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i E  REHLARAM (random forest) HiF J& fi Breiman Al Cutler £ 2001 4F # Hi i) — Bl 3t T4 KW 055 1%, Bl i
X a3 S Y IR R R TR B Y T RS B 2 TAR A 2 4% A AR e AL AR A T MR BT BB L. B AL AR AR 2
SR BEAR R, 7R AL B R B R B 5 o BEHLAR AR T 0 — A (71 U 20 BT T I F) 2 0 3 £ 4 1 [ 8L, O e
WL, AR RSN T AL ET M, 54k, BEPLARMAE 7915522 &/ R e AR T, iy HL w7
AR BUAE 5 1] (%9 22 ELAE ] (interaction) o B X B B A U A SCB T 3 AR 61, 230 41 T BE DL AR AR AE B o
il 2 19 340 50 23 BT AT TC RN B9 40 A (IR T2 8 30 35 1090 ) A0 10 0 23 87 b #2058 ) ) BBl 4 2UR ROIE 5 (RAS T
RIS BE AL AR BRAE 5328 5 10105 53 A b i 7 R B2 8 5%

REER BEPLARAK, 202, AT, WA, Hlases

Using “random forest” for classification and regression

LI Xin-Hai ™
(Institute of Zoology, Chinese Academy of Sciences, Beijing 100101, China)

Abstract “Random forest” is an algorithm developed by Breiman and Cutler in 2001. It runs by constructing multiple
decision trees while training and outputing the class that is the mode of the classes output by individual trees. It has
improved performance over single decision trees, and it is much more efficient than traditional machine learning
techniques, e. g. artificial neural networks, especially when the dataset is large. Random forest can handle up to
thousands of explanatory variables. It can be used to rank the importance of variables when the R package “random.
forest” is implemented. It is suitable for demonstrating the nonlinear effect of variables, and it can model complex
interactions among variables. Random forest is robust for outliers. In this paper, three examples are used to introduce how
to use random forest for a discrimination problem (the dependent variable has multiple categories) for presence-absence

data (the deperdent variable has two categories) , and for regression( the dependent variable is a continuous variable) .

Key words random forest, classification tree, discriminant analysis, regression, machine learning

BEAL AR AR (random forest) J& — filt 2 F= 73 2 B
(classification tree) fit) 2. 3 ( Breiman, 2001 ) , X4
SR BB RN SR AR, B A 2R S LA A A R i —
oy . 22 MRy HL AR A5 ) B AL R M & W 4%
(Hopfield ,1982) , 7k A2 WP 7, w4
o0 235 T I A A L AE R H SR AR G, 20 42 80 4R AR
Breiman 4 A (1984 ) & B} 1 73 & #l o] )3 B
(classification and regression tree, fij & CART) ff) %4
%l e 2 T B AT o R R T TR R
KA . 2001 4F Breiman Fl1 Cutler i % Dl /R 52 16

%11 Ho T #2 th 1% Bl AL 2k 3 #% #K ( random decision
forests) (Ho,1995,1998) 1) 75 15, 3B 4 2 20 & B
BEHLARAK ( Breiman,2001a) , B 7542 & (%)) 09 i
VB (7)) 09 0 AT BEAL A, 2B AR 2 43 28
B PR S BB 45 3 . J5 R Breiman 7EHL A% 2%
g LR T A A Cutler T 11 1) B HL AR AR ) 55
% (Breiman ,2001a) , 3X & SC & # K51 H (R4
Google Scholar, % X 2 & 2013 4E %55 9 000 £

W), A AL A2 ) G — > LR AL
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re T TIOINORS B BE AL AR AR N £ T 2 M S BIURK,
B8 RN R 54k AN R P A Y B dE L BCRR e, TT LA
Ry 0 2 3k JU T A MRS & EH
(Breiman,2001b ) , #% 2 4 YA w iF B BB Z —
(Iverson et al. ,2008) , TE#L % > 11 £ 5 1%
Hh B ML AR A AT g 0T o T A B2 O T, TE AT A
Wl 75 50 B 3K % 19 W ( Cutler et al. | 2007,
Genuer et al. ,2010) ,

