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Arandomforestalgorithmbasedonsimilaritymeasure
anddynamicweightedvoting
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Abstract:Therandomforestmodelisuniversalandeasytounderstand,whichisoftenusedforclassificationandprediction.
However,itusesnon-selectiveintegrationandthemajorityruletojudgethefinalresult,thusthedifferencebetweenthe
decisiontreesinthemodelisignoredandthepredictionaccuracyofthemodelisreduced.Takingintoconsiderationthese
defects,animprovedrandomforestmodelbasedonconfusionmatrix (CM-RF)isproposed.Thedecisiontreeclusteris
selectivelyconstructedbythesimilaritymeasureintheprocessofconstructingthemodel,andtheresultisoutputbyusingthe
dynamicweightedvotingfusionmethodinthefinalvotingsession.ExperimentsshowthattheproposedCM-RFcanreducethe
impactoflow-performancedecisiontreesontheoutputresult,thusimprovingtheaccuracyandgeneralizationabilityofrandom
forestmodel.
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0 Introduction
 Therandomforestalgorithmisahybrid model
proposedbyLeoBreimanfromthe Universityof
Californiain2001,whichisalsocalledtheoriginal
randomforest model[1-2].The modelcanprocess
discrete,continuousandmixedlargedatasets,has
theabilitytoefficientlyestimateout-of-bag(OOB)
errorandanalyzefeatureimportance.Especially,it
isdiffcultforthismodeltoover-fit.Asatypical
representative of integrated learning algorithm,
randomforestiswidelyusedinpatternrecognition,
textclassification,productrecommendation,etc.In
ordertocarryoutdata miningandanalysismore
accuratelyandefficiently,peopleintendtooptimize
thealgorithmbyimprovingthecorrectrateofthe
outputofrandomforestmodel.
 Sincetheintroductionofrandomforest,scholars
havecarriedoutsubsequentresearchandoptimization
onthis method.Kulkarni,etal.optimizedthe
randomforestbydividingdatadimensionintotwo
parts,whichimprovestheaccuracyratetosome
extent[3-4].Oshiro,etal.provedmathematicallythat
ifarandom forestselectsdifferentdatasetsfor

sample subset establishment during repeated
sampling,ahigheraccuracyratecanbeobtained[5].
Jian,etal.applied variableeigenvectorstothe
splittingoftreenodes,andtheclassificationeffect
wasimprovedcomparedwiththestructuredrandom
forestalgorithm[6].To someextent,Li,etal.
improvedtheclassificationaccuracyofthemodelby
changingthenumberoftrainingsamplesandnot
puttingsamplesback[7].Guo,etal.introducedthe
histogramoforientedgradient(HOG)multi-feature
fusionmethodintorandomforests[8],andtheresults
showthattheclassificationaccuracyrateofweighted
randomforest modelishigherthanthatofthe
generalrandom forest algorithm and traditional
classification algorithm. These above improved
methodsoptimizetherandomforestfromdifferent
aspects,butthereisstillroomforimprovement.
 Inthispaper,atfirst,thedecisiontreesinthe
originalrandom forestarescreened.Then,the
decisiontreesintherandomforestareclusteredby
similarity measure.Finally,the output of the
decisiontreeclusterisdynamicallyweighted,andthe
resultsarefusedandoutput.Intheexperimental
part,basedontheactualdesensitizationdataandthe
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public dataset, comparing CM-RF with other
improvedrandomforestsandsomecommonhybrid
models,itcanbefoundthattheproposedCM-RF
hashigheraccuracy.

1 Randomforest
1.1 Overviewofalgorithm

 Therandomforestalgorithm modelisa mixed
modelcomposedofmultipledecisiontrees{t(X,Θ1),
t(X,Θ2),…,t(X,Θk)},whereΘi(i=1,2,…,k)
respresentsindependentrandom variableswiththe
samedistribution.Theresultofthemodelisvoted
byalldecisiontreesintherandomforestandthefinal

predictionoutputfunctionisexpressedas

T =argmax
Y ∑

k

i=1
F(t(X,Θi)=yj), (1)

whereTrepresentstherandomforesstmodel;X=Rn

istheinputvector;t(X,Θi)isasingledecisiontree
model;Yrepresentstheoutputspace;yjistheinput
vectorcategorylabel,yj∈Y={y1,y2,…,ym};andF
(􀳱)istheindicatorfunction.Eq.(1)showsthatthe
randomforestmodelusesasimplevotingstrategy
obeyingthe majorityruletodeterminethefinal
result.Thealgorithmofflowchartconstructedby
integratingalldecisiontreesisshownin Fig.1,
whichrepresentsthemodelconstructionprocess.

