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R scripts



A) General information. Source data

# Text color meaning: blue colored text represents the R scripts, black text shows authors 
# annotations or descriptive information, green colors is selected R output.

# R packages

library(plyr) # function ddply (split data frame, apply function, and return results in a data 
# frame) 
# function rename (modify names by name, not position)
library(car) #function recode (recodes a numeric vector, character vector, or factor according to # simple recode specifications)
library(fmsb) # function pairwise.fisher.test (this function can test the null-hypothesis of no 
# difference in any pair of proportions for more than 2 groups, with adjustment of type I error 
# for multiple comparison)
library(predictmeans) #function predictmeans (obtains predicted means, se of means and sed of  # means)
library(psych) # function describeBY (report basic summary statistics by a grouping variable)
library(RColorBrewer) # function brewer.pal (makes the color palettes)

#Data files

#Data file: data.call.txt. Calling behavior. Variables: fecha (date); inic.scot (time of scotophase beginning); inic.phot (time of photophase beginning); ind (identification number for each individual); sp (species); tto (treatment received by the insect: normal= untreated females, control = acetone-treated females, LC0.001, LC1, LC10 or LC20=Thiachloprid-treated females); hora (planned hour of observations); hora.r (real hour of observations); call (result of call observations; 0=no call, 1=call); hora.n (assigned observation hour, in decimal units). These data are used to analyze the amount of calling and to make Table 1, Table S2, Figure 1, and Figures S4-S6.

#Data file: call.mxd.txt. Start, end and mid-point calling behavior times for calling individuals. List of variables: id (identification number; combination of date and id of individual variables); sp (species); tto (treatment received by the insect: control = acetone, or insecticide concentration in LC0.001, LC1, LC10 or LC20); start, end and med (minutes elapsed from the beginning of the observation: C. pomonella and L. botrana started 2h before the onset of the scotophase, G. molesta started 8h before the onset of the scotophase). These data are used to analyze calling period, and to make Table 2.

#Data file: data.pher.txt. Results from GC-FID analysis. List of variables: ref (sample id number); sp (species); tto (treatment received by the insect: control = acetone, or  insecticide concentration in LC0.001, LC1, LC10 or LC20); f.ext (date of gland extraction); h.i.ext (starting hour of gland extraction, time when the gland is put in the solvent); h.f.ext (time when glandis removed from the solvent); f.inj (date of sample injection in GC); v.inj (final volume of sample  injected); file (GC-FID filename); rt.std (retention time of internal standard, ISTD); a.std  (peak area of ISTD); rt.n and a.n (retention times and areas of peaks 1 to 11: rt.1 = 12:OH; rt.2 = (E)9-12:OH; rt.3 = 14:OH; rt.4, (E),(E)-8,10-12:OH; rt.5 = (E)8-12:Ac; rt.6 = (Z)8-12:Ac; rt.7 = (Z)8-12:OH; rt.8 = (E)9-12:Ac; rt.9 = (Z)9-12:Ac+11-12: Ac; rt.10 = (E),(Z)-7,9-12:Ac; rt.11 = (E),(Z)-7,9-12:OH). These data are used in the analysis pheromone gland content, and to make Table 3 and Figure 2 (these data are contained in the next datafile: data.pher.means.sem.pred.txt).

#data file: data.pher.means.sem.pred.txt. Estimated calling parameters from the GLM model in section B.1 below. List of variables: sp (species); tto (treatment received by the insect: control = acetone, or insecticide concentration in LC0.001, LC1, LC10 or LC20); compound  (pheromone compounds); mean (estimated mean quantity of compounds); ci95low – ci95high (95%  confidence intervals); se (standard error). These data are used to make Figure 2. 

#Data file: data.mort.call.2.txt. Mortality caused by the sublethal doses of insects used in the calling behavior test. List of variables: ref (identification number for each treatment repetition); fechatto (date); sp (species); insect (insecticide treatment = Thiacloprid, or control treatment =  acetone); LC (estimated lethal concentration, according with Navarro-Roldán, et al., 2017 in  JEE); concen (insecticide concentration in ng); N (sample size); N24 (number of insects deat at 24 h  post-treatment).

#Data file: data.mort.pher.2.txt. Mortality caused by the sublethal doses of insects used in the pheromone gland analysis test. List of variables: same as in data.mort.call.2.txt.

#These last two files are used to make Table S1.

# The data of all these files are included in the supplementary .xlsx file

B) Calling behavior assay

B.1) Effect of sublethal concentrations of Thiachloprid on the amount of calling behaviour (Table 1)

# data file: data.call.txt

# 1. Read data

dc<- read.table(file="data.call.txt", header=T, dec=".")
#exclude the treatment "normal" which are the insects that were not treated with acetone or insecticide and were used just to determine the calling period of each species:
dc=dc[dc$tto!="normal",]
dc$tto=as.factor(as.character(dc$tto))
levels(dc$tto)#Check the removal of "normal"
[1] "control" "LC0.001" "LC1"     "LC10"    "LC20"

dc<- dc[,c(1,4:6,9,10)] #Column selection
dc$min <- c((dc$hora.n-8)*60) #Convert the hour to minutes (from the beginning of observations)
dc$call.t<- recode(dc$call, '0=0;1:3=1', as.factor.result=TRUE) #Reduce calling categories (do not call =0, call =1).
dc$id <- paste(dc$fecha,dc$ind,sep="-") # Create new composite variable with date and insect id= date id + individual id
dc<- dc[,c(9,3,4,7,8)] # Select columns

# 2. Analysis of calling behavior

#We analyse the amount of calling behaviour during the calling period (the onset and end times of the calling period of each species are estimated in section B.1). Below are the minutes (after observations started) at which calling started and ended in each species as determined in section B.1: C. pomonella 150 and 450 min, G. molesta 330 and 450 min, L. botrana 120 and 195 min.

# Create vectors with the calling behaviour during the calling times of each species

cp <- subset(dc,sp=="c.p" & min > 135 & min < 480)
gm <- subset(dc,sp=="g.m" & min > 300 & min < 480)
lb <- subset(dc,sp=="l.b" & min > 105 & min < 210)

# Statistical analysis for the effect of Thiachloprid on the amount of calling. During the calling period N individuals were observed T times, so there were N x T total observations, and for each of these observations we scored whether the female called or not. The statistical analysis compares the proportion of calls and non-calls, out of the total observations, for each Thiacloprid treatment. For example, if 60 females were treated with acetone and 65 with LC10, and there were 20 observations during the calling period, then there were a total of 60x20 and 65x20 total observations for acetone and LC10 females, respectively. If out of the 1200 acetone and 1300 LC10 total observations there were 1000 and 500 scored callings, then the percentages of calling were 1000/1200 (83.33%) and 500/1300 (38%) for acetone and LC10 respectively. 

Calling behavior requires a statistical model for variables with binomial distribution (the outcome is double: call or not call). A generalized linear model (GLM) is suitable for this type of analysis because it can handle binomial distributions.

model.cp <- glm(call.t~tto,family=binomial,data=cp)#GLM model for Cydia pomonella
aov.m<- anova(model.cp,test="Chisq")
aov.m
     Df Deviance Resid. Df Resid. Dev  Pr(>Chi)    
NULL                  4549     6182.8              
tto   4   485.24      4545     5697.5 < 2.2e-16 ***
predictmeans(model.cp, "tto",adj="tukey", plot=F) # generate predicted mean, standard error of means and pairwise comparisons.
`Pairwise p-values`
        control LC0.001     LC1    LC10    LC20
control       0  7.5949 11.4203 14.0088 19.5185
LC0.001       0  0.0000  4.0733  6.6262 12.9140
LC1           0  0.0005  0.0000  2.4419  9.0142
LC10          0  0.0000  0.1045  0.0000  6.8771
LC20          0  0.0000  0.0000  0.0000  0.0000
Group
control  A   
LC0.001   B  
LC1        C 
LC10       C 
LC20        D

model.gm <- glm(call.t~tto,family=binomial,data=gm)#GLM model for Grapholita molesta
aov.m<- anova(model.gm,test="Chisq")
aov.m
     Df Deviance Resid. Df Resid. Dev  Pr(>Chi)    
NULL                  1624     2191.3              
tto   4   344.46      1620     1846.8 < 2.2e-16 ***
predictmeans(model.gm, "tto",adj="tukey", plot=F)
`Pairwise p-values`
        control LC0.001    LC1   LC10    LC20
control  0.0000  1.1687 4.1732 7.9620 14.3067
LC0.001  0.7693  0.0000 3.0578 6.9792 13.6123
LC1      0.0003  0.0192 0.0000 4.1080 11.4008
LC10     0.0000  0.0000 0.0004 0.0000  7.9830
LC20     0.0000  0.0000 0.0000 0.0000  0.0000
Group
control  A   
LC0.001  A   
LC1       B  
LC10       C 
LC20        D
model.lb <- glm(call.t~tto,family=binomial,data=lb)#GLM model for Lobesia botrana
aov.m<- anova(model.lb,test="Chisq")
aov.m
     Df Deviance Resid. Df Resid. Dev Pr(>Chi)  
NULL                  1949     2702.4           
tto   4   12.946      1945     2689.5  0.01154 *
predictmeans(model.lb, "tto",adj="tukey", plot=F)
        control LC0.001    LC1    LC10   LC20
control  0.0000  2.6341 2.9074  2.8177 2.9991
LC0.001  0.0647  0.0000 0.2980  0.1286 0.3504
LC1      0.0302  0.9983 0.0000 -0.1770 0.0474
LC10     0.0392  0.9999 0.9998  0.0000 0.2287
LC20     0.0230  0.9968 1.0000  0.9994 0.0000
Group
control    A 
LC0.001    AB
LC1         B
LC10        B
LC20        B

#NOTE: Table 1 shows predicted values obtained with predictmeans()


B.2) Calling behaviour plots (Figure 1, Figure S3 and Figures S4-6)

B.2.1) Figure 1

# data file: data.call.txt

# 1. Data read

dc<- read.table(file="data.call.txt", header=T, dec=".")
dc<- dc[,c(1,4:6,9,10)]
dc$call.t<- recode(dc$call, '0=0;1:3=1', as.factor.result=TRUE)
dc<- dc[,c(3,4,6,7)]

# 2. Vectors

# by species

cp <- subset(dc,sp=="c.p")
gm <- subset(dc,sp=="g.m")
lb <- subset(dc,sp=="l.b")

# by treatment + species

cpc <- subset (cp, tto=="control")
cp0 <- subset (cp, tto=="LC0.001")
cp1 <- subset (cp, tto=="LC1")
cp10 <- subset (cp, tto=="LC10")
cp20 <- subset (cp, tto=="LC20")
cpn <- subset (cp, tto=="normal")

gmc <- subset (gm, tto=="control")
gm0 <- subset (gm, tto=="LC0.001")
gm1 <- subset (gm, tto=="LC1")
gm10 <- subset (gm, tto=="LC10")
gm20 <- subset (gm, tto=="LC20")
gmn <- subset (gm, tto=="normal")

lbc <- subset (lb, tto=="control")
lb0 <- subset (lb, tto=="LC0.001")
lb1 <- subset (lb, tto=="LC1")
lb10 <- subset (lb, tto=="LC10")
lb20 <- subset (lb, tto=="LC20")
lbn <- subset (lb, tto=="normal")

# Cydia pomonella

# control

cpc<- aggregate(cpc$call.t!="0",list(cpc$hora.n),FUN=sum)
summary(cpc) 
x<-64
cpc$n <- c(x)
cpc<- rename(cpc, c("Group.1"="hour", "x"="call"))
per.call<- c(cpc$call/cpc$n)
cpc$per.call<- round(per.call, digits=2)

# lc0

cp0<- aggregate(cp0$call.t!="0",list(cp0$hora.n),FUN=sum)
summary(cp0) 
x<-63
cp0$n <- c(x)
cp0<- rename(cp0, c("Group.1"="hour", "x"="call"))
per.call<- c(cp0$call/cp0$n)
cp0$per.call<- round(per.call, digits=2)

