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Abstract

Binary classi cation is a core data mining task. For
large datasetsor real-timeapplications,desiable classi-
er s are accurate fast,and needno parametertuning e
presenta simpleimplementatiorof logistic regressionthat
meetstheserequirements. A combinationof regulariza-
tion, truncated\Newvtonmethodsanditerativelyre-weighted
leastsquaesmaleit fasterandmore accurmatethanmodern
SVMimplementationsandrelativelyinsensitiveto param-
etes. It is robustto linear dependencieand somescaling
problemsmakingmostdatapreprocessinginnecessary

1 Motivation and Terminology

This article is motivatedby the succesf a fast, sim-
ple logistic regression(LR) algorithm in several high-
dimensionaldatamining engagementdncluding life sci-
enceglatamining [@, Ij] threatclassi cationandtemporal
link analysis[[L6], collaboratve Itering [[[T], andtext pro-
cessing[ﬂ]. The rise of supportvector machines(SVMs)
for binary classi cationhasrenavedinterestin LR, dueto
similar Iossfunctions[@, @] Many recentpaperspro-
posenen methodsof estimatingthe LR modelparameters,
see[ﬂ] and referencegherein. Many of the new LR im-
plementationgncludeinstructionsfor tuning parametersr
datapreprocessingThesestepscanbe distractingon small
datasetsand impractical or impossibleon large datasets.
Runningmary cross-alidationsto tunea parametewastes
researchergndpractitionerstime.

OurLR tting procedurds asimplemodi cation of iter-
atively re-weightedeastsquaregIRLS) that mimics trun-
catedNewton methodsandaddsregularization.We claimit
is simpleanddoesnotneedparametetuningor dataprepro-
cessingWe compareour algorithm, TR-IRLS, to otherLR
implementationsndlinearandradialbasisfunction (RBF)
SVMs. See[E] for further comparisonand analysis. Our
software, source and mostof our datasetsre available at
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Our primary contrikution is the demonstratiorthat TR-
IRLS canmalke LR simple, effective, and parametefree.
By parameteiffree,we meanthattuningis generallyunnec-
essary Thoughnot discussedn this shortarticle, TR-IRLS
appliesto kernelizedLR, aswell asary generalizedinear
model.We provide acompletedescriptiorof ouralgorithm.

In this papemwe areconcernedvith binaryclassi cation,
andhencea datapoint belongsto the positive or negative
class.A sufciently fastbinaryclassi er canbereasonably
appliedto multiclassproblemshrougha lineartime (in the
numberof classes)ransformatior{@]. A datasets ama-
trix of inputs X, anda binary vector of outputsy. When
yi =1, theith row of X belonggo thepositive class.There
areM featuresandR records For asparsebinary matrix, F
is thesparsityandMRF is thenumberof nonzercelements.

Conjugateggradient(CG) is aniterative minimizational-
gorithm. CG only requirescomputationof matrix-vector
products. When appliedto a quadraticform, CG simpli-
es to linear CG. Otherwise,it is called nonlinear CG
andrequiresheuristicdirectionupdates|ine searchesand
restarts.Becausdhe Hessianof a quadraticform is a ma-
trix, linear CG canbe usedto solve systemf linearequa-
tions. Furtherexplanationcanbefoundin [fLg, [L7].

2 Logistic regression

LR modelsthe relation of eachrow x; of X to the ex-
pectedvalue E(y;), with the logistic function pu(x;b) =
exp(b"x)=(1+ exp(b"x)), whereb is the vectorof param-
eters.We assumeg = 1 sothatbg is a constanterm. Our
regressiormodelis y = p(x;b) + e, wheree is a binomial
errorterm.Let; = p(x;; b). Thelog-likelihoodis

R
INLOGY;b) = & yiln(u;b) + (1 y)In(L ;b)) (1)
i=1

Thelossfunctionis the deviance(DEV), which for binary
outputsis  2InL [[3 [l. LR is a linear classi er and



input : X,vy,initial LR parameteestimateﬁo
output : nal LR parameteestimatda
Seti=0

repeat

Computey; = p(f)i;xj) forj=1:::R

Adjusteddependentovariates:
zi=bix+ (yj  W)=w;

Computebjs 1 via WLS:
(XTWX)bis1 = XTWz
i = i+1

until bj; 1 corverges

Alg. 1: Finding the LR MLE with IRLS.

might classifylow-dimensionabatawith nonlinearbound-
ariespoorly. However, in high-dimensionakpaces|inear
boundariesare often adequate KernelizingLR may over
comethis low-dimensionalimitation [R].