Fig.1 Flowdiagramofrandomforestalgorithm

 Thespecificimplementationstepsofthealgorithm
areasfollows:
 1)Giventheoriginaldataset,D={(xi,yj)|xi∈
X,yj∈Y},thenumberofsamplesisM,andthe
numberoffeatureattributesisN.Thebootstrap
aggregating method (also called the Bagging
method)[9]isusedtorandomlyselectMt(Mt=M)
samplesfromtheoriginaldatasettoformatraining
samplesubset.Theunselecteddataareincludedina
testsample,alsocalled OOB[10] data,forerror
estimation;
 2)Based ontheselected subsetoftraining
samples,thedecisiontreeisconstructed bythe
decisiontreegenerationalgorithmsuchasC4.5[11],
CART[12],etc.,andNt(Nt≪N)featureattributes
areusedforcompletesplittingoftheinternalnodes
withoutpruning,finallyadecisiontreeisgenerate;
 3)Repeatingtheabovesteps1)and2)foratotal
ofktimes,kdecisiontreesareconstructedtoforma

randomforestmodel;
 4)Usingthetestsampletotesttherandomforest
model,kdecisiontreesgeneratekpredictionresults,
andthefinalpredictionresultsarecalculatedbya
votingstrategyobeyingthemajorityrule.

1.2 Analysisofalgorithm

 Asmentionedabove,therandomforestalgorithm
consistsofthreemainsteps.Firstly,alargenumber
ofdecisiontreesareconstructed.Secondly,these
decisiontreesareintegratedtoformarandomforest
model.Finally,theinputsamplesarevotedandthe
predictionresultsareoutput.
 Fortherandomforestmodel,itusuallyadopts
non-selectiveintegrationmethodsinthedecisiontree
integrationprocess,thatis,alltheconstructedk
decisiontreesareselectedtoformtherandomforest
model.Butwhenthetrainingsamplecontainstoo
muchnoisedata,theremaybetoomanynoisetrees
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intheprocessofconstructingadecisiontree.Since
therandomforestmodelintegratesalldecisiontrees,
therobustnessofthemodelwillbeaffectedbythese
noise trees, which will reduce the prediction
accuracy. In addition, when outputting the
predictionresults,therulethatthe minorityis
subjecttothe majorityisappliedtothevoting
strategy.Althoughthisvotingstrategyissimpleand
effective,itdoes notconsiderthe differencein
performance between the decision trees, which
reducesthepredictionaccuracyofthemodel.

2 CM-RFmodel

 Aimingattheshortcomingsofrandom forest
modelin decision treeintegration and predition
accuracy,itis optimized based on the binary
classificationbyselectivlystructuringdecisiontrees
withsimilaritymeasureanddynamicweightedvoting
method.Thebasicblockdiagramoftheoptimization
process is shown in Fig.2 and the specific
implementationmethodisgivenbelow.

Fig.2 Basicblockdiagramofmodeloptimizationbasedonsimilaritymeasureanddynamicweightedvoting

2.1 Random forestoptimization based on
similaritymeasure

 The binary classificationis one ofthe most
commonclassificationpredictionmethodsinreality.
ItsoutputspaceisY={y1,y2},wherey1 means
positivesamplesandy2meansnegativesamples.The
errorestimationconfusionmatrix[13]ofthetraining
datacorrespondingtotheithdecisiontreet(X,Θi)in
therandomforestmodel{t(X,Θ1),t(X,Θ2),…,
t(X,Θk)}isrecordedas