# lc1

cp1<- aggregate(cp1$call.t!="0",list(cp1$hora.n),FUN=sum)
summary(cp1) 
x<-61
cp1$n <- c(x)
cp1<- rename(cp1, c("Group.1"="hour", "x"="call"))
per.call<- c(cp1$call/cp1$n)
cp1$per.call<- round(per.call, digits=2)

# lc10

cp10<- aggregate(cp10$call.t!="0",list(cp10$hora.n),FUN=sum)
summary(cp10) 
x<-69
cp10$n <- c(x)
cp10<- rename(cp10, c("Group.1"="hour", "x"="call"))
per.call<- c(cp10$call/cp10$n)
cp10$per.call<- round(per.call, digits=2)

# lc20

cp20<- aggregate(cp20$call.t!="0",list(cp20$hora.n),FUN=sum)
summary(cp20) 
x<-68
cp20$n <- c(x)
cp20<- rename(cp20, c("Group.1"="hour", "x"="call"))
per.call<- c(cp20$call/cp20$n)
cp20$per.call<- round(per.call, digits=2)


# Grapholita molesta

# control

gmc<- aggregate(gmc$call.t!="0",list(gmc$hora.n),FUN=sum)
summary(gmc) 
x<-65
gmc$n <- c(x)
gmc<- rename(gmc, c("Group.1"="hour", "x"="call"))
per.call<- c(gmc$call/gmc$n)
gmc$per.call<- round(per.call, digits=2)

# lc0

gm0<- aggregate(gm0$call.t!="0",list(gm0$hora.n),FUN=sum)
summary(gm0) 
x<-65
gm0$n <- c(x)
gm0<- rename(gm0, c("Group.1"="hour", "x"="call"))
per.call<- c(gm0$call/gm0$n)
gm0$per.call<- round(per.call, digits=2)

# lc1

gm1<- aggregate(gm1$call.t!="0",list(gm1$hora.n),FUN=sum)
summary(gm1) 
x<-65
gm1$n <- c(x)
gm1<- rename(gm1, c("Group.1"="hour", "x"="call"))
per.call<- c(gm1$call/gm1$n)
gm1$per.call<- round(per.call, digits=2)

# lc10

gm10<- aggregate(gm10$call.t!="0",list(gm10$hora.n),FUN=sum)
summary(gm10) 
x<-66
gm10$n <- c(x)
gm10<- rename(gm10, c("Group.1"="hour", "x"="call"))
per.call<- c(gm10$call/gm10$n)
gm10$per.call<- round(per.call, digits=2)

# lc20

gm20<- aggregate(gm20$call.t!="0",list(gm20$hora.n),FUN=sum)
summary(gm20) 
x<-64
gm20$n <- c(x)
gm20<- rename(gm20, c("Group.1"="hour", "x"="call"))
per.call<- c(gm20$call/gm20$n)
gm20$per.call<- round(per.call, digits=2)


# Lobesia botrana

# control

lbc<- aggregate(lbc$call.t!="0",list(lbc$hora.n),FUN=sum)
summary(lbc) 
x<-63
lbc$n <- c(x)
lbc<- rename(lbc, c("Group.1"="hour", "x"="call"))
per.call<- c(lbc$call/lbc$n)
lbc$per.call<- round(per.call, digits=2)

# lc0

lb0<- aggregate(lb0$call.t!="0",list(lb0$hora.n),FUN=sum)
summary(lb0) 
x<-64
lb0$n <- c(x)
lb0<- rename(lb0, c("Group.1"="hour", "x"="call"))
per.call<- c(lb0$call/lb0$n)
lb0$per.call<- round(per.call, digits=2)

# lc1

lb1<- aggregate(lb1$call.t!="0",list(lb1$hora.n),FUN=sum)
summary(lb1) 
x<-62
lb1$n <- c(x)
lb1<- rename(lb1, c("Group.1"="hour", "x"="call"))
per.call<- c(lb1$call/lb1$n)
lb1$per.call<- round(per.call, digits=2)

# lc10

lb10<- aggregate(lb10$call.t!="0",list(lb10$hora.n),FUN=sum)
summary(lb10) 
x<-70
lb10$n <- c(x)
lb10<- rename(lb10, c("Group.1"="hour", "x"="call"))
per.call<- c(lb10$call/lb10$n)
lb10$per.call<- round(per.call, digits=2)

# lc20

lb20<- aggregate(lb20$call.t!="0",list(lb20$hora.n),FUN=sum)
summary(lb20) 
x<-65
lb20$n <- c(x)
lb20<- rename(lb20, c("Group.1"="hour", "x"="call"))
per.call<- c(lb20$call/lb20$n)
lb20$per.call<- round(per.call, digits=2)

# PLOT

# C. pomonella

mar=c(0.5,2,1,0.5)
plot(1,type="n",ylim=c(0,1),xlim=c(7,21),axes=FALSE,ann= FALSE)
axis(2, at=seq(0 , 1, by=0.2), pos=(8.0),las=2,lwd=1.5,cex.axis=2)
axis(1, at=c(8,10,12,14,16,18,20), lab=c("-2","0","2","4","6","8","2"),cex.axis=2)
lines(cpc$hour,cpc$per.call,col="navy",lwd=3,lty=1)
lines(cp0$hour,cp0$per.call,col="forestgreen",lwd=3,lty=1)
lines(cp1$hour,cp1$per.call,col="blue",lwd=3,lty=1)
lines(cp10$hour,cp10$per.call,col="darkorchid",lwd=3,lty=1)
lines(cp20$hour,cp20$per.call,col="red",lwd=3,lty=1)
text(11,0.95,"Cydia pomonella", col="black", font=3,cex=2.5)
points(cpc$hour,cpc$per.call,pch=16,col="navy",lwd=2, cex=1.2)
points(cp0$hour,cp0$per.call,pch=16,col="forestgreen",lwd=2, cex=1.2)
points(cp1$hour,cp1$per.call,pch=16,col="blue",lwd=2, cex=1.2)
points(cp10$hour,cp10$per.call,pch=16,col="darkorchid",lwd=2, cex=1.2)
points(cp20$hour,cp20$per.call,pch=16,col="red",lwd=2, cex=1.2) 
[image: ]

# G. molesta

plot(1,type="n",ylim=c(0,1),xlim=c(7,21),axes=FALSE,ann= FALSE)
axis(2, at=seq(0 , 1, by=0.2), pos=(8.0),las=2,lwd=1.5,cex.axis=2)
axis(1, at=c(8,10,12,14,16,18,20), lab=c("-8","-6","-4","-2","0","2","4"),cex.axis=2)
lines(gmc$hour,gmc$per.call,col="navy",lwd=3,lty=1)
lines(gm0$hour,gm0$per.call,col="forestgreen",lwd=3,lty=1)
lines(gm1$hour,gm1$per.call,col="blue",lwd=3,lty=1)
lines(gm10$hour,gm10$per.call,col="darkorchid",lwd=3,lty=1)
lines(gm20$hour,gm20$per.call,col="red",lwd=3,lty=1)
text(11.3,0.95,"Grapholita molesta", col="black", font=3,cex=2.5)
mtext("Proportion  of  females  calling", side=2, line=1, cex=3, col="black", outer=F)
points(gmc$hour,gmc$per.call,pch=16,col="navy",lwd=2, cex=1.2)
points(gm0$hour,gm0$per.call,pch=16,col="forestgreen",lwd=2, cex=1.2)
points(gm1$hour,gm1$per.call,pch=16,col="blue",lwd=2, cex=1.2)
points(gm10$hour,gm10$per.call,pch=16,col="darkorchid",lwd=2, cex=1.2)
points(gm20$hour,gm20$per.call,pch=16,col="red",lwd=2, cex=1.2)

 [image: ]

# L. botrana

plot(1,type="n",ylim=c(0,1),xlim=c(7,21),axes=FALSE,ann= FALSE)
axis(2, at=seq(0 , 1, by=0.2), pos=(8.0),las=2,lwd=1.5,cex.axis=2)
axis(1, at=c(8,10,12,14,16,18,20), lab=c("-2","0","2","4","6","8","2"),cex.axis=2)
lines(lbc$hour,lbc$per.call,col="navy",lwd=3,lty=1)
lines(lb0$hour,lb0$per.call,col="forestgreen",lwd=3,lty=1)
lines(lb1$hour,lb1$per.call,col="blue",lwd=3,lty=1)
lines(lb10$hour,lb10$per.call,col="darkorchid",lwd=3,lty=1)
lines(lb20$hour,lb20$per.call,col="red",lwd=3,lty=1)
text(11,0.95,"Lobesia botrana", col="black", font=3,cex=2.5)
mtext("Hour with respect to the onset of the scotophase", side=1, line=4, cex=3, col="black", outer=F)  
points(lbc$hour,lbc$per.call,pch=16,col="navy",lwd=2, cex=1.2)
points(lb0$hour,lb0$per.call,pch=16,col="forestgreen",lwd=2, cex=1.2)
points(lb1$hour,lb1$per.call,pch=16,col="blue",lwd=2, cex=1.2)
points(lb10$hour,lb10$per.call,pch=16,col="darkorchid",lwd=2, cex=1.2)
points(lb20$hour,lb20$per.call,pch=16,col="red",lwd=2, cex=1.2)

segments(17.5,0.85,18.5,0.85, lwd=3, lty=1, col="navy")
segments(17.5,0.75,18.5,0.75, lwd=3, lty=1, col="forestgreen")
segments(17.5,0.65,18.5,0.65, lwd=3, lty=1, col="blue")
segments(17.5,0.55,18.5,0.55, lwd=3, lty=1, col="darkorchid")
segments(17.5,0.45,18.5,0.45, lwd=3, lty=1, col="red")

text(19.45,0.85,"Control", col="black",cex=2)
text(19.60,0.75,"LC0.001", col="black",cex=2)
text(19.2,0.65,"LC1", col="black",cex=2)
text(19.3,0.55,"LC10", col="black",cex=2)
text(19.3,0.45,"LC20", col="black",cex=2)

points(18,0.85,pch=16,col="navy",lwd=2, cex=1.2)
points(18,0.75,pch=16,col="forestgreen",lwd=2, cex=1.2)
points(18,0.65,pch=16,col="blue",lwd=2, cex=1.2)
points(18,0.55,pch=16,col="darkorchid",lwd=2, cex=1.2)
points(18,0.45,pch=16,col="red",lwd=2, cex=1.2)
[image: ]

B.2.2) Figure S3

# data file: data.call.txt

# 1. Data read

dc<- read.table(file="data.call.txt", header=T, dec=".")
dc<- dc[,c(1,4:6,9,10)]
dc$call.t<- recode(dc$call, '0=0;1:3=1', as.factor.result=TRUE)
dc<- dc[,c(3,4,6,7)]

# vectors

# by species

cp <- subset(dc,sp=="c.p")
gm <- subset(dc,sp=="g.m")
lb <- subset(dc,sp=="l.b")

gm$hora.m <- c(gm$hora.n -6)

# by treatment + species

cpn <- subset (cp, tto=="normal")

gmn <- subset (gm, tto=="normal")

lbn <- subset (lb, tto=="normal")

# Cydia pomonella

#normal

cpn<- aggregate(cpn$call.t!="0",list(cpn$hora.n),FUN=sum)
summary(cpn) 
x<-69
cpn$n <- c(x)
cpn<- rename(cpn, c("Group.1"="hour", "x"="call"))
per.call<- c(cpn$call/cpn$n)
cpn$per.call<- round(per.call, digits=2)

# Grapholita molesta

#normal

gmn<- aggregate(gmn$call.t!="0",list(gmn$hora.m),FUN=sum)
summary(gmn) 
x<-75
gmn$n <- c(x)
gmn<- rename(gmn, c("Group.1"="hour", "x"="call"))
per.call<- c(gmn$call/gmn$n)
gmn$per.call<- round(per.call, digits=2)

