A) vs log link

gm2<-glm(y~x,family=Gamma(link="log"))
gdata<-gdata[order(gdatas$x),]
plot(y~x,data=gdata, pch=19)

names = c("lwr", "upr")) Im_ci<-add_ci(gdata, gm2, alpha = 0.05,names = c("lwr", "upr"))
lines(Im_ci$x, Im_ciSpred, col = "red", Iwd = 1,lty="solid") lines(Im_ci$x, Im_ciSpred, col = "red", Iwd = 1,lty="solid")
lines(Im_ciSx, Im_ciSlwr, col = "red", lwd = 1,Ity="dotted") lines(Im_ciSx, Im_ciSlwr, col = "red", lwd = 1,Ity="dotted")
lines(Im_ciSx, Im_ciSupr, col = "red", lwd = 1,Ity="dotted") lines(Im_ciSx, Im_ciSupr, col = "red", lwd = 1,Ity="dotted")
glm-gamma regression, inverse link glm-gamma regression, log link
> rsq(gnl) TR '
- 4 [1] 0.3092024 s 60 —| wodel 1y~ .
> rsq(gm2) o "ioF ‘LogLik oF chisq pr(schis) L
< [1] 0.5976167 A L - 2370527 029.067 < 2.26-16 +us .
) * . ;'_i;n'if. codes: 0 ‘*%%' (0,001 ‘**’ 0.0l ‘*’ 0.05 *.” 0.1 ' "1 * ., .,' -
I I I I I I I I I I
1.0 -0.5 0.0 0.5 1.0 -1.0 -0.5 0.0 0.5 1.0
x FHERKIR: https://rpubs,com/jwesner/gamma_glm



glm--gammale] )4 -
inverse link (BR1A) vs log link

> pp_check(gml, iterations=1000)
> pp_check(gm2, iterations=1000)

Posterior Predictive Check Posterior Predictive Check

-y
yrep

A gm2 LT gm1l

- ¥
yrep
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Squid <- read.delim("Squid.txt")

SquidSfMONTH=factor(SquidSMONTH)

m9 <- Im(Testisweight ~ DML * fMONTH,data=Squid)

par(mfrow = c(2,2), mar=c(4,4,2,2))

plot(m9, which=c(1), col=1, add.smooth=F, caption="")

a<-resid(m9)

b<-data.frame(SquidSDML)

c<-c(a,b)

na.action = na.omit

plot(SquidSFMONTH, resid(m9), xlab="Month",
ylab="Residuals")

plot(SquidSDML~m9Sresiduals,

xlab="DML",ylab="Residuals")

Residuals

Residuals
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##t AN [A) H o 18] 7 22 55 A 06
bartlett.test(Testisweight ¥~ fMONTH, data =Squid )
> bartlett.test(Testisweight ~ fMGNTH', data =§qu‘i:d ) 0 & 10 1

100 200 300 400 500

Bartlett test of homogeneity of variances DML

data: Testisweight by fMONTH
Bartlett's K-squared = 267.97, df = 11, p-value < 2.2e-16
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##1) FOVF T NG R AR I G ORI 3 K (18 T 44 =)

library(nlme)

M.gls1<-gls(Testisweight~DML*fMONTH,
weights=varFixed(~*DML),data=Squid)




3 22 7 I 9] ;- R L O R --
(J" N/ RixmRgls, TREHTESM)

##2) UVF T ZRE R E R E (B8R E=) KFRIAFRTmA I
M.gls2 <- gls(Testisweight ¥~ DML*fMONTH,
weights=varldent(form= ~ 1|fMONTH), data =Squid)




18 € )T 72 k'%gggﬁﬁ%%
a@Amﬁ%ﬁmﬁiXWﬁu*/1ﬁ , gls

[F]IN 0 VF T 2 G 1 2 AR A7 SRAR B T AR
M.gls3<-gls(Testisweight ~ DML * fMONTH,
weights =varComb(varldent(form=~1 | fMONTH),
varExp(form =~ DML) ), data = Squid)

##Xj‘ H:TH *ﬁ*jgéﬂiﬂ = anova(M.glsl,m.gls2,Mm.gls3)

