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Random forest is a specific algorithm, not omnipotent for all datasets
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Abstract Random forest has gained extensive attention since its publication in 2001. Random forest can handle both
regression and classification with minimum assumptions (no need for normality, homogeneity of variance, and independence
between explanatory variables), so that its applications has dramatically increased. Someone even use it as an omnipotent tool
for all analysis. In fact, random forest is a specific algorithm with clear characteristics. It is an ensemble method by
constructing a number of decision trees, which intends to use local optimization to fit data. When the data have strong partial
effect, random forest usually does not fit well. I compared the performance of random forest with multiple regression models,
generalized additive models, and artificial neural network using the occurrence data of Cicadidea species. The results showed,
although the prediction of random forest looked fragmented, it outperformed the other three models. Random forest also
performed better than linear discriminant analysis for classifications. Random forest has its strength and weakness. I
suggestion to use multiple models for data analysis rather than one “powerful” model.
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Fig.1 Using regression tree to quantify the relationship between human footprint index and elevation of species
Hadoa texana and Burbunga hillieri (A) and using classification tree to distinguish the niche of four species of
Cicadidea based on the Bioclimate variables at their occurrences (B)

1 lines(X, Y) #
library(tree) # R spe <- cic[1:500,]; spe = droplevels(spe) #
spe <- cic[cic$species == "Burbunga hillieri", ] # 500
) Burb hillieri TREE <- tree(species ~ landuse + footprint + alt +
cie urbunga huthiert bio_1 + bio_5 + bio_6 + bio_7 + bio_12 + bio_16 + bio_17,
TREE <- tree(footprint ~ alt, data=spe) # data = spe) #

plot(TREE); text(TREE) #
X <- seq(min(spe$alt), max(speSalt), length. out =
100) # 2 FEHLZARME R E
Y <- predict(TREE, list(alt=X)) #
plot(spe$alt, speS$footprint, pch=21, col="black",

bg="gray", xlab = Elevation (m)", ylab ="'
(HFT)', main=spe$species[1]) R
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Fig. 2 Predicting the values of Y using multiple regression (A) and random forest (B)
on the basis of two variables X, and X,, which have strong partial effect on Y
Y B

The sizes of the circles represent the actual values of Y, the colors represent the predicted values of Y.
The upper panel of Fig. 2: B shows the partial plots of X; and X, based on random forest.

2 X.1 <- seq(min(X;), max(X,), length = 100); X.2 <-
seq(min(X,), max(X,), length = 100)

# f <- function(X.1, X.2) { r <- interception +
fit <- summary(Im(Y ~ X; + Xy)) coef X*X.1 + coef X,*X.2 };

interception <- fit[[4]][1, 1] Y <- outer(X.1, X.2, f)

coef X, <- fit[[4]][2, 1] filled.contour(X.1, X.2, Y, main=", color =

coef_X, <- fit[[4]][3, 1] terrain.colors, xlab=eXpression(paste(X[1])), ylab=
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expression(paste(X[2])))

points(X1, X2, pch=16, cex=Y) # filled.contour
bug

#

RF <- randomForest(Y ~ X; + X,, importance= TRUE,
ntree=1000)

X.1 <- seq(min(X1), max(X1), length= 100);

X.2 <- seq(min(X2), maX(X2), length= 100)

data <- expand.grid(X.1, X.2);

names(data) = c('X1", 'X2")

Y <- predict(RF, newdata=data);

Y <- matrix (Y, nrow=100, ncol=100)

filled.contour(X.1, X.2, Y, main=paste("), color =
terrain.colors, Xlab=expression(paste(X[1])),
ylab=expression(paste(X[2])))

#
D <- cbind(X1, X2, Y)

partialPlot(RF, D, X, xXlab=expression(paste (X[1])),
Ylab="Y', main=")
partialPlot(RF, D, X2, xlab=expression(paste (X[2])),
ylab="Y', main=")