# Lobesia botrana

#normal

lbn<- aggregate(lbn$call.t!="0",list(lbn$hora.n),FUN=sum)
summary(lbn) 
x<-69
lbn$n <- c(x)
lbn<- rename(lbn, c("Group.1"="hour", "x"="call"))
per.call<- c(lbn$call/lbn$n)
lbn$per.call<- round(per.call, digits=2)

# PLOT normal

x <- seq(4,20,length=1000)
plot(1,type="n",ylim=c(0,1),xlim=c(4,20),axes=FALSE,ann= FALSE)

axis(1, at=c(4,6,8,10,12,14,16,18,20), lab=c("-6","-4","-2","0","2","4","6","8","2"),cex.axis=1.3)
axis(2, at=seq(0 , 1, by=0.2),cex.axis=1.5)
box()
title(xlab="Hour relative to the onset of scotophase", col= "black",font.lab=1,cex.lab=1.6)
title(ylab="Proportion female calling", col= "black",font.lab=1,cex.lab=1.6)

# plot c.pomonella
lines(cpn$hour,cpn$per.call,col="blue4",lwd=3,lty=1)
# plot g.molesta
lines(gmn$hour,gmn$per.call,col="darkred",lwd=3,lty=1)
# plot l.botrana
lines(lbn$hour,lbn$per.call,col="darkgreen",lwd=3,lty=1)
#title(main="Female calling behaviour", col.main="black", font.main=3,cex.main=1.8)

[image: ]

B.2.3) Figure S4-6

# data file: data.call.txt

# 1. Data read

dc<- read.table(file="data.call.txt", header=T, dec=".")
dc$id <- paste(dc$fecha,dc$ind,sep=",")
dc<- dc[,c(11,5,6,10,9)]
dc<- subset(dc,hora.n==8.00 | hora.n==8.50 | hora.n==9:00 | hora.n==9.50 | hora.n==10.00 | hora.n==10.50 
| hora.n==11.00 | hora.n==11.50| hora.n==12.00 | hora.n==12.50| hora.n==13.00 | hora.n==13.50
| hora.n==14.00 | hora.n==14.50| hora.n==15.00 | hora.n==15.50| hora.n==16.00 | hora.n==16.50
| hora.n==17.00 | hora.n==17.50| hora.n==18.00 | hora.n==18.50| hora.n==19.00 | hora.n==19.50 | hora.n==20.00)

# vectors

# by species

cp <- subset(dc,sp=="c.p")
gm <- subset(dc,sp=="g.m")
lb <- subset(dc,sp=="l.b")

# by treatment + species

cpc <- subset (cp, tto=="control")
cp0 <- subset (cp, tto=="LC0.001")
cp1 <- subset (cp, tto=="LC1")
cp10 <- subset (cp, tto=="LC10")
cp20 <- subset (cp, tto=="LC20")
cpn <- subset (cp, tto=="normal")

gmc <- subset (gm, tto=="control")
gm0 <- subset (gm, tto=="LC0.001")
gm1 <- subset (gm, tto=="LC1")
gm10 <- subset (gm, tto=="LC10")
gm20 <- subset (gm, tto=="LC20")
gmn <- subset (gm, tto=="normal")

lbc <- subset (lb, tto=="control")
lb0 <- subset (lb, tto=="LC0.001")
lb1 <- subset (lb, tto=="LC1")
lb10 <- subset (lb, tto=="LC10")
lb20 <- subset (lb, tto=="LC20")
lbn <- subset (lb, tto=="normal")

# data matrix

cpcm<- as.matrix(tapply(cpc$call,list(cpc$id,cpc$hora.n),mean, na.rm=TRUE))
cp0m<- as.matrix(tapply(cp0$call,list(cp0$id,cp0$hora.n),mean, na.rm=TRUE))
cp1m<- as.matrix(tapply(cp1$call,list(cp1$id,cp1$hora.n),mean, na.rm=TRUE))
cp10m<- as.matrix(tapply(cp10$call,list(cp10$id,cp10$hora.n),mean, na.rm=TRUE))
cp20m<- as.matrix(tapply(cp20$call,list(cp20$id,cp20$hora.n),mean, na.rm=TRUE))

gmcm<- as.matrix(tapply(gmc$call,list(gmc$id,gmc$hora.n),mean, na.rm=TRUE))
gm0m<- as.matrix(tapply(gm0$call,list(gm0$id,gm0$hora.n),mean, na.rm=TRUE))
gm1m<- as.matrix(tapply(gm1$call,list(gm1$id,gm1$hora.n),mean, na.rm=TRUE))
gm10m<- as.matrix(tapply(gm10$call,list(gm10$id,gm10$hora.n),mean, na.rm=TRUE))
gm20m<- as.matrix(tapply(gm20$call,list(gm20$id,gm20$hora.n),mean, na.rm=TRUE))

lbcm<- as.matrix(tapply(lbc$call,list(lbc$id,lbc$hora.n),mean, na.rm=TRUE))
lb0m<- as.matrix(tapply(lb0$call,list(lb0$id,lb0$hora.n),mean, na.rm=TRUE))
lb1m<- as.matrix(tapply(lb1$call,list(lb1$id,lb1$hora.n),mean, na.rm=TRUE))
lb10m<- as.matrix(tapply(lb10$call,list(lb10$id,lb10$hora.n),mean, na.rm=TRUE))
lb20m<- as.matrix(tapply(lb20$call,list(lb20$id,lb20$hora.n),mean, na.rm=TRUE))

# color palette

palb<-brewer.pal(4,"Greens")
pacp<-brewer.pal(4,"Blues")
pagm<-brewer.pal(4,"Reds")

# rasterplots

cpci<- image(cpcm, col=pacp)
cp0i<- image(cp0m, col=pacp)
cp1i<- image(cp1m, col=pacp)
cp10i<- image(cp10m, col=pacp)
cp20i<- image(cp20m, col=pacp)

gmci<- image(gmcm, col=pagm)
gm0i<- image(gm0m, col=pagm)
gm1i<- image(gm1m, col=pagm)
gm10i<- image(gm10m, col=pagm)
gm20i<- image(gm20m, col=pagm)

lbci<- image(lbcm, col=palb)
lb0i<- image(lb0m, col=palb)
lb1i<- image(lb1m, col=palb)
lb10i<- image(lb10m, col=palb)
lb20i<- image(lb20m, col=palb)

[image: ]
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B.3) Effects of sublethal concentrations of Thiachloprid on the calling period (Table 2)

# data file: data.call.txt

# 1. Read data

dc<- read.table(file="data.call.txt", header=T, dec=".")
#exclude the treatment "normal" which are the insects that were not treated with acetone or insecticide and were used just to determine the calling period of each species:
dc=dc[dc$tto!="normal",]
dc$tto=as.factor(as.character(dc$tto))
levels(dc$tto)#Check the removal of "normal"
[1] "control" "LC0.001" "LC1"     "LC10"    "LC20"
dc<- dc[,c(1,4:6,9,10)] #Column selection
dc$min <- c((dc$hora.n-8)*60) #Convert the hour to minutes (from the beginning of observations)
dc$call.t<- recode(dc$call, '0=0;1:3=1', as.factor.result=TRUE) #Reduce calling categories (do not call =0, call =1).
dc$id <- paste(dc$fecha,dc$ind,sep="-") # Create new composite variable with date and insect id= date id + individual id
dc<- dc[,c(9,3,4,7,8)] # Select columns

# 2. Create dataset for start, mid and end times of calling

# 2.1. Remove observations where there is no calling (for calling values 1)

cpc1 <- subset(dc,sp=="c.p" & tto=="control" &  call.t=="1" )
cp01 <- subset(dc,sp=="c.p" & tto=="LC0.001" &  call.t=="1" )
cp11 <- subset(dc,sp=="c.p" & tto=="LC1" &  call.t=="1" )
cp101 <- subset(dc,sp=="c.p" & tto=="LC10" &  call.t=="1" )
cp201 <- subset(dc,sp=="c.p" & tto=="LC20" &  call.t=="1" )

gmc1 <- subset(dc,sp=="g.m" & tto=="control" &  call.t=="1" )
gm01 <- subset(dc,sp=="g.m" & tto=="LC0.001" &  call.t=="1" )
gm11 <- subset(dc,sp=="g.m" & tto=="LC1" &  call.t=="1" )
gm101 <- subset(dc,sp=="g.m" & tto=="LC10" &  call.t=="1" )
gm201 <- subset(dc,sp=="g.m" & tto=="LC20" &  call.t=="1" )

lbc1 <- subset(dc,sp=="l.b" & tto=="control" &  call.t=="1" )
lb01 <- subset(dc,sp=="l.b" & tto=="LC0.001" &  call.t=="1" )
lb11 <- subset(dc,sp=="l.b" & tto=="LC1" &  call.t=="1" )
lb101 <- subset(dc,sp=="l.b" & tto=="LC10" &  call.t=="1" )
lb201 <- subset(dc,sp=="l.b" & tto=="LC20" &  call.t=="1" )


# 2.2. Vectors for first calling time for each individual 

cpcm <- aggregate(cpc1$min, list(cpc1$id, cpc1$sp, cpc1$tto),FUN=min)
cp0m <- aggregate(cp01$min, list(cp01$id, cp01$sp, cp01$tto),FUN=min)
cp1m <- aggregate(cp11$min, list(cp11$id, cp11$sp, cp11$tto),FUN=min)
cp10m <- aggregate(cp101$min, list(cp101$id, cp101$sp, cp101$tto),FUN=min)
cp20m <- aggregate(cp201$min, list(cp201$id, cp201$sp, cp201$tto),FUN=min)

gmcm <- aggregate(gmc1$min, list(gmc1$id, gmc1$sp, gmc1$tto),FUN=min)
gm0m <- aggregate(gm01$min, list(gm01$id, gm01$sp, gm01$tto),FUN=min)
gm1m <- aggregate(gm11$min, list(gm11$id, gm11$sp, gm11$tto),FUN=min)
gm10m <- aggregate(gm101$min, list(gm101$id, gm101$sp, gm101$tto),FUN=min)
gm20m <- aggregate(gm201$min, list(gm201$id, gm201$sp, gm201$tto),FUN=min)

lbcm <- aggregate(lbc1$min, list(lbc1$id, lbc1$sp, lbc1$tto),FUN=min)
lb0m <- aggregate(lb01$min, list(lb01$id, lb01$sp, lb01$tto),FUN=min)
lb1m <- aggregate(lb11$min, list(lb11$id, lb11$sp, lb11$tto),FUN=min)
lb10m <- aggregate(lb101$min, list(lb101$id, lb101$sp, lb101$tto),FUN=min)
lb20m <- aggregate(lb201$min, list(lb201$id, lb201$sp, lb201$tto),FUN=min)

# 2.3. Vectors for last calling time for each individual 

cpcx <- aggregate(cpc1$min, list(cpc1$id, cpc1$sp, cpc1$tto),FUN=max)
cp0x <- aggregate(cp01$min, list(cp01$id, cp01$sp, cp01$tto),FUN=max)
cp1x <- aggregate(cp11$min, list(cp11$id, cp11$sp, cp11$tto),FUN=max)
cp10x <- aggregate(cp101$min, list(cp101$id, cp101$sp, cp101$tto),FUN=max)
cp20x <- aggregate(cp201$min, list(cp201$id, cp201$sp, cp201$tto),FUN=max)

gmcx <- aggregate(gmc1$min, list(gmc1$id, gmc1$sp, gmc1$tto),FUN=max)
gm0x <- aggregate(gm01$min, list(gm01$id, gm01$sp, gm01$tto),FUN=max)
gm1x <- aggregate(gm11$min, list(gm11$id, gm11$sp, gm11$tto),FUN=max)
gm10x <- aggregate(gm101$min, list(gm101$id, gm101$sp, gm101$tto),FUN=max)
gm20x <- aggregate(gm201$min, list(gm201$id, gm201$sp, gm201$tto),FUN=max)

lbcx <- aggregate(lbc1$min, list(lbc1$id, lbc1$sp, lbc1$tto),FUN=max)
lb0x <- aggregate(lb01$min, list(lb01$id, lb01$sp, lb01$tto),FUN=max)
lb1x <- aggregate(lb11$min, list(lb11$id, lb11$sp, lb11$tto),FUN=max)
lb10x <- aggregate(lb101$min, list(lb101$id, lb101$sp, lb101$tto),FUN=max)
lb20x <- aggregate(lb201$min, list(lb201$id, lb201$sp, lb201$tto),FUN=max)

# 3. Statistical analysis for the start/end/mid-point calling times

# we made a new data base with created vectors in previous section.

# data file: call.mxd.txt

#The mid time of calling was calculated in the excel file as: mid=(start+end)/2

cmxd<- read.table(file="call.mxd.txt", header=T, dec=".")