Model df AIC BIC logLik  Test  L.Ratio p-value
1 25 3620.B98 3736.199 -1785.449

.gl
anova(l\/l.glsl,l\/l.glsZ,M.gIs3) E.géé 2 36 3614.436 3780.469 -1771.218 1 vs 2 28.46162 0.0027

M.gls3 3 37 3414.817 3585.463 -1670.409 2 vs 3 201.61841 <=.0001

AIC(M.gls1,M.gls2,M.gls3) > ATC(M. g1s1,M. g152,M. g153)

M.glsl 25 3620. 898
M.gls2 36 3614.436
M.gls3 37 3414.817

5 2 458 W.Mixed Effects Models and Extensions in Ecology with R— 538 JU
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Sources
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2000
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SampleDepth

additive model

linear regression model

Sources
40

1000 2000 3000 4000 2000

SampleDepth

R HIRIPE Mixed Effects Models and Extensions in Ecology with R
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additive model

®
[ ]

Additive model
library(mgcv) ® 1 &
am<-gam(Sources~s(SampleDepth),data=isit)
summary(am) o | .
plot(Sources”SampleDepth,data=isit) %
am_ci<-add_ci(isit, am, alpha = 0.05, names = ¢("lwr", "upr"))n

40

lines(am_ciSSampleDepth, am_ciSpred, col = "blue", lwd =
2,lty="solid")

lines(am_ciSSampleDepth, am_ciSupr, col = "blue", lwd =
2,lty="dotted")

lines(am_ciSSampleDepth, am_ciSlwr, col = "blue", lwd =
2,Ity="dotted")

SUUIY

20

SampleDepth



gam P A 1) B H] ZE 451

a ;o0 - b C

fi55 2.8 d
680 - 2 2.7 4
660 - 1.00 2.6
40
o 0.98 - 2.5
820 2.4 4
600 0.96 - =2l )
580 — : Chinook salmon
630 1.0 A 3.6 4
620 e 3.5 -
610 - ® 3.4
- [<b]
E 600 S oo S 3.3 -
£ 590 - e 0.5 S 32
= 580 - © L 31
= = 1.0 g 30 Chum salmon
S 650 - < 155+ =
— 640 © 1.50  1.05 4
& 630 = 1.45 4 c
@« - c ¢ i
= 620 1 S 1.40 - S 1.00
610 = 1.354 = FBE
600 1.30 ;
i 1.25 i
D0 1.20 0:20 Coho salmon
560 — Sk 2.75
550 1.25 2.70 -
540 - 1.20 265
£a5 1.15
1.10 2.60 -
520 1.05 Sa
i . i r 1.00 ; : ; : > y ‘ . . Sockeye salmon
1980 1990 2000 2010 1980 1990 2000 2010 1980 1990 2000 2010
Year Year Year

chinook_yr <- gam(mean_length ~ LocationID + SASAP.Region + s(sampleYear) ,data=dat.ck)

Oke, K. B., C. J. Cunningham, P. A. H. Westley, M. L. Baskett, S. M. Carlson, J. Clark, A. P. Hendry, V. A. Karatayev, N. W. Kendall, J. Kibele, H. K.
Kindsvater, K. M. Kobayashi, B. Lewis, S. Munch, J. D. Reynolds, G. K. Vick, and E. P. Palkovacs. 2020. Recent declines in salmon body size impact
ecosystems and fisheries. Nature Communications 11.
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Moorhen abundance on Kauai
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M_tl<-gls(Birds ~ Rainfall + Year, na.action = na.omit,

correlation = corCompSymm(form ="~ Year),

data=Hawaii)

(gls)



T 7€ I 18] B AH R B 25 44 287 (gls)

##2) ar(1)BLEHAHRE M I [ BE B8k, v AH PRk SE

G ar(1) BEIE A B TR 5 AH O (2 =) 2

M_t2<-gls(Birds ~ Rainfall + Year, na.action = na.omit,
correlation = corAR1(form ="~ Year), data = Hawaii)

S Lk b S TR 22R R > ##B1EFE1P2ERI bk
##Q*H%éﬂa;@jﬁilijép =~ ATC [:r.,.'|_1l-_]_!|'|..'|_t2::|
AIC(M t1,M t2) df AIC