R randomForest

partialPlot
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Fig. 3 The partial plot in random forest

Atrapsalta encaustica
RF1
RF2

RF1 RF2

The human footprint index (HFI) at the occurrences of
species Atrapsalta encaustica was explained by elevation
only (random forest model 1 (RF1)), and by both elevation
and annual total precipitation (random forest model 2
(RF2)). The green line is the predicted HFI using RF1
based on 100 evenly distributed elevations. The red line is
the partial plot (elevation vs. HFI) of RF1. The green line is
the partial plot (elevation vs. HFI) of RF2. The gray line is
the smooth line for elevation-HFTI relationship.

3

spe <- gal[gal$species = 'Atrapsalta encaustica',]

RF1 <- randomForest(footprint ~ alt, data = spe, prox
= TRUE, importance = TRUE, ntree = 1000)

partl <- partialPlot(RF1, spe, alt) #

RF2 <- randomForest(footprint ~ alt + bio 12,
data=spe, prox=TRUE, importance = TRUE, ntree = 1000)

part2 <- partialPlot(RF2, spe, alt) #

plot(partl, type="T', xlab = " Elevation (m)",

(HFI)', main=",
col=2, ylim = ¢(0, max(spe$footprint)))
lines(part2, col = "blue")
legend("topright", legend=c("Prediction: Footprint ~
Elevation", "Partial plot: Footprint ~ Elevation",
"Partial plot: Footprint ~ Elevation +
Precipitation", "Smooth curve"),
Ity = 1, col = c('darkgreen', 'red', 'blue',
'gray'), lwd = ¢(1,1,1,2), cex = 0.8)
points(speSalt, spe$footprint, col = adjustcolor ("black",
alpha=0.5), cex =.6, pch = 16)
x.1 <- seq(min(spe$alt), max(spe$alt), length = 100)
data <- as.data.frame(x.1); names(data) = c(‘alt')
Y1 = predict(RF1, newdata = data) #

ylab="
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lines(data$alt, Y1, col = "darkgreen") # /

smooth <- loess.smooth(speS$alt, spe$footprint) #

lines(smooth, col = "gray", lwd =2) # 3 .'_:j ;E\:fm*ﬁg! E’\J ttﬁ
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Fig. 4 The distribution of R” values using linear model, generalized additive model, artificial neural network and
random forest for the model (human footprint index - elevation + precipitation)
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Based on 100 samples of the occurrences data of Cicadetta petryi.



- 176 -

Chinese Journal of Applied Entomology 56

Robust
Cicadetta petryi 41
90% 100
R
mgcv gam
neuralnet neuralnet 3
20 10 5
R
% Var explained
R R
R
3 4
4
library(mgcv); library(neuralnet)
spe <- gal[gal$species == 'Cicadetta petryi', |

#Cicadettana calliope
plot(speSalt, spe$bio 12, cex = speS$footprint/10,
col=adjustcolor("black", alpha=0.5), pch=16,
xlab=" Elevation (m)", ylab ="'
precipitation (mm))')
R2_L <- numeric(); R2_R <- numeric();
R2_ G <- numeric(); R2_A <- numeric()
for (i in 1:100){
sam <- sample(1:nrow(spe), floor(nrow(spe)/ 1.1),
rep = F); ite <-spe[sam,]
#
fit <- summary(Im(footprint ~ alt + bio_12, data =
ite)); R2_L[i] <- fitSadj.r.squared
#
RF <- randomForest(footprint ~ alt + bio_ 12, data
= ite, importance=F, ntree=1000)
pred <- numeric(); pred <- predict(RF, newdata =

Annual

ite)

R2 R[i] < 1 -
var(ite$footprint)

#

fit <- gam(footprint ~ s(alt) + s(bio_12), data = ite);
pred <- predict(fit, newdata = ite)

R2 G[i] < 1 - var(ite$footprint-pred)/var
(ite$footprint)