# species vectors

cpcall <- subset(cmxd,sp=="c.p")
gmcall <- subset(cmxd,sp=="g.m")
lbcall <- subset(cmxd,sp=="l.b")

# The scotophase starts at minute 480 for G. molesta and 120 for C. pomonella and L. botrana. To standardize vectors with the start of scotophase as hour "0", we subtract these values from the time vectors.

cpcall$start.s<- c(cpcall$start - 120)
cpcall$end.s<- c(cpcall$end - 120)
cpcall$med.s<- c(cpcall$med - 120)

gmcall$start.s<- c(gmcall$start - 480)
gmcall$end.s<- c(gmcall$end - 480)
gmcall$med.s<- c(gmcall$med - 480)

lbcall$start.s<- c(lbcall$start - 120)
lbcall$end.s<- c(lbcall$end - 120)
lbcall$med.s<- c(lbcall$med - 120)

# test normality of data (shapiro test)
# interpretation: if significant then not normal. Significant = 0-0.05 

shapiro.test(cpcall$start.s) # not normal
shapiro.test(cpcall$end.s) # not normal
shapiro.test(cpcall$med.s) # not normal

shapiro.test(gmcall$start.s) # not normal
shapiro.test(gmcall$end.s) # not normal
shapiro.test(gmcall$med.s) # not normal

shapiro.test(lbcall$start.s) # not normal
shapiro.test(lbcall$end.s) # not normal
shapiro.test(lbcall$med.s) # not normal

# Time data have some negative values, for these reason we don’t transform the data to improve normality, instead we use glm to analyse our non-normal data

# differences using predictmeans after glm

# C. pomonella 

# start 

model <- glm(start.s~tto,family=gaussian,data=cpcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   239     732135              
tto   4    13581       235     718554 1.1104 0.3523
#There is no significant insecticide effect so we do not compare among means

predictmeans(model, "tto",adj="tukey", plot=F)
#But we used predictmeans() function to get predicted values 

# end 

model <- glm(end.s~tto,family=gaussian,data=cpcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F     Pr(>F)    
NULL                   239    6037642                      
tto   4   651666       235    5385975 7.1083 0.00002031 ***
predictmeans(model, "tto",adj="tukey", plot=F) 

`Pairwise p-values`
        control LC0.001    LC1    LC10   LC20
control  0.0000  1.2690 3.6421  3.1320 4.5386
LC0.001  0.7105  0.0000 2.3471  1.8744 3.3778
LC1      0.0030  0.1340 0.0000 -0.4205 1.2618
LC10     0.0166  0.3340 0.9934  0.0000 1.6226
LC20     0.0001  0.0076 0.7149  0.4845 0.0000
        Group
control   A  
LC0.001   AB 
LC1        BC
LC10       BC
LC20        C

# mid-point

model <- glm(med.s~tto,family=gaussian,data=cpcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F    Pr(>F)    
NULL                   239    1692394                     
tto   4   179592       235    1512801 6.9745 0.0000254 ***
predictmeans(model, "tto",adj="tukey", plot=F)
`Pairwise p-values`
        control LC0.001    LC1   LC10   LC20
control  0.0000  0.9893 3.1696 3.3473 4.4657
LC0.001  0.8600  0.0000 2.1510 2.3430 3.5408
LC1      0.0148  0.2023 0.0000 0.2227 1.5914
LC10     0.0084  0.1352 0.9995 0.0000 1.3708
LC20     0.0001  0.0043 0.5044 0.6470 0.0000
        Group
control   A  
LC0.001   AB 
LC1        BC
LC10       BC
LC20        C

# G. molesta 

# start

model <- glm(start.s~tto,family=gaussian,data=gmcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F    Pr(>F)    
NULL                   264     875024                     
tto   4   180737       260     694287 16.921 2.412e-12 ***
predictmeans(model, "tto",adj="tukey", plot=F)
`Pairwise p-values`
        control LC0.001     LC1    LC10    LC20
control  0.0000  0.2783 -4.2579 -4.6460 -6.0848
LC0.001  0.9987  0.0000 -4.5173 -4.8963 -6.2810
LC1      0.0003  0.0001  0.0000 -0.5178 -2.8358
LC10     0.0001  0.0000  0.9855  0.0000 -2.3839
LC20     0.0000  0.0000  0.0392  0.1230  0.0000
        Group
control   A  
LC0.001   A  
LC1        B 
LC10       BC
LC20        C

# end 

model <- glm(end.s~tto,family=gaussian,data=gmcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   264     218798              
tto   4   5658.5       260     213140 1.7256 0.1447

predictmeans(model, "tto",adj="tukey", plot=F)

# mid-point

model <- glm(med.s~tto,family=gaussian,data=gmcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F          Pr(>F)    
NULL                   264     274955                           
tto   4    48799       260     226156 14.025 0.0000000002242 ***
predictmeans(model, "tto",adj="tukey", plot=F)
`Pairwise p-values`
        control LC0.001     LC1    LC10    LC20
control  0.0000  0.3683 -4.5922 -4.2008 -4.8880
LC0.001  0.9961  0.0000 -4.9395 -4.5392 -5.1550
LC1      0.0001  0.0000  0.0000  0.2454 -1.3918
LC10     0.0004  0.0001  0.9992  0.0000 -1.5558
LC20     0.0000  0.0000  0.6335  0.5272  0.0000
        Group
control    A 
LC0.001    A 
LC1         B
LC10        B
LC20        B

# L. botrana

# start 

model <- glm(start.s~tto,family=gaussian,data=lbcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   276      62826              
tto   4   615.37       272      62211 0.6726 0.6115

predictmeans(model, "tto",adj="tukey", plot=F)

# end 

model <- glm(end.s~tto,family=gaussian,data=lbcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   276     589680              
tto   4   2043.8       272     587637 0.2365 0.9176

predictmeans(model, "tto",adj="tukey", plot=F)

# mid-point

model <- glm(med.s~tto,family=gaussian,data=lbcall)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   276     166067              
tto   4   766.71       272     165301 0.3154 0.8676

predictmeans(model, "tto",adj="tukey", plot=F)

#NOTE: Table 2 shows predicted values obtained with predictmeans()

B.4) Percentage of females that did not call (Table S2)

# data file: data.call.txt

# 1. Read data

dc<- read.table(file="data.call.txt", header=T, dec=".")
#exclude the treatment "normal" which are the insects that were not treated with acetone or insecticide and were used just to determine the calling period of each species:
dc=dc[dc$tto!="normal",]
dc$tto=as.factor(as.character(dc$tto))
levels(dc$tto)#Check the removal of "normal"
[1] "control" "LC0.001" "LC1"     "LC10"    "LC20"
dc<- dc[,c(1,4:6,9,10)] #Column selection
dc$min <- c((dc$hora.n-8)*60) #Convert the hour to minutes (from the beginning of observations)
dc$call.t<- recode(dc$call, '0=0;1:3=1', as.factor.result=TRUE) #Reduce calling categories (do not call =0, call =1).
dc$id <- paste(dc$fecha,dc$ind,sep="-") # Create new composite variable with date and insect id= date id + individual id
dc<- dc[,c(9,3,4,7,8)] # Select columns

# 2. Create dataset for start, mid and end times of calling

#Cydia pomonella

cp.con.n=length(unique( dc[dc$sp=="c.p" & dc$tto=="control",1]))
cp.con.call=length(unique( dc[dc$sp=="c.p" & dc$tto=="control" & dc$call.t=="1",1]))
cp.con.nocall=100*((cp.con.n-cp.con.call)/cp.con.n)

cp.0.n=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC0.001",1]))
cp.0.call=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC0.001" & dc$call.t=="1",1]))
cp.0.nocall=100*((cp.0.n-cp.0.call)/cp.0.n)

cp.1.n=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC1",1]))
cp.1.call=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC1" & dc$call.t=="1",1]))
cp.1.nocall=100*((cp.1.n-cp.1.call)/cp.1.n)

cp.10.n=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC10",1]))
cp.10.call=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC10" & dc$call.t=="1",1]))
cp.10.nocall=100*((cp.10.n-cp.10.call)/cp.10.n)

cp.20.n=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC20",1]))
cp.20.call=length(unique( dc[dc$sp=="c.p" & dc$tto=="LC20" & dc$call.t=="1",1]))
cp.20.nocall=100*((cp.20.n-cp.20.call)/cp.20.n)

#Grapholita molesta

gm.con.n=length(unique( dc[dc$sp=="g.m" & dc$tto=="control",1]))
gm.con.call=length(unique( dc[dc$sp=="g.m" & dc$tto=="control" & dc$call.t=="1",1]))
gm.con.nocall=100*((gm.con.n-gm.con.call)/gm.con.n)

gm.0.n=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC0.001",1]))
gm.0.call=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC0.001" & dc$call.t=="1",1]))
gm.0.nocall=100*((gm.0.n-gm.0.call)/gm.0.n)

gm.1.n=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC1",1]))
gm.1.call=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC1" & dc$call.t=="1",1]))
gm.1.nocall=100*((gm.1.n-gm.1.call)/gm.1.n)

gm.10.n=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC10",1]))
gm.10.call=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC10" & dc$call.t=="1",1]))
gm.10.nocall=100*((gm.10.n-gm.10.call)/gm.10.n)

gm.20.n=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC20",1]))
gm.20.call=length(unique( dc[dc$sp=="g.m" & dc$tto=="LC20" & dc$call.t=="1",1]))
gm.20.nocall=100*((gm.20.n-gm.20.call)/gm.20.n)

#Lobesia botrana

lb.con.n=length(unique( dc[dc$sp=="l.b" & dc$tto=="control",1]))
lb.con.call=length(unique( dc[dc$sp=="l.b" & dc$tto=="control" & dc$call.t=="1",1]))
lb.con.nocall=100*((lb.con.n-lb.con.call)/lb.con.n)

lb.0.n=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC0.001",1]))
lb.0.call=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC0.001" & dc$call.t=="1",1]))
lb.0.nocall=100*((lb.0.n-lb.0.call)/lb.0.n)

lb.1.n=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC1",1]))
lb.1.call=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC1" & dc$call.t=="1",1]))
lb.1.nocall=100*((lb.1.n-lb.1.call)/lb.1.n)

lb.10.n=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC10",1]))
lb.10.call=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC10" & dc$call.t=="1",1]))
lb.10.nocall=100*((lb.10.n-lb.10.call)/lb.10.n)

lb.20.n=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC20",1]))
lb.20.call=length(unique( dc[dc$sp=="l.b" & dc$tto=="LC20" & dc$call.t=="1",1]))
lb.20.nocall=100*((lb.20.n-lb.20.call)/lb.20.n)

sp = c(rep("cp",5),rep("gm",5),rep("lb",5))
ttm = c(rep(c("control","lc0","lc1","lc10","lc20"),3))
n=c(cp.con.n,cp.0.n,cp.1.n,cp.10.n,cp.20.n,gm.con.n,gm.0.n,gm.1.n,gm.10.n,gm.20.n,lb.con.n,lb.0.n,lb.1.n,lb.10.n,lb.20.n)
n.call=c(cp.con.call,cp.0.call,cp.1.call,cp.10.call,cp.20.call,gm.con.call,gm.0.call,gm.1.call,gm.10.call,gm.20.call,lb.con.call,lb.0.call,lb.1.call,lb.10.call,lb.20.call)
n.nocall=n-n.call
df.nocall = data.frame(sp, ttm, n, n.nocall)
df.nocall

	
	sp
	ttm
	n
	n.nocall

	1
	cp
	control
	64
	3

	2
	cp
	lc0
	63
	9

	3
	cp
	lc1
	61
	13

	4
	cp
	lc10
	69
	24

	5
	cp
	lc20
	68
	36

	6
	gm
	control
	65
	2

	7
	gm
	lc0
	65
	3

	8
	gm
	lc1
	65
	4

	9
	gm
	lc10
	66
	12

	10
	gm
	lc20
	64
	39

	11
	lb
	control
	63
	5

	12
	lb
	lc0
	64
	9

	13
	lb
	lc1
	62
	11

	14
	lb
	lc10
	70
	10

	15
	lb
	lc20
	66
	13



# 4. Statistical comparisons

#Cydia pomonella

model <- glm((n.nocall/n)~ttm,data=df.nocall[df.nocall$sp=="cp",], family=binomial(logit), weights=n)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev Pr(>Chi)    
NULL                     4       51.2             
ttm   4     51.2         0        0.0    2e-10 ***

predictmeans(model, "ttm",adj="tukey", Df=8, plot=F)