Ci =
ai

tp ai
fn

ai
fp ai

tn

􀭠

􀭡

􀪁
􀪁
􀪁

􀭤

􀭥

􀪁
􀪁
􀪁 , (2)

whereai
tpandai

tnarethenumbersthatdecisiontree
t(X,Θi)cancorrectlyidentifyclasssamplesy1and
y2;ai

fnandai
fpindicatesthenumbersofclasssamples

y1andy2thataremisjudgedasy2andy1.
 Assuming thatthetotal number oftraining
samplesisM,anddividingCibyM,themeaningof
eachelementinthematrixbecomesitscorresponding
numberof proportions,and then the confusion
matrixafterthetransformationisrecordedas

Ci/M =
ai/M

tp ai/M
fn

ai/M
fp ai/M

tn

􀭠
􀭡

􀪁
􀪁 􀭤

􀭥

􀪁
􀪁 . (3)

 ItcanbeseenfromtheconclusionofRef.[14]that
therowvectoroftheconfusionmatrixrepresentsthe
tendency ofeach predication result given when
classifying the y-type sampes, which defines a
measureofcorrelationbetweenthedecisiontreesand
describesthedegreeofsimilaritybetweenthem.
Firstly,theCi/Mistransformedinto[ai/M

tp  ai/M
fn  ai/M

fp

 ai/M
tn ].Sincethesizeofeachtrainingsubset

sampledbythe Bagging methodisstill M,the
confusion matrixdeformedbyk decisiontreesis
combinedintoameasurematrix,whichisrecordedas

CRF =

a1/Mtp a1/Mfn a1/Mfp a1/Mtn

a2/Mtp a2/Mfn a2/Mfp a2/Mtn

︙ ︙ ︙ ︙
ak/M

tp ak/M
fn ak/M

fp ak/M
tn

􀭠

􀭡

􀪁
􀪁
􀪁
􀪁
􀪁

􀭤

􀭥

􀪁
􀪁
􀪁
􀪁
􀪁

. (4)

 Withthemeasurematrix,theL2measureisused
todescribethesimilaritybetweendifferentdecision
trees,andCRF canbecalculatedby L2 measure
definition.ThecorrespondingmeasurematrixLisa
symmetricmatrixwhosemaindiagonalelementsare
all0 anditssizeisk×k.Thecorresponding
relationshipbetweentheelementsofLandCRFis

lmij =
0, i=j,

(ai/M
tp -aj/M

tp )2+(ai/M
fn -aj/M

fn )2+(ai/M
fp -aj/M

fp )+(ai/M
tn -aj/M

tn )2, 1≤i≠j≤k. (5)
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 Thennormalizationisperformedas

lmn,ij =lmij

lmax
, (6)

wherelmij representstheelementin L,lmax =
max(lij),and subscriptsi andj representthe
positionsoftheelementinL.Thesmallerthevalue
inlmn,ij,thestrongerthesimilaritybetweenthetwo
decisiontrees,otherwisetheweaker.

2.2 Random forestoptimization based on
optimaladdition

 Beforeusingthesimilaritymeasuretoselectively
integratedecisiontrees,in ordertoreducethe
negativeimpactofnoisetreesonthemodel,thenoise
treesareeliminatedasmuchaspossiblebasedonthe

principleofoptimaladdition.Themethodisshown
inFig.3.Thedecisiontreeinthefigureisreferredas
DTree,whichisdescribedasfollows.
 Assumingthatthedecisiontreetisconstructed,
firstly,adecisiontreewiththesmallestOOBerror
estimateisselected,andthenthedecisiontreeis
combinedwiththeremainingt-1decisiontreesto
form t-1 random forest sub-models and their
respective OOB error measure estimates are
calculated.Thesub-modelwiththesmallesterror
continuesthenextroundofscreening.Repeated
iterationsareperformed.Eventually,trandomforest
sub-modelsareformedandtheircorrespondingOOB
errorestimatesareobtained,andthesub-modelwith
thesmallestOOBerrorestimateistakenastheinitial
model.