IRLS Ilteratively re-weightedleast squares(IRLS) is a
nonlinear optimization algorithm that uses a series of
weightedleastsquaregWLS) subproblemdo searchfor
theMLE. [L3, B]. IRLS is aspecialcaseof Fishers scoring
method,a quasi-Nevton algorithmthatreplaceshe objec-
tivefunction'sHessiarwith theFisherinformation.For LR,

IRLS is a speciafform of Newton's method[[L3 B, B]. We
summarizdRLS in Algorithm . Thereis no steplengthto
compute,in contrastwith mostNewton variants. The dif-

cult partis solvingthe WLS subproblen(XTWX)bj+1 =

XTWz, alinearsystemwith M equationsindvariables The
(i; j)th entry of XTWX is the weighteddot-productof the

ith andjth input columns. The weightschangeevery iter-
ation, forcing recomputation.Newton's methodcorverges
guadraticallybut eachiterationis expensve. For a detailed
descriptionof our earlywork on IRLS, see[@].

TR-IRLS Becausghe WLS subproblemsarelinear sys-
tems,they canbesolvedusinglinearCG asshavn in Algo-
rithm E This is simplerthanlik elihood optimizationwith
nonlinearCG, sincelinear CG hasanoptimaldirectionup-
dateformulaandno line searchesr restarts.LinearCG is
O(MRF), if oneignoresthe condition numberof XTWX
[E]. We canstop CG iterationsearly to approximatethe
WLS solution, thus creatinga truncated Newton method
with accompawing con/ergenceguaranteeﬂl. CGonly
requireamatrix-vectorproductsgliminatingcomputatiorof
XTWX andsimplifying sparsecomputations.
Correlatedattributescancausescalingproblemswhich
we addressausing ridge regressionto regularizethe WLS
subproblem$fL§, [{]. This only requiresperturbingX T WX

input A= (XTWX), b= (XTWz), vo
output : v suchthatAv =b
Seti = 0, initialize residualrgtob Avg
repeat
Updatethe searchdirectionmixing parametet ;:
Onthezerothiteration,lett; = 0
Otherwiselett; = r;Tri=(ri 1"ri 1)
Updatesearchdirection:d; = rj+ tid; 1
Computeoptimalstep: aj= d;'ro=(d;" Ad;)
Updateapproxsolution: vi+ 1 = vi  a;d

Updateresidual: ris1=b Ay
i=i+1
until jDEV; 1 DEVjj=jDEV;j corverges

Alg. 2: Linear CG solving (XTWX)v= XTwz

by I 1. We call the combinationof IRLS, linear CG, and
ridgeregressionfruncatedregularizedIRLSor TR-IRLS.
We stop IRLS when the relative differenceof the de-
viancejDEV; 1 DEV;j5jDEV;jj is lessthane;. The same
testcanbe usedfor CG iterations,with bounde,. Some-
timesCG iterationsstrayandincreasdghedeviance,andwe
limit the numberof consecutie non-improving iterations
with the CG windowparameterOur nal specializatioris
toinitialize v in Algorithm E to b; whensolvingfor b 1.
During alarge empiricalevaluationof | , 1, e, andthe
CG window [ﬂ], we obsened thataccurag wasrelatively
insensitve to theseparameteralues.Thereforewe usede-
fault valuesfor all experimentsn this paperwith | = 10,
e = 1=100,e, = 1=200,anda CG window of 3 iterations.

CG-MLE BesidedRLS, othernonlineamethodscanbe
usedto optimize the LR likelihood. Nonlinear CG was
amongthe bettermethodsn Minka's survey [E], andwas
amongtheearliestmethodsusedfor computerized.R [@.
We call this combinationCG-MLE. See[ for discussion
of quasi-n&tonalternatvesto nonlinearCG.NonlinearCG
is O(MREF) if oneignoresthe conditionnumberof the in-
put matrix [@]. Theactualrun-timedepend®n mary fac-
torsincludingthedirectionupdateformula,line searchand
restartingcriterion. NonlinearCG hasmary directionup-
dateformulas. We comparedhetop four in [ﬂ], andchose
the modi ed Polak-Ribéreformula. It combinesa Polak-
Ribiéreupdatewith Powell restarts[ﬁ], andmay be writ-
tent; = max0;r;"(r; ri 1)=ri 1'r; 1) wheret; corre-
spondgo thesamesymbolin Algorithm E
Regularizationis importantfor CG-MLE [Rq, [L]. Like
ridge regression,the likelihood is penalizedby | (b"b).
Any reasonablé works well [ﬁ], andwe use10. It has
beenreportecthatinitializing bg to themeanof y improves
stability [Q], but we only obseneda speedmprovement.



Table 1. Dataset summar y, see Section f.