`Pairwise p-values`
        control     lc0     lc1    lc10    lc20
control  0.0000 -1.7628 -2.5503 -3.7063 -4.8957
lc0      0.4522  0.0000 -1.0182 -2.6441 -4.3964
lc1      0.1712  0.8405  0.0000 -1.6855 -3.5964
lc10     0.0356  0.1510  0.4910  0.0000 -2.1289
lc20     0.0077  0.0144  0.0413  0.2949  0.0000
        Group
control   A  
lc0       AB 
lc1       AB 
lc10       BC
lc20        C


#Grapholita molesta

model <- glm((n.nocall/n)~ttm,data=df.nocall[df.nocall$sp=="gm",], family=binomial(logit), weights=n)
anova(model, test="Chisq")

     Df Deviance Resid. Df Resid. Dev Pr(>Chi)    
NULL                     4       90.5             
ttm   4     90.5         0        0.0   <2e-16 ***

predictmeans(model, "ttm",adj="tukey", Df=8, plot=F)

        control     lc0     lc1    lc10    lc20
control  0.0000 -0.4531 -0.8202 -2.4759 -5.1073
lc0      0.9911  0.0000 -0.3873 -2.2692 -5.3908
lc1      0.9237  0.9951  0.0000 -2.0113 -5.5001
lc10     0.1065  0.1658  0.2701  0.0000 -4.7617
lc20     0.0000  0.0000  0.0000  0.0001  0.0000
        Group
control    A 
lc0        A 
lc1        A 
lc10       A 
lc20        B

#Lobesia botrana

model <- glm((n.nocall/n)~ttm,data=df.nocall[df.nocall$sp=="lb",], family=binomial(logit), weights=n)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev Pr(>Chi)
NULL                     4       4.36         
ttm   4     4.36         0       0.00     0.36

predictmeans(model, "ttm",adj="tukey", Df=8, plot=F)

NOTE: Table S2 shows predicted values calculated with predictmeans()
C) Pheromone gland test

C.1) Effect of Thiachoprid on the quantity of individual pheromone components (Figure 2)

# data file: data.pher.txt

## legend of compounds

# C. pomonella
# q.1 -> 12OH
# q.2 -> E9-12OH
# q.3 -> 14OH
# q.4 -> E,E-8,10-12OH

# G. molesta
# q.1 -> 12OH
# q.5 -> E8-12Ac
# q.6 -> Z8-12Ac
# q.7 -> Z8-12OH

# L. botrana
# q.8 -> E9-12Ac
# q.9 -> Z9-12Ac + 11-12Ac
# q.10 -> E,Z-7,9-12Ac
# q.11 -> E,Z-7,9-12OH

# 1. Data read

dc<- read.table(file="data.pher.txt", header=T, dec=".")
dc<- dc[,c(1:3,11,13,15,17,19,21,23,25,27,29,31,33)] 

# vectors by species

cp <- subset(dc,sp=="cp")
gm <- subset(dc,sp=="gm")
lb <- subset(dc,sp=="lb")

# Apply correction factors obtained from the injection of multicompound samples (which contained the internal standard, ISTD, and equivalent quantities of the test compounds). # Cydia pomonella

cp$q.std <- (cp$a.std*100)/940.30
cp$q.1 <- (cp$a.1*100)/953.40
cp$q.2 <- (cp$a.2*100)/838.30
cp$q.3 <- (cp$a.3*100)/1031.10
cp$q.4 <- (cp$a.4*100)/925.80

cp<- cp[,c(1:3,16:20)]

cp$qc.1 <- (cp$q.1*7)/cp$q.std
cp$qc.2 <- (cp$q.2*7)/cp$q.std
cp$qc.3 <- (cp$q.3*7)/cp$q.std
cp$qc.4 <- (cp$q.4*7)/cp$q.std

cp<- cp[,c(1:3,9:12)]
cp<- cp[c(1,3:105),]

summary(cp)

# Grapholita molesta

gm$q.std <- (gm$a.std*100)/880.65
gm$q.1 <- (gm$a.1*100)/876.55
gm$q.5 <- (gm$a.5*100)/802.57
gm$q.6 <- (gm$a.6*100)/808.85
gm$q.7 <- (gm$a.7*100)/814.20

gm<- gm[,c(1:3,16:20)]

gm$qc.1 <- (gm$q.1*7)/gm$q.std
gm$qc.5 <- (gm$q.5*7)/gm$q.std
gm$qc.6 <- (gm$q.6*7)/gm$q.std
gm$qc.7 <- (gm$q.7*7)/gm$q.std

gm<- gm[,c(1:3,9:12)]
gm<- gm[c(2:104),] 

summary(gm)

# Lobesia botrana

lb$q.std <- (lb$a.std*100)/828.20
lb$q.8 <- (lb$a.8*100)/771.23
lb$q.9 <- (lb$a.9*100)/2364.30
lb$q.10 <- (lb$a.10*100)/465.09
lb$q.11 <- (lb$a.11*100)/492.05

lb<- lb[,c(1:3,16:20)]

lb$qc.8 <- (lb$q.8*7)/lb$q.std
lb$qc.9 <- (lb$q.9*7)/lb$q.std
lb$qc.10 <- (lb$q.10*7)/lb$q.std
lb$qc.11 <- (lb$q.11*7)/lb$q.std

lb<- lb[,c(1:3,9:12)]
lb<- lb[c(2:104),]

summary(lb)

# observed means + se

describeBy(cp,list(cp$tto))
describeBy(gm,list(gm$tto))
describeBy(lb,list(lb$tto))

# grouping for species > treatment

#cp

cpc <- subset(cp,tto=="control")
cp0 <- subset(cp,tto=="lc0.001")
cp1 <- subset(cp,tto=="lc1")
cp10 <- subset(cp,tto=="lc10")
cp20 <- subset(cp,tto=="lc20")

#gm

gmc <- subset(gm,tto=="control")
gm0 <- subset(gm,tto=="lc0.001")
gm1 <- subset(gm,tto=="lc1")
gm10 <- subset(gm,tto=="lc10")
gm20 <- subset(gm,tto=="lc20")

#lb

lbc <- subset(lb,tto=="control")
lb0 <- subset(lb,tto=="lc0.001")
lb1 <- subset(lb,tto=="lc1")
lb10 <- subset(lb,tto=="lc10")
lb20 <- subset(lb,tto=="lc20")


# 2 Shapiro test of normality.

# interpretation: if significant then not normal. Significant = 0-0.05 

# non transformed data

# C. pomonella

shapiro.test(cpc$qc.1) # not normal
shapiro.test(cp0$qc.1) # normal
shapiro.test(cp1$qc.1) # not normal
shapiro.test(cp10$qc.1) # not normal
shapiro.test(cp20$qc.1) # not normal

shapiro.test(cpc$qc.2) # normal
shapiro.test(cp0$qc.2) # normal
shapiro.test(cp1$qc.2) # normal
shapiro.test(cp10$qc.2) # not normal
shapiro.test(cp20$qc.2) # normal

shapiro.test(cpc$qc.3) # not normal
shapiro.test(cp0$qc.3) # normal
shapiro.test(cp1$qc.3) # not normal
shapiro.test(cp10$qc.3) # not normal
shapiro.test(cp20$qc.3) # not normal

shapiro.test(cpc$qc.4) # normal
shapiro.test(cp0$qc.4) # not normal
shapiro.test(cp1$qc.4) # not normal
shapiro.test(cp10$qc.4) # not normal
shapiro.test(cp20$qc.4) # not normal

# G. molesta

shapiro.test(gmc$qc.1) # normal
shapiro.test(gm0$qc.1) # normal
shapiro.test(gm1$qc.1) # normal
shapiro.test(gm10$qc.1) # normal
shapiro.test(gm20$qc.1) # normal

shapiro.test(gmc$qc.5) # normal
shapiro.test(gm0$qc.5) # not normal
shapiro.test(gm1$qc.5) # normal
shapiro.test(gm10$qc.5) # normal
shapiro.test(gm20$qc.5) # normal

shapiro.test(gmc$qc.6) # not normal
shapiro.test(gm0$qc.6) # normal
shapiro.test(gm1$qc.6) # normal
shapiro.test(gm10$qc.6) # normal
shapiro.test(gm20$qc.6) # normal

shapiro.test(gmc$qc.7) # normal
shapiro.test(gm0$qc.7) # not normal
shapiro.test(gm1$qc.7) # normal
shapiro.test(gm10$qc.7) # normal
shapiro.test(gm20$qc.7) # normal

# L. botrana

shapiro.test(lbc$qc.8) # not normal
shapiro.test(lb0$qc.8) # not normal
shapiro.test(lb1$qc.8) # not normal
shapiro.test(lb10$qc.8) # not normal
shapiro.test(lb20$qc.8) # not normal

shapiro.test(lbc$qc.9) # normal
shapiro.test(lb0$qc.9) # not normal
shapiro.test(lb1$qc.9) # normal
shapiro.test(lb10$qc.9) # not normal
shapiro.test(lb20$qc.9) # normal

shapiro.test(lbc$qc.10) # normal
shapiro.test(lb0$qc.10) # normal
shapiro.test(lb1$qc.10) # normal
shapiro.test(lb10$qc.10) # normal
shapiro.test(lb20$qc.10) # normal

shapiro.test(lbc$qc.11) # not normal
shapiro.test(lb0$qc.11) # not normal
shapiro.test(lb1$qc.11) # normal
shapiro.test(lb10$qc.11) # normal
shapiro.test(lb20$qc.11) # normal

# some data were not normal, we transformed data (log (x+1)) to analyze the normality

# C. pomonella

shapiro.test(log((cpc$qc.1)+1)) # normal
shapiro.test(log((cp0$qc.1)+1)) # normal
shapiro.test(log((cp1$qc.1)+1)) # normal
shapiro.test(log((cp10$qc.1)+1)) # normal
shapiro.test(log((cp20$qc.1)+1)) # not normal

shapiro.test(log((cpc$qc.2)+1)) # normal
shapiro.test(log((cp0$qc.2)+1)) # normal
shapiro.test(log((cp1$qc.2)+1)) # normal
shapiro.test(log((cp10$qc.2)+1)) # normal
shapiro.test(log((cp20$qc.2)+1)) # normal

shapiro.test(log((cpc$qc.3)+1)) # normal
shapiro.test(log((cp0$qc.3)+1)) # normal
shapiro.test(log((cp1$qc.3)+1)) # normal
shapiro.test(log((cp10$qc.3)+1)) # normal
shapiro.test(log((cp20$qc.3)+1)) # not normal

shapiro.test(log((cpc$qc.4)+1)) # normal
shapiro.test(log((cp0$qc.4)+1)) # normal
shapiro.test(log((cp1$qc.4)+1)) # normal
shapiro.test(log((cp10$qc.4)+1)) # not normal
shapiro.test(log((cp20$qc.4)+1)) # not normal