Fig.3 Schematicdiagramofadecisiontreeselectionprocessbasedonprincipleofoptimaladdition

2.3 Decisiontreeclusterpartitioningmethod
basedonsimilaritymeasure

 Inordertobuilddecisiontreeclusterswithlarge
differencefortheconstructionofrandomforest,we
dividethedecisiontreesetintosubsetsbyusingthe
optimaladdition.Thedecisiontrees withstrong
correlation aretaken as a decision tree cluster
whereasthesewithweakcorrelationareincludedinto
different decision tree clusters. The specific
implementationstepsofthealgorithmareasfollows.
 1)GiventhetrainingsetD,kdecisiontreesare
constructedbytheBaggingmethodandthedecision
treegenerationalgorithm,thentheconfusionmatrix
Ci/Mofeachtreeisobtained;
 2)m decisiontreesareselectedfromkdecision
treesbyoptimaladditiontoformaninitialrandom
forestmodel;

 3)Calculatingthecorrelation measure matrix
accordingtoEqs.(4)-(6),settingsimilarthreshold
a and distinctthreshold b,and comparing the
relationshipbetweentheelementsaandbandlmijin
correlationmeasurematrixCRF,thedivisionofthe
decisiontreeclusterisdetermined.Thedivisionrules
areasfollows:
 ①Iflmn,ij≤a,decisiontreesiandjarecombined
andrecordedascombinabledecisiontreeclusterTm=
{ti,tj};
 ②Iflmn,ij≥b,decisiontreesiandjarerecorded
asuncombinablesetT'

m={ti,tj};
 ③ FortwocombinabledecisiontreeclustersTm1

andTm2,ifTm1∩Tm2≠Ø,theyaremerged;
 ④ Whena<lmn,ij<b,itcanbeseenthatthe
decisiontreesiandjarebetweentherelatedand
uncorrelatedrelationship,thusthedivisionneedsto
bedeterminedaccordingtotheexistingTmandT'

m.
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Therearetwocases:
 Case1 Whena<lmn,ij<baswellastherebeing
acombinabledecisiontreeclusterTm={ti,tk}anda
uncombinablesetT'

m={tk,tj},thedecisiontreej
cannotbeaddedtoTm;
 Case2 Whena<lmn,ij<baswellastherebeing
combinabledecisiontreeclustersTm1={tj,tk}and
Tm2= {ti,th},combinationcanonlybe madeon
conditionthatbothlmn,hjandlmn,hkarelessthanb.

2.4 Dynamicweightedvoting
 Bycalculatingthepredictionaccuracyvaluesof
decisiontreesinthedecisiontreeclustersdividedby
similarity measure,theaverageoftheprediction
accuracyvaluesofalldecisiontreesintheclusteris
takenasthepredictionaccuracyvaluesofthecluster.
Assumingthatthepredictionaccuraciesoftheith
decisiontreecluster,theoptimaldecisiontreecluster
andtheworstdecisiontreeclusterarepi,pmaxand
pmin,respectively,thevoting weightoftheith
decisiontreeclustercomposedofndecisiontreesin
therandomforestmodelcanbecalculatedby

Wi =
100
k∑

k

i=1
pi/exp pmax-pi

pmax-pmin  , pmax≠pmin,

1, pmax =pmin.

􀮠

􀮢
􀮡

􀪁􀪁
􀪁􀪁

(7)

 Thedynamicadjustmentoftheweightingfunction
intheaboveformulais based onthe different
predictionaccuracyvaluesofdecisiontreeclustersin

therandomforestmodel.Thehighertheprediction
accuracy,thelargerthevotingweightpossessedby
thedecisiontreecluster.Assumingthatmdecision
treeclustersinrandomforestareconstructed,the
predictionoutputfunctionisexpressedas

T =argmax
Y ∑

m

i=1
WiF(ti(X,Θk)=yj). (8)

3 Experiments

3.1 Experimentaldata

 InordertoverifythevalidityoftheproposedCM-
RFalgorithm,anempiricalanalysiswasperformed
usingdesensitizedcreditdataofacommercialbank
(datatimerangesfromFebruary2016toJuly2017).
Table1givesthespecificcontentofA-DatasetandB-
Dataset. According to the customers’ loan
informationthatwhetherthecustomershaveoverdue
loans(inmonthly),thecustomersaredividedinto
twocategories,namelynormalcustomersanddefault
customers.TheCM-RFalgorithm willvalidatethe
model performance by predicting whether the
customerswilldefaultinthenextthreemonths(a
defaultoccursinanyofthenextthreemonths,which
isconsideredadefault).Atthesametime,inorder
tobetterillustratethegeneralizationabilityofthe
model,theexperimentsarealsocarriedoutusingthe
Germancreditdataset(G-Dataset)andsonardataset
(S-Dataset)inUCI’spublicdataset.