BE ML AR AR Y 5575 B 90 L FORTRUN i 5 4 5
(Liaw,2012) . BRZEWT LUl i R 7 5 8 SAS 48 T
B, RIEF = —MH T80T o0 i fs 5 1
S MR /E B (R Development Core Team,2013) ,
BIE H W R AR R R R R e &
A B 2 AR A5 ) B )T i gt TR,
WLRIEFWAEREE K, AT RIEFNAHA
BEMLERAREY B o R 65 A WA 8] BLizs
ATBENL AR MK, 43 5] & randomForest ( Liaw,2012)
party . A A4 randomForest [ s

AR SO ) A SR AR RO LA A S
FUAER U3 ARGl s T B0 b 4 i R
E A, 2 AT LLIs AT BE AL AR AR I Bk, AT
B A 53 BT, A 3048 B A R M R R Y R 25 A
Feb5, IF A DL AT WO . Breiman & 3 Bl HL £k bk
J& A T SR AR T R L (Biaw, 2012) , 48
H# ) 1 3 ( Archer and Kirnes, 2008 ; Groemping,
2009 ) F14E & ] (149 28 A4 ( Winham et al. ,2012)
5o ARSCETEN FBEHLARARAY N I7 ik, AN K
HA B R WA W K5 HA P17 07 209 e 8o

1 BEHL AR PR R IR

[7) JF At A Y — B, B ML AR AR AT DL R T A
AR (X1 X2 o Xk)XFRAS & Y BFER . IR B
YA o AWIME, A kA H RS Z AT
a3 3 AR (1 B A%, B L R R 2 AL 7 D 4 Al
HE R o A UL AE, b A 00 T S B
Z W, A A AL 2, X 2 Bootstrap H T il A 1Y
Jivk o[RBT, Bl ATLAR AR BE AL N kA [ 28 i 3 B
T AR R HEAT 20 B A B . X, IR
ISR T RER — . — BT, BEHLAR
ARBEML AL BL B A 2 LT A 50 250, 88 5 vk 7%
diE R om0 R O e & 45 R ((Breiman,
2001a) ,

2 FENLZRMEIR
B LR AT LT 4325 AR U R Y

JEOPRAR R ROy N A Y LA i
W2 EE, AASE X ATRLEZ A ES AL ME
NI RRR A RN 3 ARG R B
M RS A 0503 (4 0 A s 70 S ), R i S A8 i Y
(18 ff s [ 01 I

2.1 ZE3504 4 oh 0 Rz FR

S H) 437 ( discriminant analysis) 2 7EF AR & V
LA 73 280K F BT A B 25 PR AR s+ A AR 4
) 530 A A L0 (L 4 288 2 01 J ) et ) — o 2218 ek 5
AT Ik . FIR S 0 A G A A TS
SOAEARSCHR AR P B9 X B, 61 A3
MR (A B A C) B3, Akl Ll 4 4
KEERAR (LT L2 L3 FI L4) #EAT R AR5, R
BRI 1,

x1 SHERAREATOENINEEER
Table 1 The four length indices for classifying

three insect species

) Fif HHF Length
Species L1 12 L3 14
A 16 27 31 33
A 15 23 30 30
A 16 27 27 26
A 18 20 25 23
A 15 15 31 32
A 15 32 32 15
A 12 15 16 31
B 8 23 23 11
B 7 24 25 12
B 6 25 23 10
B 8 45 24 15
B 9 28 15 12
B 5 32 31 11
o 22 23 12 42
C 25 25 14 60
o 34 25 16 52
C 30 23 21 54
C 25 20 11 55
o 30 23 21 54
o 25 20 11 55

i iE AT T8 R OEF AU, n] LUAS 2 B AL AR
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MREYEER RFL, RGP #7 Rom ke, s m
AR R AR INAT o Y BEALRR AR T2 2 I, 4
W RF1 49 5 1R ¥ 6 % ( confusion matrix) (F2),
718 530 53 B 1) R R

in stall. packages( “randomForest” ) #2425 fifi #l,
AR (BB R T 23—

library (randomForest) ## F] B HL 2% M2 17 42
(BRI AT HR A )

insect < — read. csv( " d:/data/insects. csv" ,
header = TRUE) #\ il #5352 A S0P B 6 % insect

RF1 < - randomForest (insect [, c ( ‘L1’
‘127, ‘13, ‘14’ )], insect [, ‘ species’ |,
importance = TRUE, ntree = 10000) #iz 17 fifi Hl £
AR

RFT #87n SRS 45 5%, 40 5 12 22 3 FNR I J6 1
(%£2)