Name Columns Rows Nonzero| Pos
citeseer 105,354 | 181,395 512,267| 299
imdb 685,569| 167,773 2,442,721| 824
ds2 1,143,054, 88,358 29,861,146| 423
dsl 6,348| 26,733| 3,732,607 804
ds1.100 100 | 26,733 NA | 804
ds1.10 10| 26,733 NA | 804
modapte.sub 26,299 7,769 423,025 495

The TR-IRLS CG window techniquealsohelpsCG-MLE.
WeterminateCG-MLE iterationsusingthesameestasTR-
IRLS, with anepsilonof 1/200[f].

3 Experiments

All experimentsare ten-fold cross-alidations scored
with the AreaUnderCurve (AUC) metric[E]. AUC mea-
suresthe ability to rank-orderclassi cations,with 1.0 for
perfectionand0.5 for randomguessing We describeAuC
furtherin [ﬂ]. Ourconclusion$oldwith othermetrics,such
asprecisionyecall,andF1. All timesare“real” second$ut
donotincludel/O or time spenttuningthe SVMs. We used
anAMD Opteron242,andlessthan4GB of RAM.

In this short paper we compareLR to perdataset
tunedlinear and radial basisfunction (RBF) SVMs from
svMmli9ht versions [fl. We briey compareTR-IRLS to
SAS'proc logistic . In previouswork, Naive Bayesand
C4.5decisiontreesroutinely scoredworsethanLR [.

Tableﬂ] summarizeshe sevendataset®f this paper De-
tails for the link analysisdatasetsiteseer andimdb and
the life sciencegatasetsls2, dsl, ds1.100 , andds1.10
arein [E]]. The lasttwo are PCA projectionsof ds1. We
alsouseatext classi cationdatasemodapte.sub , asubset
of the multiclassReuters-215781odApte training corpus.
We kept classesvith 100 or more positive rows: acq, cof-
fee, corn, crude,dlr, earn,gnp, grain, interest,money-fx,
monegy/-supply oilseed,ship, sugar trade,and wheat, de-
noteda; throughaig. The column“Nonzero” shows the
numberof nonzeroinputsin sparsedatasets‘Pos” shovs
the number of positive rows, except for modapte.sub
whereit is averagedover the outputattributes. All datasets
exceptdsl andds2 arepublicly a\/ailable[ﬂ].

4 Resultsand analysis

TableP shavs AUC andtime resultson thelife sciences
andlink datasets.The LR methodshave nearlyidentical
AUC scores.To eliminateary AUC versusspeedbiasheld
by the authors,we rantwo setsof SVM experiments.The
rst optimizesthe AUC throughextensie tuning, andthe

Table 3. Times in seconds for LR and SVMs
on the r st ten attrib utes of modapte.sub .

| a1 dz az a4 ds dg ay aAg dg 410
TR-IRLS | 14 16161515 14 161415 14
SVMLIN | 26 18182417 28 172422 25
SVM RBF| 13168 709958 12757 97 84 102

SVMlight linear kernel on train10.pca.csv
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Figure 1. Erratic svmligNt pehavior on ds1.10 .

secondsetoptimizesspeedsuchthattheAUC iswithin 10%
of the bestSVM AUC. Still, TR-IRLS wasfasterin every
case. The considerablgime spenttuning linear and RBF
SVMsis notincludedin any of our timings.

Tuningthe svmlight capacityand RBF gammaparam-
etersproducedsigni cant improvementsin accurag. The
nal valuesusedareavailablein [§]. TR-IRLS scoredas
well or betterthan otherclassi ersin all experimentsex-
ceptdsl.100 anddsl.10 . Thesetwo datasetdave rela-
tively few dimensionsthatlik ely requirenonlinearbound-
ariesfor good classi cations,and RBF SVMs easily beat
all thelinear classi ershere. However, TR-IRLS requires
lesstime to computea betterclassi er on the original ds1,
thanRBF SVM requiredfor the PCA-compressedersions
ds1.100 anddsl1.10 . A fastversionof KNN for skewed-
classproblems[@] was more competitive on thesesmall
datasets{ﬁ]. The nearestompetitorto TR-IRLS in accu-
ragy onthelargerdatasetss CG-MLE. However, TR-IRLS
is consistentlyfasterand easierto implementand under
standin depth. All classi ers did well on modapte.sub
with LR and SVM always above 0.977. TabIeE reports
timesonthe rst tenattributes.Again, TR-IRLS is fastest.

svmlight wasgenerallymoresensitve to its parameters
thanTR-IRLS, but its linearkernelwassurprisinglyerratic