Table1 Experimentaldataset

Dataset Totalnumber Positive/negtive Numberofattributes Lable

A-Dataset 30000 21924/8076 22 normal/default

B-Dataset 20000 16364/3636 22 normal/default

G-Dataset 1000 371/629 20 normal/default

S-Dataset 208 111/97 60 metal/rock

 Firstly,credit data are a common type of
unbalanceddatathatneedto bedealt withfor
balancingpriorto modeling analysis. Whenthe
Bagging methodisusedtorandomlyextractthe
trainingsamplesubsettoconstructthedecisiontree,
theratioofthenormalsampletothedefaultsample
is1.5∶1,soastoachievethepurposeofbalancing
thedatasamples.Secondly,thedatasetneedstobe
normalizedusingEq.(9)beforemodeling,andthen
allattributevaluesareconvertedintothevalues
between[0,1].

sn = x(i,j)-min(x(k,j))
max(x(k,j))-min(x(k,j))

. (9)

 Thesamplenumberofthedatasetisn,where
x(i,j)representsthejthattributevalueintheith
sample;x(k,j),k∈ [1,n]representsthejth
attributeofallthesamples.

3.2 Evaluationcriteria

 Threemetricsareselectedascriteriaforevaluating
themodel,includingthemodelpredictionaverage
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accuracy(Aave),thefirsttypeerrorrate(rerr1)andthe
secondtypeerrorrate(rerr2),wherererr1indicatesthat
theproportionofthepositivesamplebeingmisjudged
asnegativesamples,andrerr2 indicatesthatthe
proportionofthenegativesamplebeingmisjudgedas
positivesamples[15].Accordingtothedefinitionof
confusionmatrixinEq.(2),thethreemetricsare
calculatedby

Aave= atp +atn

atp +afn +afp +atn
, (10)

rerr1 = afn

atp +afn
, (11)

rerr2 = afp

atn +afp
. (12)

3.3 Experimentalresultsandanalysis

 Inthecourseoftheexperiment,theCM-RFmodel
wasimplementedbasedonthePyCharmdevelopment
platform usingthePythonlanguage.Inorderto
compareexperimentresults,thegradientboosted
decisiontree(GBDT)[16]andrandomforestmodel
basedonintegrated non-returnrandom sampling
(SWR-RF)[7] werealsoimplemented.Inorderto
betterevaluate the performance ofthe CM-RF
model,theexperimentalmodelalsoincludesrandom
forest (RF)[1],logistic regression (LR)[17],
convolutionalneuralnetwork (CNN)[18] andthe
randomsubsetSVMmodel(RS-SVM)[19].
 Intheexperiment,thenumberofinitialdecision
treestoconstructtherandomforestmodelis1000.
ThefunctionsinthehybridmodelbasedonSVM
algorithmareLin,Polyandradialbasisfunction
(RBF),andthenumberofmemberclassifiersis
15[20-21].Thecorrectrateofoutputonthefourdata
setsareshowninTables2-5.

Table2 ComparisonofpredictionresultsbasedonA-dataset

Model
Numberof

baseclassifiers
kernel Aave(%)rerr1(%)rerr2(%)

LR 83.71 15.82 17.26

CNN 86.12 12.44 14.02

GBDT 85.10 13.80 16.21

RF 1000 84.76 14.78 15.71

SWR-RF 1000 86.79 12.87 13.65

CM-RF 97 387.94 13.54 10.79

RS-SVM 15

Lin 85.13 15.05 14.44

Poly 86.95 11.40 14.96

RBF 86.77 11.31 13.07

Table3 ComparisonofpredictionresultsbasedonB-dataset

Model
Numberof

baseclassifiers
kernel Aave(%)rerr1(%)rerr2(%)

LR 84.39 13.89 16.22

CNN 88.32 10.08 12.13

GBDT 86.88 12.24 14.77

RF 1000 85.55 14.03 14.97

SWR-RF 1000 88.93 10.47 12.25

CM-RF 988 89.16 9.84 11.90

RS-SVM 15

Lin 88.10 11.34 12.46

Poly 87.05 11.67 13.41

RBF 88.39 10.61 12.29

Table4 ComparisonofpredictionresultsbasedonG-dataset

Model
Numberof

baseclassifiers
kernel Aave(%)rerr1(%)rerr2(%)