Horpinsect J2— MU S AR EE 20 LR Y
BAEFE, insect[ ,c( ‘L1’ ,°L2°, ‘13" ,°14" ) ]F
IR B R 4 Sk L 20 M AR B s insect [,
“species’ | 3R B LB W FR 2800, J& 20 AN FD 4
HRMH—A i, 3R 2 WoRBIRIXT A A 3] 51 1R
KR 28.6% X B A1 C B FIRNHEIRF R 0,

*2 BENHFHR(BTHER)MREERE
ETRHSERE
Table 2 Random forest outputs a confusion matrix

showing the classification error

SR
A B
Class error
A 5 2 0. 286
B 0 6 0
C 0 0 7 0

0 AT RN L BR R 2], 5 R B AL AR AR 2 192801
The row indicates real classification; the column indicates

predicted classification.

BEDIL 2R AR A 25 2R A 35 00 531 ek K, a] LR A
AR AR AR5 38 1) 2 82 4 DBy B2 A 8 ) Ao 28 51

new. data < - data. frame (L1 =20, 12 =50,
L3 =30, 14 =20) #—N A9 R HUAY 2

predict( RF1, new. data, type = “prob” ) #3I] 5]
AR R RUAZE A B AT C AR

predict( RF1, new. data, type = “response”) #

) 1% B ) B U 2 0

ARG LR R A B C AR
Wk 82.4% 9. 4% F1 8. 2% . W HL AR MK H ]
AL
2.2 WNEEHEHSHT

XA B ARG R A AN K AR R
WA, — MO 2 8 B & I ( logistic
regression ) [ 77 1% o 22 B 307 4 0] 09 52 5T b= ) A
A Y AEPIAS IR ) o 8 BT A 1] 09 X
A ) 22 o0 e AR PR R R UL, BEOR A 8 R 2 )
AHE ST o Bl BIL R AR W) 58 42 R o7 223X A i 42 2%
F . Breiman 7£ 2001 4E % £ T H A A & LY 3C
FOCHEH TG IR A Gt AR O v 4R 28 A A
T 3% 8 30 A [0 U9 285 2 HE S AT E I 45 8, T R BIL
ARARAEHR T AT 5

FA5 2 LIARE R 9], 8 B 3% 07 125 B9 BAR R o
KRR I R Z N EE R AW (L e al.,
2006,2009 ; K PR FI 2= iRk i, 2012 ) o B BE &
BT E BRI TR A AR R
FIJHZEAL (FRAR M A ER 45 ) T 3R B
[ESRTHYE 3N o/ NN S B/ R = N 3 L B D eSS
HOMAREY 1981 4F 2 2008 4[] 1Y 532 (Y =
1), DL AR AR S X R ek 50y (S5 H] )2 538
MRE(Y=0) (K 3:A); AR NX 3 070 4> Hi A
XFRLEY 8 ASPRIFE AR N Bl AL BR AROR AR RS AL
WREFEAT AT ROIE S ARSI

ib is < — read. csv( d:/data/ibis. csv’, header
=TRUE) #5132 A B

ibis $ use < — as. factor(ibis $ use) # & X H
HEREFES (0 8 1) et KRN R Y,

ibis  $ landcover < - as. factor ( ibis
$ landcover) #5E S+ b 1| HI 2 AU Sy 43 26718

RF2 < - randomForest(ibis[ , c( ‘elevation’ ,
‘GDP’, ‘ pop ',
‘slope’, ‘prec_ann’, “t_ann’) ], ibis[ , ‘use’ ],
importance = TRUE, ntree =1000) #iz 17 Bl AL 2% #k

varlmpPlot (RF2) #[&78 [ 22 5 XJ 19 4L 41k 2 45
) T

MNIEL T ] LU B A 7] 48 F5 46 7 19 42 G 2 1
WS 2R (R R IR SRR

BEDL AR AR AT DL 25 H A 1 22 xR 2 o 0 AR
Mo T RACHES 25 1 35005 5Lk 35 15 19 52 e, 2%

¢ footprint *, * landcover
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Fig.1 Ranking variable importance that associated with nest site selection of the

crested ibis by random forest "

# MeanDecreaseAccuracy f 8 — /> 725 2 (1 BUE AE S BB ALK, 6 AL 25 bR 300 000 o 0 1k ) R AR R 88 o I (R R 3%

T I%Z AR B Y PR B K (Liaw ,2012) . MeanDecreaseGini 3 1+ %5 JE ( Gini) 38 ¥4 31 2 & 147