\ . . 1 5 230.4798
HHE G 5 22 I (8] H AH <45 ) s 1Y E_Eg 5 109.1304

?nime::gls
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Residuals

Y -coordinates

X-coordinates

-2.607
-0.694
-0.04
0.567
2.049

#HR code

B1A<-gls(Bor ~ Wet,correlation=corSpher(form="x+y, nugget=T),data=Boreality)
B1B<-gls(Bor ~ Wet,correlation=corRatio(form="x+y, nugget=T),data=Boreality)
B1C<-gls(Bor ~ Wet,correlation=corGaus(form="~x+y, nugget=T),data=Boreality)
B1D<-gls(Bor ~ Wet,correlation=corExp(form="~x+y, nugget=T),data=Boreality)
##AH I 45 1) 1R e %

AIC(B1A,B1B,B1C,B1D)

> AIC(B1lA,B1B,B1C,B1D)
df AIC

B1A 5 2/739.072

B1B 5 2732.930

B1C 5 2736.292

B1D 5 2/732.224

Z B RPFE Mixed Effects Models and Extensions in Ecology with R



Variogram
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By M ERN-RERKBRA
r»mﬁ% ARG K E w7/ —3k[E H(PGLS)

M eximia
M australis australis
M australis duvaucelli
M pulcherrima

M armillaris

M henricii Iibrary(ape)

M faiostricta

M franklinii frankli
= 1A ok vt library(nime)
M franklinii auricularis . .
M morticola library(geiger)
corvina
= ) M clivsoneaan datos<-read.csv("Barbetdata.csv",header=TRUE, row.names = 1)
N oL arbol<-read.nexus("BarbetTree.nex")

M ticad N
M 2aicn aavson library(phytools)
MOoptl faber | tT ( b |)
oorti sini
MOom nutchalls p otireejarbo
bt library(caper)
i arbol.cortado<-drop.tip(arbol, objStree_not_data)
M hneata hodgsoni

M lineata lineata datos<-read.csv("Barbetdata.csv",header=TRUE)

M mystacophanos

— #HHHRIE— MRS, EREMTHEENRERENER

EM{;‘,‘%ﬁQd'e” comp.data<-comparative.data(arbol.cortado, datos,
Psil loph . .
 — Wubncapills maiaarica names.col="Species", vcv.dim=2, warn.dropped=TRUE)

M rubricapillus rubricapillus

M haemacephala intermedia
e oo
aemacep N .
M haemacephala rosea ZA5IKVR: http://www.phytools.org/Cordoba2017/ex/4/PGLS.html
r— Calorhamphus fuliginosus hayi

L— Calorhamphus fuliginosus fuliginosus



X FH PGLSEL R 43 BT wing % 5 Frpatch B R2

pml<-pgls(patch~wing, data=comp.data, lambda="ML")

_ > pgls_Th<-pgls.profile(pgls_ml, which="Tambda")
> pml<-pgls(patch~wing, data=comp.data, lambda="mL") > plot(pgls_1h)
> summary (pml)
call: -
pgls(formula = patch ~ wing, data = comp.data, lambda = "ML") i
Residuals: o

Min 10 Median 30 Max § ]
-1.0708 -0.2744 0.0189 0.5531 1.1698
10
Branch Tength transformations: Sl
kappa [Fix] : 1.000 * o
Tambda [ ML] : 0.752 2 w -
Tower bound : 0.000, p = 0.017467 s
upper bound : 1.000, p = 0.019576
95.0% CI : (0.183, 0.978) i
delta [Fix] : 1.000 r~
Coefficients: o
Estimate Std. Error t value Pr(>|t]) @ -
(Intercept) 35.5609 14.4246 2.4653 0.01943 *
winhg -6.6440 3.1915 -2.0818 0.04571 = "
_— ©
signif. codes: 0 ‘**%’ 0,001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ' 1 w ! ! ! ! ! !

0.0 02 0.4 06 0.8 1.0
Residual standard error: 0.6115 on 31 degrees of freedom
Multiple R-squared: 0.1227, Adjusted R-squared: 0.09435 lambda
F-statistic: 4.334 on 1 and 31 DF, p-value: 0.04571
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