# G. molesta

shapiro.test(log((gmc$qc.1)+1)) # normal
shapiro.test(log((gm0$qc.1)+1)) # normal
shapiro.test(log((gm1$qc.1)+1)) # normal
shapiro.test(log((gm10$qc.1)+1)) # normal
shapiro.test(log((gm20$qc.1)+1)) # normal

shapiro.test(log((gmc$qc.5)+1)) # normal
shapiro.test(log((gm0$qc.5)+1)) # not normal
shapiro.test(log((gm1$qc.5)+1)) # normal
shapiro.test(log((gm10$qc.5)+1)) # not normal
shapiro.test(log((gm20$qc.5)+1)) # normal

shapiro.test(log((gmc$qc.6)+1)) # normal
shapiro.test(log((gm0$qc.6)+1)) # normal
shapiro.test(log((gm1$qc.6)+1)) # normal
shapiro.test(log((gm10$qc.6)+1)) # normal
shapiro.test(log((gm20$qc.6)+1)) # normal

shapiro.test(log((gmc$qc.7)+1)) # normal
shapiro.test(log((gm0$qc.7)+1)) # not normal
shapiro.test(log((gm1$qc.7)+1)) # normal
shapiro.test(log((gm10$qc.7)+1)) # normal
shapiro.test(log((gm20$qc.7)+1)) # normal

# L. botrana

shapiro.test(log((lbc$qc.8)+1)) # not normal
shapiro.test(log((lb0$qc.8)+1)) # normal
shapiro.test(log((lb1$qc.8)+1)) # normal
shapiro.test(log((lb10$qc.8)+1)) # normal
shapiro.test(log((lb20$qc.8)+1)) # not normal

shapiro.test(log((lbc$qc.9)+1)) # normal
shapiro.test(log((lb0$qc.9)+1)) # normal
shapiro.test(log((lb1$qc.9)+1)) # normal
shapiro.test(log((lb10$qc.9)+1)) # not normal
shapiro.test(log((lb20$qc.9)+1)) # normal

shapiro.test(log((lbc$qc.10)+1)) # normal
shapiro.test(log((lb0$qc.10)+1)) # normal
shapiro.test(log((lb1$qc.10)+1)) # not normal
shapiro.test(log((lb10$qc.10)+1)) # normal
shapiro.test(log((lb20$qc.10)+1)) # normal

shapiro.test(log((lbc$qc.11)+1)) # normal
shapiro.test(log((lb0$qc.11)+1)) # normal
shapiro.test(log((lb1$qc.11)+1)) # normal
shapiro.test(log((lb10$qc.11)+1)) # normal
shapiro.test(log((lb20$qc.11)+1)) # normal

# Some data continue being not normal, so we use glm on transformed data 

# 3. glm + anova of glm + posthoc tukey

# Cydia pomonella

# Compound 1. 12OH

model <- glm((log((qc.1)+1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F   Pr(>F)   
NULL                   103     24.186                   
tto   4   3.1126        99     21.073 3.6557 0.008052 **
predictmeans(model, "tto",adj="tukey", plot=F) # generates predicted means, standard error of means and pairwise p-values
`Pairwise p-values`
        control lc0.001    lc1   lc10   lc20
control  0.0000 -0.3307 0.2035 1.3814 2.9856
lc0.001  0.9974  0.0000 0.5342 1.7120 3.3122
lc1      0.9996  0.9836 0.0000 1.1779 2.7846
lc10     0.6410  0.4314 0.7640 0.0000 1.6212
lc20     0.0287  0.0111 0.0492 0.4876 0.0000
control    A 
lc0.001    A 
lc1        A 
lc10       AB
lc20        B

# Compound 2. E9-12OH

model <- glm((log((qc.2)+1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   103     3.4382              
tto   4  0.14337        99     3.2948 1.0769 0.3721

# Compound 3. 14OH

model <- glm((log((qc.3)+1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   103     8.6378              
tto   4  0.41303        99     8.2247 1.2429 0.2978

# Compound 4. E,E-8,10-12OH (Codlemone)

model <- glm((log((qc.4)+1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F   Pr(>F)   
NULL                   103     74.757                   
tto   4   11.841        99     62.916 4.6581 0.001735 **
predictmeans(model, "tto",adj="tukey", plot=F)
`Pairwise p-values`
        control lc0.001    lc1   lc10   lc20
control  0.0000  0.1830 0.8040 3.0303 3.0953
lc0.001  0.9997  0.0000 0.6211 2.8474 2.9146
lc1      0.9288  0.9714 0.0000 2.2263 2.3012
lc10     0.0253  0.0418 0.1787 0.0000 0.1022
lc20     0.0211  0.0349 0.1532 1.0000 0.0000
        Group
control    A 
lc0.001    A 
lc1        AB
lc10        B
lc20        B

# Grapholita molesta

# Compound 1. 12OH

model <- glm((log((qc.1)+1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df  Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                    102    0.38141              
tto   4 0.0056273        98    0.37579 0.3669 0.8317

# Compound 5. E8-12Ac

model <- glm((log((qc.5)+1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev     F Pr(>F)
NULL                   102    0.83082             
tto   4 0.026875        98    0.80395 0.819 0.5161

# Compound 6. Z8-12Ac (major)

model <- glm((log((qc.6)+1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m     
Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102     6.9266              
tto   4  0.19626        98     6.7303 0.7144  0.584

# Compound 7. Z8-12OH

model <- glm((log((qc.7)+1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102     5.3859              
tto   4  0.15962        98     5.2263 0.7483 0.5615

# Lobesia botrana

# Compound 8. E9-12Ac

model <- glm((log((qc.8)+1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102     2.7043              
tto   4   0.0994        98     2.6049 0.9349 0.4471

# Compound 9. Z9-12Ac+11-12Ac

model <- glm((log((qc.9)+1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df  Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                    102   0.068435              
tto   4 0.0017722        98   0.066663 0.6513 0.6273

# Compound 10. E,Z-7,9-12Ac 

model <- glm((log((qc.10)+1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102     16.924              
tto   4  0.43163        98     16.493 0.6412 0.6344

# Compound 11. E,Z-7,9-12OH

model <- glm((log((qc.11)+1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102     4.9537              
tto   4  0.18239        98     4.7713 0.9365 0.4462

#NOTE: predicted values shown in Figure 2 are calculated with predctmeans(), but need backtransformation (C.2 section)

C.2) Plot Figure 2

# data file: data.pher.means.sem.pred.txt

# 1. Data read

dc<- read.table(file="data.pher.means.sem.pred.txt", header=T, dec=".")

# data backtransform

dc$comp.ng<- c((exp(dc$mean))-1)
dc$sem.ng<- c((exp(dc$se))-1)

dc.ng<- dc[,c(1:3,8,9)]

# vectors

cp <- subset(dc.ng,sp=="c.p")
gm <- subset(dc.ng,sp=="g.m")
lb <- subset(dc.ng,sp=="l.b")

# Plot

par(oma=c(3,3,0.25,0.25))
par(mfrow=c(3,1), mar=c(1,2,0.25,0.25))

bardensity <- c(0,10,25,0,0)
barangle <- c(0,45,45,0,0)

# Cydia pomonella

vector<- c(6.17,6.17,5.01,2.77,2.77,2.42,2.42,2.42,1.81,1.36)
cpmat<- matrix(cp$comp.ng,nrow = 5,ncol = 4)
mean.plot=barplot(cpmat,beside=T,col=c(rep(c("white","white","white","grey","grey20"),20)), axes=F, ylim=c(0,8),axisnames=F, cex.lab=1)
barplot(cpmat,beside=T,add=TRUE,col=c(rep(c("black","black","black","black","black"),20)), angle= c(rep(barangle,20)), density= c(rep(bardensity,20)),axes=F, ylim=c(0,9),axisnames=F, cex.lab=1)
axis(2,at=seq(0,7,by=1), cex.axis=1.4, lwd=2,las=2)
text(mean.plot,(vector), labels=c("a","a","ab","b","b","a","a","a","ab","b","","","","","","","","","",""),cex=1.3)
axis(1, at=c(3.5,9.5,15.5,21.5), labels=c("E,E-8,10-12:OH","12:OH","14:OH","E9-12:OH"), cex.axis=1.2, col="0", col.tick="black", lwd=2)
pos<- c(1.5,2.5,3.5,4.5,5.5,7.5,8.5,9.5,10.5,11.5,13.5,14.5,15.5,16.5,17.5,19.5,20.5,21.5,22.5,23.5)
or<- c(cp$comp.ng)
a<- c(cp$comp.ng-cp$sem.ng)
b<- c(cp$comp.ng+cp$sem.ng)
sxi<- c(1,7,13,19)
sxf<- c(6,12,18,24)
sy<- c(0,0,0,0)
segments(pos,or, pos,a,col= 'black',lty=1)
segments(pos,or, pos,b,col= 'black',lty=1)
segments(sxi,sy, sxf,sy,col= 'black',lty=1,lwd=3)
legend(19,7,c("Control", "LC0.001", "LC1", "LC10", "LC20"),  fill = c("white","white","white","grey","grey20"), bty="n",cex = 1.5)
legend(19,7,c("", "", "", "", ""),  fill = c("black","black","black","black","black"), angle=barangle, density=bardensity, bty="n",cex = 1.5)
text(12.5,6.5,"Cydia pomonella", col="black", font=3, cex=2)
mtext("Compound quantity (ng, mean ± SEM)", side=2, line=1.7, cex=1.2, col="black", outer=TRUE)  

# Grapholita molesta

gmmat<- matrix(gm$comp.ng,nrow = 5,ncol = 4)
mean.plot=barplot(gmmat,beside=T,col=c(rep(c("white","white","white","grey","grey20"),20)), axes=F, ylim=c(0,8),axisnames=F, cex.lab=1)
barplot(gmmat,beside=T,add=TRUE,col=c(rep(c("black","black","black","black","black"),20)), angle= c(rep(barangle,20)), density= c(rep(bardensity,20)),axes=F, ylim=c(0,9),axisnames=F, cex.lab=1)
axis(2,at=seq(0,7,by=1), cex.axis=1.4, lwd=2, las=2)
labels=c("","","","","","","","","","","","","","","","","","","",""),cex=1.3)
axis(1, at=c(3.1,9.1,15.1,21.1), labels=c("Z8-12:Ac","Z8-12:OH","E8-12:Ac","12:OH"), cex.axis=1.2, col="0", col.tick="black", lwd=2)
pos<- c(1.5,2.5,3.5,4.5,5.5,7.5,8.5,9.5,10.5,11.5,13.5,14.5,15.5,16.5,17.5,19.5,20.5,21.5,22.5,23.5)
or<- c(gm$comp.ng)
a<- c(gm$comp.ng-gm$sem.ng)
b<- c(gm$comp.ng+gm$sem.ng)
sxi<- c(1,7,13,19)
sxf<- c(6,12,18,24)
sy<- c(0,0,0,0)
segments(pos,or, pos,a,col= 'black',lty=1)
segments(pos,or, pos,b,col= 'black',lty=1)
segments(sxi,sy, sxf,sy,col= 'black',lty=1,lwd=3)
text(12.5,6.5,"Grapholita molesta", col="black", font=3, cex=2)