LR 85.31 13.22 15.61

CNN 89.32 10.11 11.04

GBDT 88.40 10.85 12.81

RF 1000 86.91 12.78 13.49

SWR-RF 1000 88.97 10.12 11.95

CM-RF 962 90.41 8.81 10.02

RS-SVM 15

Lin 89.70 9.71 10.97

Poly 88.96 10.52 11.70

RBF 91.07 8.72 10.65

Table5 ComparisonofclassificationresultsbasedonS-dataset

Model
Numberof

baseclassifiers
kernel Aave(%)rerr1(%)rerr2(%)

LR 85.89 13.58 14.90

CNN 89.04 9.75 11.97

GBDT 88.51 10.71 12.08

RF 1000 87.40 12.11 13.07

SWR-RF 1000 89.42 9.83 10.92

CM-RF 981 91.03 9.93 8.40

RS-SVM 15

Lin 89.10 10.37 11.73

Poly 89.56 9.96 11.03

RBF 88.07 11.20 12.57

 Theabovetablesgivetheexperimentalresultsof
different models on the prediction and two-
classificationproblem.Accordingtotheexperimental
results,thefollowingconclusionscanbedrawn.
 (1)Theaccuracyofthehybridmodelisgenerally
betterthanthatofthesingleclassifiermodel;
 (2)Compared withtheoriginalrandomforest
model,the CM-RF algorithm hasimprovedthe
accuracyofresult;
 (3)TheCM-RF modelproposedinthispaper
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achievesthebestresultsonA-Dataset,B-Datasetand
S-Dataset.Theoptimalsubresultsareobtainedon
G-Dataset,andtheresultisslightlylowerthanthe
RS-SVM hybrid modelwithkernelfunctionRBF,
which shows the effectiveness oftheimproved
randomforestalgorithmbasedonconfusionmatrix.

4 Conclusion
 Inthispaper,weachievesgoodresultsthatnon-
selectiveintegrationdecisiontreesoftherandom
forestmodelareoptimizedandimprovedaccordingto
thevotingstrategythatissubjecttothemajority
rule.It can be seen from the experimental
comparisonthattheCM-RFmodelisoptimized,the
scaleoftheoriginalrandomforestmodelisreduced,
andtheinfluenceofthenoisetreeonthemodelis
eliminated,sothattheoutputaccuracyofthemodel
isimproved.Basedondifferenttypesofdata,the
optimizationmodelCM-RFproposedinthispapercan
achievehigheraccuracy,whichisaneffectivemodel
fordataminingandanalysis.Subsequentresearch
willfocusontheoptimizationandenhancementofthe
CM-RFmodelbasedonextremelyunbalanceddata.
 TheCM-RFmodelisoptimizedonthebasisofthe
originalrandomforestmodel,whichincreasesthe
timecomplexityofthealgorithmtoacertainextent.
The originalrandom forest time complexity is
O(M(mnlog,n)),whereMisthenumberofdecision
treesintherandomforest,m isthenumberof
sampleattributesandnisthenumberofsamples.
CM-RFincreasestimecomplexityusingtheoptimal
additionprinciple.ThetimecomplexityoftheCM-
RFmodelisO(M'(mnlog,n)).
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一种基于相似性度量和动态加权投票
的随机森林算法

赵庶旭,马秦靖,刘李姣

(兰州交通大学 电子与信息工程学院,甘肃 兰州730070)

摘 要: 随机森林模型易于理解,普适性强,常用于分类、预测等问题,但其采用无选择性集成和简单的

少数服从多数投票原则进行最终结果判定,忽略了模型中各决策树之间的强弱差异,从而降低了模型的预

测精度。针对该缺陷,提出了一种基于混淆矩阵的改进随机森林模型(Ramdomforestmodelbasedon
confusionmatrix,CM-RF)。在构建模型过程中通过相似性度量有选择性地构成决策树簇,并在最终投票环

节使用动态加权投票融合方法进行结果输出。实验结果表明,该方法能减少低性能决策树对输出结果的影

响,从而提升随机森林模型的正确率与泛化能力。

关键词: 随机森林;混淆矩阵;相似性度量;动态加权投票
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