AR RS o B B A

e UL S 5 P B S T, DT EE AR e A M L R E R R R R A W E R . prec_ann J& 4R E
[ 7K & 5 t_ann JE AR R B ; elevation J& 1 3k ; GDP J2: [ P A& 7= B {H 5 landcover J2& £ Mt Fi] FI 25 5 5 slope 2 3

B ;pop J& A 1% B ;s footprint J& AT HE %,

RAEIE 2 v, R0 vp S5 A R A TR SR ol ELE R

prtialPlot (RF2, ibis, elevation, “0”, main =
¢’ , xlab = “Elevation (m) %, ylab = “ Variable
effect”)

Bl BL AR AR AT LLE 5 T 20 AR F00 00 AF: o] 1l 3 A4
A E AL (8] 3)

pred < - predict( RF2, ibis, type = “ prob")
# B JEUORCE ibis 3 070 A>3 55 Bk o B 8 £
ORI

# 22 15 3(A)

plot(ibis $x, ibis $y, type = “n”, xlab =
‘2 )% Longitude’ , ylab = ‘ £ )& Latitude’ ) #2221
A2 i Jl

for (iin 1:length(ibis $x)){ #FHiEHA, N1
#| 3 070

if (ibis $use[i]! =1) points(ibis $x[i],

ibis $ y[i], col = “grey80”, cex =.8, pch =19) #

=g S5
if(ibis $use[i] = =1) points(ibis $x[i],
ibis $ y[i], col = “black”, cex =.8, pch =19) #
B H RO
%
#2238, B TR E AR &
plot(ibis $x, ibis $y, type = “n”, xlab =
‘2% Longitude’ , ylab = ‘ £ )& Latitude’ ) #2221
A o Al
for (iin 1:length(ibis $x)){ #FHiEHR, N1
#| 3 070
# MG BEAS AR RSB SRR R R
B TR
pints (ibis $x[i], ibis $y[i], col = gray.
colors(10) [ round (pred[i] * 10) ]
=19)
%

, cex =.8, pch
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Fig.2 Partial effect of elevation on nest site selection of the crested ibis
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Fig.3 The nest site of the crested ibis ( black dots) and the pseudo-absence points ( grey dots) ( A)and the

probability of nest site selection of the crested ibis calculated by random forest ( dark color means higher probability) (B)

2.3 EESH S0 3 AR IH LA B8 R 9], A 28 B BIL 2% AR AE (1]
N Y N EG AR, VLR E S — o Le9RN . IR RS RO 19 5 28 AR
A XY FEAT AR RS 22 S p 1] 5 23 A BRI A — AR B AR X o AR K XN
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AR RS AR 2K X I PR A AR OG . IR R
(AL S B o R B P 2 Y ) i R AR OK
DX PN AR B 114 B, T LA AR AR D — 4 [l U3 ] L
AR 2 ORI I R B 6 AT

sheds < - read. csv ( “d:/data/watershedsd.
csv’, header = T) #3HUE IR

head ( sheds) #7854 sheds FIHT 6 17, N3
3 7R, NA RIREIAA

R3 ABESUSIEARARBHEHURTETSE

Table 3 The number of nests and environmental variables for every watershed in the habitat of the crested ibis

HA G274 AETH =953 & H KR 12 4 AR ) 8 S
Nests Elevation Footprint Temperature  Rice_paddy = Water_body Wetland Elev_SD

1 597.83 44.54 14.02 0. 14 0.52 0.07 197. 54

0 588.74 32.41 14. 09 0.15 0. 08 0.01 148.32

0 513.84 NA 14. 66 0 0.16 0 28. 84

5 609. 33 30.2 14.29 1.17 1.03 1.21 184.58

0 NA 35.88 13.32 0.18 0.17 0.03 NA

2 651. 08 47.62 14.41 1. 11 0.34 0.38 121.37

ST T B 5048 R 15 5 1Y randomForest A {4
i3 na. roughfix &K R ALE (0 T 22 AR i) B
AREL (R T 2R84 ) R AT 4