# Lobesia botrana

lbmat<- matrix(lb$comp.ng,nrow = 5,ncol = 4)
mean.plot=barplot(lbmat,beside=T,col=c(rep(c("white","white","white","grey","grey20"),20)), axes=F, ylim=c(0,8),axisnames=F, cex.lab=1)
barplot(lbmat,beside=T,add=TRUE,col=c(rep(c("black","black","black","black","black"),20)), angle= c(rep(barangle,20)), density= c(rep(bardensity,20)),axes=F, ylim=c(0,9),axisnames=F, cex.lab=1)
axis(2,at=seq(0,7,by=1), cex.axis=1.4, lwd=2,las=2)
labels=c("","","","","","","","","","","","","","","","","","","",""),cex=1.3)
axis(1, at=c(3.1,9.1,15.1,21.1), labels=c("E,Z-7,9-12:Ac","E,Z-7,9-12:OH","E9-12:Ac","Z9-12:Ac+11-12:Ac"), cex.axis=1.2, col="0", col.tick="black", lwd=2)
pos<- c(1.5,2.5,3.5,4.5,5.5,7.5,8.5,9.5,10.5,11.5,13.5,14.5,15.5,16.5,17.5,19.5,20.5,21.5,22.5,23.5)
or<- c(lb$comp.ng)
a<- c(lb$comp.ng-lb$sem.ng)
b<- c(lb$comp.ng+lb$sem.ng)
sxi<- c(1,7,13,19)
sxf<- c(6,12,18,24)
sy<- c(0,0,0,0)
segments(pos,or, pos,a,col= 'black',lty=1)
segments(pos,or, pos,b,col= 'black',lty=1)
segments(sxi,sy, sxf,sy,col= 'black',lty=1,lwd=3)
text(12.5,6.5,"Lobesia botrana", col="black", font=3, cex=2)

[image: ]

C.3) Effect of Thiacloprid on the proportion of the minor pheromone compounds to the major pheromone compound (Table 3)

# data file: data.pher.txt

## legend of compounds

# C. pomonella
# q.1 -> 12OH
# q.2 -> E9-12OH
# q.3 -> 14OH
# q.4 -> E,E-8,10-12OH

# G. molesta
# q.1 -> 12OH
# q.5 -> E8-12Ac
# q.6 -> Z8-12Ac
# q.7 -> Z8-12OH

# L. botrana
# q.8 -> E9-12Ac
# q.9 -> Z9-12Ac + 11-12Ac
# q.10 -> E,Z-7,9-12Ac
# q.11 -> E,Z-7,9-12OH

# 1. Data read

dc<- read.table(file="data.pher.txt", header=T, dec=".")

dc<- dc[,c(1:3,11,13,15,17,19,21,23,25,27,29,31,33)]

# vectors by species

cp <- subset(dc,sp=="cp")
gm <- subset(dc,sp=="gm")
lb <- subset(dc,sp=="lb")

# Apply correction factors obtained from the injection of multicompound samples (which contained the internal standard, ISTD, and equivalent quantities of the test compounds). 


# Grapholita molesta

gm$q.std <- (gm$a.std*100)/880.65
gm$q.1 <- (gm$a.1*100)/876.55
gm$q.5 <- (gm$a.5*100)/802.57
gm$q.6 <- (gm$a.6*100)/808.85
gm$q.7 <- (gm$a.7*100)/814.20

gm<- gm[,c(1:3,16:20)]

gm$qc.1 <- (gm$q.1*7)/gm$q.std
gm$qc.5 <- (gm$q.5*7)/gm$q.std
gm$qc.6 <- (gm$q.6*7)/gm$q.std
gm$qc.7 <- (gm$q.7*7)/gm$q.std

gm<- gm[,c(1:3,9:12)]
gm<- gm[c(2:104),] 

summary(gm)

# Cydia pomonella

cp$q.std <- (cp$a.std*100)/940.30
cp$q.1 <- (cp$a.1*100)/953.40
cp$q.2 <- (cp$a.2*100)/838.30
cp$q.3 <- (cp$a.3*100)/1031.10
cp$q.4 <- (cp$a.4*100)/925.80

cp<- cp[,c(1:3,16:20)]

cp$qc.1 <- (cp$q.1*7)/cp$q.std
cp$qc.2 <- (cp$q.2*7)/cp$q.std
cp$qc.3 <- (cp$q.3*7)/cp$q.std
cp$qc.4 <- (cp$q.4*7)/cp$q.std

cp<- cp[,c(1:3,9:12)]
cp<- cp[c(1,3:105),]

summary(cp)

# Lobesia botrana

lb$q.std <- (lb$a.std*100)/828.20
lb$q.8 <- (lb$a.8*100)/771.23
lb$q.9 <- (lb$a.9*100)/2364.30
lb$q.10 <- (lb$a.10*100)/465.09
lb$q.11 <- (lb$a.11*100)/492.05

lb<- lb[,c(1:3,16:20)]

lb$qc.8 <- (lb$q.8*7)/lb$q.std
lb$qc.9 <- (lb$q.9*7)/lb$q.std
lb$qc.10 <- (lb$q.10*7)/lb$q.std
lb$qc.11 <- (lb$q.11*7)/lb$q.std

lb<- lb[,c(1:3,9:12)]
lb<- lb[c(2:104),]

summary(lb)

# remove samples that contains some result equal zero (in this part we didn’t make transformations)

# C. pomonella (there were no zero values)

# G. molesta (there were no zero values)

# L. botrana (remove sample 42: major compound = 0)

lb<- lb[c(1:7,9:103),]


# calculate compound proportion [minor compound / major compound]

# C. pomonella 

cp

cp$qc.1p <- c(cp$qc.1/cp$qc.4)
cp$qc.2p <- c(cp$qc.2/cp$qc.4)
cp$qc.3p <- c(cp$qc.3/cp$qc.4)

cp<- cp[,c(2,3,8:10)]

# G. molesta

gm

gm$qc.1p <- c(gm$qc.1/gm$qc.6)
gm$qc.5p <- c(gm$qc.5/gm$qc.6)
gm$qc.7p <- c(gm$qc.7/gm$qc.6)

gm<- gm[,c(2,3,8:10)]

# L. botrana

lb

lb$qc.8p <- c(lb$qc.8/lb$qc.10)
lb$qc.9p <- c(lb$qc.9/lb$qc.10)
lb$qc.11p <- c(lb$qc.11/lb$qc.10)

lb<- lb[,c(2,3,8:10)]

# observed means + se

describeBy(cp,list(cp$tto))
describeBy(gm,list(gm$tto))
describeBy(lb,list(lb$tto))

# grouping for species > treatment

#cp

cpc <- subset(cp,tto=="control")
cp0 <- subset(cp,tto=="lc0.001")
cp1 <- subset(cp,tto=="lc1")
cp10 <- subset(cp,tto=="lc10")
cp20 <- subset(cp,tto=="lc20")

#gm

gmc <- subset(gm,tto=="control")
gm0 <- subset(gm,tto=="lc0.001")
gm1 <- subset(gm,tto=="lc1")
gm10 <- subset(gm,tto=="lc10")
gm20 <- subset(gm,tto=="lc20")

#lb

lbc <- subset(lb,tto=="control")
lb0 <- subset(lb,tto=="lc0.001")
lb1 <- subset(lb,tto=="lc1")
lb10 <- subset(lb,tto=="lc10")
lb20 <- subset(lb,tto=="lc20")

# 2. normality analysis in compound proportion: shapiro test.

# interpretation: if significant then not normal. Significant = 0-0.05 

# non transformed data

# C. pomonella

shapiro.test(cpc$qc.1p) # not normal
shapiro.test(cp0$qc.1p) # not normal
shapiro.test(cp1$qc.1p) # not normal
shapiro.test(cp10$qc.1p) # not normal
shapiro.test(cp20$qc.1p) # not normal

shapiro.test(cpc$qc.2p) # not normal
shapiro.test(cp0$qc.2p) # not normal
shapiro.test(cp1$qc.2p) # not normal
shapiro.test(cp10$qc.2p) # not normal
shapiro.test(cp20$qc.2p) # not normal

shapiro.test(cpc$qc.3p) # not normal
shapiro.test(cp0$qc.3p) # not normal
shapiro.test(cp1$qc.3p) # not normal
shapiro.test(cp10$qc.3p) # not normal
shapiro.test(cp20$qc.3p) # not normal

# G. molesta

shapiro.test(gmc$qc.1p) # normal
shapiro.test(gm0$qc.1p) # normal
shapiro.test(gm1$qc.1p) # normal
shapiro.test(gm10$qc.1p) # normal
shapiro.test(gm20$qc.1p) # normal

shapiro.test(gmc$qc.5p) # not normal
shapiro.test(gm0$qc.5p) # not normal
shapiro.test(gm1$qc.5p) # normal
shapiro.test(gm10$qc.5p) # normal
shapiro.test(gm20$qc.5p) # normal

shapiro.test(gmc$qc.7p) # normal
shapiro.test(gm0$qc.7p) # normal
shapiro.test(gm1$qc.7p) # not normal
shapiro.test(gm10$qc.7p) # not normal
shapiro.test(gm20$qc.7p) # normal

# L. botrana

shapiro.test(lbc$qc.8p) # not normal
shapiro.test(lb0$qc.8p) # not normal
shapiro.test(lb1$qc.8p) # normal
shapiro.test(lb10$qc.8p) # normal
shapiro.test(lb20$qc.8p) # not normal

shapiro.test(lbc$qc.9p) # not normal
shapiro.test(lb0$qc.9p) # not normal
shapiro.test(lb1$qc.9p) # normal
shapiro.test(lb10$qc.9p) # not normal
shapiro.test(lb20$qc.9p) # normal

shapiro.test(lbc$qc.11p) # not normal
shapiro.test(lb0$qc.11p) # not normal
shapiro.test(lb1$qc.11p) # normal
shapiro.test(lb10$qc.11p) # normal
shapiro.test(lb20$qc.11p) # not normal

# some data were not normal, we transformed data to analyze the normality

# C. pomonella

shapiro.test(log((cpc$qc.1)+1)) # not normal
shapiro.test(log((cp0$qc.1)+1)) # not normal
shapiro.test(log((cp1$qc.1)+1)) # not normal
shapiro.test(log((cp10$qc.1)+1)) # normal
shapiro.test(log((cp20$qc.1)+1)) # normal

shapiro.test(log((cpc$qc.2)+1)) # not normal
shapiro.test(log((cp0$qc.2)+1)) # not normal
shapiro.test(log((cp1$qc.2)+1)) # not normal
shapiro.test(log((cp10$qc.2)+1)) # not normal
shapiro.test(log((cp20$qc.2)+1)) # normal

shapiro.test(log((cpc$qc.3)+1)) # not normal
shapiro.test(log((cp0$qc.3)+1)) # not normal
shapiro.test(log((cp1$qc.3)+1)) # not normal
shapiro.test(log((cp10$qc.3)+1)) # normal
shapiro.test(log((cp20$qc.3)+1)) # not normal

# G. molesta

shapiro.test(log((gmc$qc.1)+1)) # normal
shapiro.test(log((gm0$qc.1)+1)) # normal
shapiro.test(log((gm1$qc.1)+1)) # normal
shapiro.test(log((gm10$qc.1)+1)) # normal
shapiro.test(log((gm20$qc.1)+1)) # normal

shapiro.test(log((gmc$qc.5)+1)) # not normal
shapiro.test(log((gm0$qc.5)+1)) # not normal
shapiro.test(log((gm1$qc.5)+1)) # normal
shapiro.test(log((gm10$qc.5)+1)) # normal
shapiro.test(log((gm20$qc.5)+1)) # normal

shapiro.test(log((gmc$qc.7)+1)) # normal
shapiro.test(log((gm0$qc.7)+1)) # normal
shapiro.test(log((gm1$qc.7)+1)) # normal
shapiro.test(log((gm10$qc.7)+1)) # normal
shapiro.test(log((gm20$qc.7)+1)) # normal