#

Data = ite[,c(4, 9, 3)] #

var(ite$footprint-pred) /

maxs <- apply(Data, 2, max); mins <- apply (Data,
2, min)

Data <- as.data.frame(scale(Data, center = mins,
scale = maxs - mins)) #very important!!!

nn <- neuralnet(footprint - alt + bio_ 12, data =
Data, hidden = ¢(20, 10, 5), threshold = 0.01, linear.output
=T)

pred <- compute(nn, Data[, ¢(1,2)])$net. result

pred <- pred *(maxs[3]-mins[3])+min (mins[3])

R2 Ali] <- 1 - var(ite$footprint-pred)/var
(ite$footprint)

}

#

library(ggplot2)

D1 <- data.frame(ID = 1:100, Models = "Linear
regression”, index = R2 L)
D2 <- data.frame(ID = 1:100, Models = "Generalized
additive model", index = R2_G)
D3 <- data.frame(ID=1:100, Models = "Attificial neural
network", index = R2_A)
D4 <- data.frame(ID=1:100, Models = "Random forest",
index =R2 R)
DD <- rbind(D1, D2, D3, D4)
ggplot(DD, aes(index, fill = Models, colour =
Models)) +
geom_density(alpha = 0.5, bw=0.1) + xlim(0, 1) +
ylim(0, 4) +
theme(panel.grid.major =
panel.grid.minor = element_blank(),
panel.background =
axis.line = element line(colour =
xlab(expression(paste(R”2))) + ylab("
+

element_blank(),

element_blank(),
"black")) +
Density")

scale fill manual( values = c("red", "green", "blue",
"yellow™))

32 XEHMEH
Breiman 2001b X1
Y X,
Zammara smaragdula
5
5 R 7%
573% 7.5% 87.1%
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Fig. 5 Using multiple regression (A), generalized additive model (B), artificial neural network (C), and random forest

(D) to predict the human footprint index (the gradient color) at the occurrences of the species Zammara smaragdula

m mm

Based on elevation (the X axis) and annual total precipitation (the Y axis). The sizes of the circles
represent the values of human footprint index of the occurrences.

spe <- gal[gal$species == "Zammara smaragdula", ]
x1 <- spe$alt; x2 <- spe$bio_12; y <- spe$footprint
fit <- gam(y ~ s(x1, k = 3) + s(x2, k = 3) + te(x1, x2))

# ti((RP, WB)) is better when main effect is large

3.3 AR

500

89.6% 97.8%

6

spe <- gal[1:500,]; spe <- droplevels(spe)
RF <- randomForest(species ~ landuse + footprint +

alt + bio_1 + bio 5+ bio 6 +bio_7 + bio_12+

bio_16+ bio_17, data = spe, importance = T, ntree =
1000)
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Fig. 6 The confusion matrix for classifying species of Cicadidea at the occurrences using linear discriminant
analysis (left panel) and random forest (right panel) based on 9 environmental variables

RF.predicted <- predict(RF, newdata=spe) #

library(MASS)
Ida.result <- lda(species ~ landuse + footprint + alt +

bio_16 + bio_17, data=spe)

Ida.predict <- predict(lda.result, spe) #

Kim et al.

Gréemping

compare <-  data.frame(predicted_class 2009
lda.predict$class, actual class = spe$species)
compare <-  data.frame(predicted_class XY
RF.predicted, actual_class = spe$species)
confusion_matrix <- as.data.frame(table (compare)) 3
ggplot(data = confusion_matrix, mapping = aes(x = X-Y
predicted class, y = actual_class)) +
geom _tile(aes(fill = Freq)) + geom_text(aes(label =
sprintf("%1.0f", Freq)), vjust=1) + 2
scale fill gradient(low = "blue", high = "red", trans =
"log") Hastie

Vs et al. 2008
4 THig

Breiman 2001a
Elith and
Graham 2009

Omission 2019
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