Dat. fill < - na. roughfix( sheds) #JH /i §EK
ARBOE AR

RF3 < - randomForest( Nests ~ Elevation +

Footprint + Temperature + Rice_paddy + Water_

body + Wetland + Elev_SD, data = Dat. fill, ntree
= 5000, importance = TRUE,
roughfix, mtry =3) #ia17 ML
RF3 #RCAI 25 5, 7R 5% 22 1 O, DA B i B 78 S
(PR B X X SE80 Y R ) B F o
plot(RF3) #1322 1y 73 A |51 (&1 4)
mitry 38 %€ 73 R A s Aok e BdlE B9 A
AR R mucy B B AR A, BE AL AR AR
B E . X T2 A b (Y 2 A E)
SR (2 72 i SERY 7 O B SR 1A g3 B
(Y RBEgep i) sy fH2 A2 BB 1/3,

3 i

ASCLL 3 A GBI 487 Bl BL AR bR B AR
Mo BEPLARRES F L8052 2%, SR T e 204K 3 &
7 2 BB AR A (s & b 7 P LIRSS ) [
WA S SR B0 . BT Bk A
WL B MAELEE N E T RS, ERE

na. action = na.

B OL T AR 2RO ol 4R 150 T DL D B O B
WA LA R o AT AT LAY mury 15 HC{E R A6
AR Y B RS T 2SR 25 /NI AR . (]
AT LUAE 2 B Y 3 S i KR o RIS A
AT DA 32 (4 B0 T 23 SR A A0 B B i, 8T 4
CINYE R R SRR o s AN RS ORS¢ = e DR L
TR

HHl, ATE & X Z Fh L a7~ 1y A5 AL k17
T b ¥ ( Kampichler et al. ,2010; Li and Wang,
2013) , FEHLAR AR 22 H A 5 %k (Kampichler er al.
2010;Li et al. ,2012) , FfALARARIE 2 7 25 K Y
SRR AT HAR R X F AR R Y K
£ BEHLARMAE)— D0 SRR B ] T RRAR R,
e AL AR R B B g, B AR IH AR # = &k BEHL AR
AT LA R E M 2R IL T AW A Z R
(Breiman,2001b) . BLAT (4 Bl B 2R AR 5332 2F- A B
A B Y B T AN O PE — A [l U [R)
Il 1 22 T AL R MR 0 ), B A A A T B R A ) 5
W UNRA — AR Y ORI, A T LR R — E Y
HERG R . BEALAR AR 3 S0 A 33k A AR LB G T
s i) 32 H AE F (interaction ) ( Cutler et al. ,
2007) , Bl—/>H A2 & X1 2SS 1 HZ
X2 N Y BYME R A A, A2 HAE R AR H Al AR
T (a2 58 i 5 [0l 091 DY HG 52 2 P 0 i 2 0
BE DL AR 2R (A SO FEBE L T I £ 19 1
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Fig.4 The association between prediction error (and its 95 % confidence interval) and

the number of trees used in random forest

LT RIARAE . BEDLAR AR 5 7 28 X B4 9 3 2
4 (overfit) ( Breiman,2001b) , 4R T I &5 i A 4+
1 (Elith and Graham,2009)

R #1155 AR 3 1 48 A0 1R 22 (out-of-bag error) 1
PRI R 22 0 X T 00 28 R) A, 1R 2 02 0 2R Y B
TR X T ] [, 158 22 SR 5k 25 0 Uy 22 . B AL AR
MREY B AR I3 2 B, AR 2 X I R 1 % AT A Rl Y
HAMARJE A o BRI AR R LY 173 By R %
A el B (Liaw,2012) B4 A0 B0 H AR IE BL
— DX IRBAR AR o I DL BB AL AR RS 5 2 55 A1 1 B
T 3 B0 AR S SR AIE, AR B 1) B30 2R 28 B
UE, T H 48 Ah iR 25 02 B R 22 Y JC Al i
( Breiman,2001a) ,

it ML R AR S e 5 B B A [ L T {7 ¢
ZWEB (RE S B icki L, M HE SR A B
A CJH] Y 22 BEAS G, OB 23 1) 7 B) o 3 4h,
BEPLAR AR K F 3 2 1) o K m P R H 2 & (T 4
HWAHZET > 20 AS285]) K8 A 1 2K s
PR A ARG (R XA < 10 A2 51]) X A5 2 (1)
SCMR (Deng et al. ,2011) o 522, FEAL AR AR D) fiE
S8 R TG ST B0 Y, AR B 2 X 45 AT 45l 8 B 4l
G377 A R R HE S A
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