# L. botrana

shapiro.test(log((lbc$qc.8)+1)) # not normal
shapiro.test(log((lb0$qc.8)+1)) # not normal
shapiro.test(log((lb1$qc.8)+1)) # normal
shapiro.test(log((lb10$qc.8)+1)) # normal
shapiro.test(log((lb20$qc.8)+1)) # not normal

shapiro.test(log((lbc$qc.9)+1)) # not normal
shapiro.test(log((lb0$qc.9)+1)) # not normal
shapiro.test(log((lb1$qc.9)+1)) # normal
shapiro.test(log((lb10$qc.9)+1)) # not normal
shapiro.test(log((lb20$qc.9)+1)) # normal

shapiro.test(log((lbc$qc.11)+1)) # not normal
shapiro.test(log((lb0$qc.11)+1)) # not normal
shapiro.test(log((lb1$qc.11)+1)) # normal
shapiro.test(log((lb10$qc.11)+1)) # normal
shapiro.test(log((lb20$qc.11)+1)) # not normal

# our data were normalized in more cases but some data continue being not normal, we use glm # on transformed data

# 3. glm + anova of glm + posthoc tukey (compounds proportion without any transformation)

# Cydia pomonella

# Compound 1. 12OH

model <- glm((log((qc.1p)+1))~tto, family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   103     9.5014              
tto   4  0.35555        99     9.1459 0.9622 0.4318
predictmeans(model, "tto",adj="tukey", plot=F) # generates predicted means, standard error of means 
# and pairwise p-values

# Compound 2. E9-12OH

model <- glm((log((qc.2p) +1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F    Pr(>F)    
NULL                   103     12.501                     
tto   4   2.3081        99     10.193 5.6045 0.0004149 ***
predictmeans(model, "tto",adj="tukey", plot=F)

`Pairwise p-values`
        control lc0.001     lc1    lc10    lc20
control  0.0000 -0.7158 -0.9440 -2.6077 -4.1500
lc0.001  0.9524  0.0000 -0.2282 -1.8919 -3.4429
lc1      0.8789  0.9994  0.0000 -1.6637 -3.2175
lc10     0.0767  0.3285  0.4610  0.0000 -1.5742
lc20     0.0007  0.0074  0.0147  0.5173  0.0000
        Group
control    A 
lc0.001    A 
lc1        A 
lc10       AB
lc20        B

# Compound 3. 14OH

model <- glm((log((qc.3p) +1))~tto,family=gaussian,data=cp)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F  Pr(>F)  
NULL                   103     7.9390                 
tto   4  0.79746        99     7.1415 2.7637 0.03165 *
predictmeans(model, "tto",adj="tukey")
`Pairwise p-values`
        control lc0.001     lc1    lc10    lc20
control  0.0000 -0.1630 -0.5826 -1.4688 -2.8630
lc0.001  0.9998  0.0000 -0.4196 -1.3058 -2.7020
lc1      0.9774  0.9934  0.0000 -0.8861 -2.2876
lc10     0.5850  0.6883  0.9014  0.0000 -1.4123
lc20     0.0401  0.0608  0.1576  0.6213  0.0000
        Group
control    A 
lc0.001    AB
lc1        AB
lc10       AB
lc20        B

# Grapholita molesta

# Compound 1. 12OH

model <- glm((log((qc.1p) +1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df  Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                    102   0.021821              
tto   4 0.0003527        98   0.021468 0.4025 0.8064
predictmeans(model, "tto",adj="tukey")

# Compound 5. E8-12Ac
model <- glm((log((qc.5p) +1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df  Deviance Resid. Df Resid. Dev    F Pr(>F)
NULL                    102   0.017622            
tto   4 0.0012123        98   0.016410 1.81  0.133
predictmeans(model, "tto",adj="tukey")



# Compound 7. Z8-12OH

model <- glm((log((qc.7p) +1))~tto,family=gaussian,data=gm)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   102    0.86349              
tto   4 0.045905        98    0.81758 1.3756  0.248
predictmeans(model, "tto",adj="tukey")

# Lobesia botrana

# Compound 8. E9-12Ac
 
model <- glm((log((qc.8p) +1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   101    0.72675              
tto   4  0.02484        97    0.70191 0.8582  0.492
predictmeans(model, "tto",adj="tukey")

# Compound 9. Z9-12Ac+11-12Ac

model <- glm((log((qc.9p) +1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df   Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                     101   0.013574              
tto   4 0.00066152        97   0.012912 1.2424 0.2982
predictmeans(model, "tto",adj="tukey")


# Compound 11. E,Z-7,9-12OH

model <- glm((log((qc.11p)+1))~tto,family=gaussian,data=lb)
aov.m<- anova(model,test="F")
aov.m
     Df Deviance Resid. Df Resid. Dev      F Pr(>F)
NULL                   101    0.78415              
tto   4 0.046948        97    0.73720 1.5443 0.1955
predictmeans(model, "tto",adj="tukey")

#Note: Table 3 shows predicted values obtained with predictmeans()

D) Mortality data analysis scripts (Table S1).

D.1) Mortality for calling behaviour assay

# data file: data.mort.call.2.txt

# 1. Data read.

dmc<- read.table(file="data.mort.call.2.txt", header=T, dec=".")
dmc1=ddply(dmc,c("sp","insecti","LC","concen"),summarise, N=sum(N), Nm24 = sum(N24))
dmc1$per.m <- c((dmc1$Nm24/dmc1$N)*100) #to get the percentages 
dmc1$LC<- recode(dmc1$LC, '"control"=0', as.factor.result=TRUE) #change text “control” for a numeric value “0”

# 2. Differences between treatments

#divided by species

cp <- subset(dmc1 ,sp=="c.p")
gm <- subset(dmc1 ,sp=="g.m")
lb <- subset(dmc1 ,sp=="l.b")

#anova after glm indicates if variables like treatment are significant, in this case we can compare between means

#Cydia
model <- glm((Nm24/N)~LC,data=cp, family=binomial(logit), weights=N)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev  Pr(>Chi)    
NULL                     4     22.622              
LC    4   22.622         0      0.000 0.0001506 ***

#Grapholita
model <- glm((Nm24/N)~LC,data=gm, family=binomial(logit), weights=N)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev      Pr(>Chi)    
NULL                     4         51                  
LC    4       51         0          0 0.00000000022 ***

#Lobesia
model <- glm((Nm24/N)~LC,data=lb, family=binomial(logit), weights=N)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev  Pr(>Chi)    
NULL                     4       34.5              
LC    4     34.5         0        0.0 0.0000006 ***

# 3. Means comparisons using Fisher's exact test

cp
cp$alive <- c(cp$N - cp$Nm24)
pairwise.fisher.test(cp$Nm24, cp$alive, p.adjust.method="bonferroni")
  1     2     3     4    
2 1.000 -     -     -    
3 1.000 1.000 -     -    
4 1.000 1.000 1.000 -    
5 0.006 0.014 0.094 0.961
gm
gm$alive <- c(gm$N - gm$Nm24)
pairwise.fisher.test(gm$Nm24, gm$alive, p.adjust.method="bonferroni")
  1        2        3        4   
2 1.00     -        -        -   
3 1.00     1.00     -        -   
4 0.02     0.02     0.02     -   
5 0.000009 0.000010 0.000009 0.27

lb
lb$alive <- c(lb$N - lb$Nm24)
pairwise.fisher.test(lb$Nm24, lb$alive, p.adjust.method="bonferroni")
  1       2     3     4    
2 1.000   -     -     -    
3 1.000   1.000 -     -    
4 0.688   1.000 1.000 -    
5 0.00007 0.006 0.006 0.155

D.2) Mortality for pheromone production assay

# data file: data.mort.pher.2.txt

# 1. Data read.

dmc<- read.table(file="data.mort.pher.2.txt", header=T, dec=".")
dmc1=ddply(dmc,c("sp","insecti","LC","concen"),summarise, N=sum(N), Nm24 = sum(N24))
dmc1$per.m <- c((dmc1$Nm24/dmc1$N)*100) #to get the percentages
dmc1$LC<- recode(dmc1$LC, '"control"=0', as.factor.result=TRUE) #change text “control” for a numeric value “0”

# 2. Differences between treatments

#divided by species

cp <- subset(dmc1 ,sp=="c.p")
gm <- subset(dmc1 ,sp=="g.m")
lb <- subset(dmc1 ,sp=="l.b")

#anova after glm indicates if variables like treatment are significant, in this case we can compare between means

model <- glm((Nm24/N)~LC,data=cp, family=binomial(logit), weights=N)
anova(model, test="Chisq")
     Df Deviance Resid. Df Resid. Dev Pr(>Chi)    
NULL                     4       18.9             
LC    4     18.9         0        0.0  0.00082 ***

model <- glm((Nm24/N)~LC,data=gm, family=binomial(logit), weights=N)
anova(model, test="Chisq")

          Df Deviance Resid. Df Resid. Dev Pr(>Chi)   
NULL                     4       16.8            
LC    4     16.8         0        0.0   0.0021 **
model <- glm((Nm24/N)~LC,data=lb, family=binomial(logit), weights=N)
anova(model, test="Chisq") 
     Df Deviance Resid. Df Resid. Dev Pr(>Chi)  
NULL                     4       9.33           
LC    4     9.33         0       0.00    0.053 .

# 3. Means comparisons using Fisher's exact test

cp
cp$alive <- c(cp$N - cp$Nm24)
pairwise.fisher.test(cp$Nm24, cp$alive, p.adjust.method="bonferroni")
  1    2    3    4   
2 1.00 -    -    -   
3 1.00 1.00 -    -   
4 1.00 1.00 0.51 -   
5 0.07 0.10 0.05 1.00
#Although the GLM is significant, there are no pairwise differences

gm
gm$alive <- c(gm$N - gm$Nm24)
pairwise.fisher.test(gm$Nm24, gm$alive, p.adjust.method="bonferroni")
  1    2    3    4   
2 1.00 -    -    -   
3 1.00 1.00 -    -   
4 1.00 1.00 1.00 -   
5 0.10 0.12 0.51 0.08
#Although the GLM is significant, there are no pairwise differences



1

image3.png
1.0 1

0.8

0.6 1

0.4

0.2

0.0

Lobesia botrana
—— Control
—— L.C0.001
—— LC1
—— LC10

—— LC20

-2

0 2 4 6 8 2

Hour with respect to the onset of the scotophase




image4.png
Proportion female calling

-6 -4 -2 0 2 4 6 8 2

Hour relative to the onset of scotophase




image5.png
LD20

Control

-
—
—
. B
— =
B ——
-
2 B 6

|
g v It _r__ il

ol

inoineyaq Suljjes ajeway

Hour




image6.png
LD2o

Control

eny oy ___ ’

L
PRI

) djewdy

1

Hour




image7.png
LD2o

LD1

Control

helint 1

Bl

'_IFE__".._...L_.I..

Jnoineyaq Suijjed ajeway

°

°

°

Hour




image8.png
Compound quantity (ng, mean £ SEM)

. s Cydia pomonella O Control
. @ LC0.001
i Lct
ab o LCc10
; | LC20
b b
2 a a
ab
, , +i 7 Zm |
EE-8.10-120H 12:0H 14:0H E9-12:0H
Grapholita molesta
T/ " Az
28-12:Ac 28-12:0H EB8-12:Ac 12:0H

Lobesia botrana

. Vivzzmm |

f —_—
EZ7812Ac EZ79120H E9-12Ac 2912 Ac+1112Ac




image1.png
1.0 1

Cydia pomonella





image2.png
Grapholita molesta

T T T T T
< @ © ~ N o
-~ o o o o o

Buljjeo sejews) Jo uoluodoid





1


 


 


Title


: 


Sublethal effect


s


 


of neonicotinoid insecticide on calling behavior and pheromone 


production of tortricid moths


 


 


 


Authors


: Miguel A. Navarro


-


Roldán and César Gemeno.


 


Department of Crop and Forest Sciences. University of Lleida . 25198


-


Lleida, Spain


 


 


 


R scripts


 


 


 


 




1     Title :  Sublethal effect s   of neonicotinoid insecticide on calling behavior and pheromone  production of tortricid moths       Authors : Miguel A. Navarro - Roldán and César Gemeno.   Department of Crop and Forest Sciences. University of Lleida . 25198 - Lleida, Spain       R scripts        