Table 2. Life sciences and link datasets. Times are in seconds, and do not include SVM tuning.

citeseer imdb ds2 dsl ds1.100 ds1.10

Classi er Time AUC | Time AUC Time AUC | Time AUC | Time AUC | Time AUC

TR-IRLS 53 0.945| 272 0.983| 1460 0.722 45 0.948 35 0.913 8 0.842
CG-MLE 70 0.946| 310 0.983| 2851 0.724| 120 0.946| 294 0.916 43 0.844
SVM LIN BEST 82 0.821| 647 0.949| 3729 0.704| 846 0.931| 1744 0.882| 373 0.741
SVM LIN FAST 79 0.810| 564 0.938| 2030 0.690| 183 0.918| 123 0.874 73 0.675
SVM RBFBEST| 1150 0.864 | 4549 0.957| 67118 0.700| 3594 0.939| 2577 0.934| 167 0.876
SVM RBFFAST| 408 0.798| 1929 0.947| 14681 0.680| 1593 0.902| 932 0.864| 248 0.848

ondsl.10 . Theextremechangesn AUC for smallchanges
in capacityareshowvn in Figure. Theleft axisrepresents
AUC, the horizontalaxisis capacity andcirclesare AUC
datapoints. Theright axisandsolid line shav thetime for
eachexperiment.LIBSVM [] shavedsimilarbehaior |
We comparedTR-IRLS to SAS' proc logistic [
(specialthanksto Lujie Chen,Auton Lab). Becauseproc
logistic lacks an option for sparsedata,we madelarge
densesubset®f dsl1. TR-IRLS consistentlyranthreetimes
fasterwith densecomputations. SAS' memoryusegrew
rapidly with the numberof columns andlimited our tests.

5 Relatedwork

The main debatein current LR literature is how to
calculateLR parameterssee[ﬂ] and referencegherein.
Proposedmethodsinclude variantsof Newton's method,
CG, iterative scaling and Gauss-Seideljclic coordinate
descent. Thesemethodsfacethe numericand over tting
problemscommonto nonlinearoptimizationin machine

learning.Seesurweysin [[L5, 4], andanalysisin [§].
6 Conclusions

We presentedhe TR-IRLS tting procedureanddemon-
stratedits use with logistic regression. This combina-
tion appeardasterand at leastas accurateas SVMs and
otherlogistic regressiontting procedures.TR-IRLS can
be usedwith ary generalizedinear model. TR-IRLS is
very simple and can be implementedfrom detailsin this
paper Our software, sources,and data are available at
http://www.autonlab.o rg andhttp://komarix.org

References

[1] C.-C. Chang and C.-J. Lin.
support vector madines 2001.
http:/iwww.csie.ntu.edu.tw/"cjlin/libsvm

[2] J.E.Gentle.Elementof Computationabtatistics Statlstlcs
andComputing.SpringerVerlag,2002.

[3] T. Hastie,R. Tibshirani,andJ. Friedman. The Elementsf
StatisticalLearning SpringerVerlag,2001.

LIBSVM: a library for
Software available at

[4] D.W. HosmerandS. Lemeshav. AppliedLogistic Regres-
sion Wiley, 2ndedition,2000.

[5] http:/lwwwisas. com/SAS http:/iwww.sas.com/

[6] T.JoachimsSVMIINt 2002, svmiight joachims.org )

[7] P.Komarek.Logistic Regressmrfor DataMining andHigh-
DimensionalClassi cation. TechnicalReport TR-O4-34,
RoboticsInst., Carngjie Mellon Univ., Pgh,PA, May 2004.

[8] P. Komarek.Making Logistic RegressiorA CoreDataMin-
ing Tool: A Practicallnvestigationof Accurag, Speedand
Simplicity. Technical Report TR-O5-27, Robotics Inst.,
Carngjie Mellon Univ., Pgh,PA, May 2004.

[9] P.Komarek.Datasets2005.http://komarix.org/ac/ds

[10] P.KomarekandA. Moore. FastRolustLogistic Regression

for Large SparseDatasetsvith Binary Outputs.In Arti cial

Intelligenceand Statistics 2003.

J. Kubica, A. Goldenbeg, P. Komarek, A. Moore, and

J. Schneider A Comparisonof Statisticaland Machine

LearningAlgorithms on the Task of Link Completion. In

KDD Workshopon Link Analysisfor DetectingComplex Be-

havior, page8, August2003.

T. Liu, A. Moore,andA. Gray Efcient Exactk-NN and

NonparametricClassi cationin High Dimensions.In Proc.

of Neural InformationProcessingSystems2003.

[13] P.McCullaghandJ.A. Nelder GenealizedLinear Models
volume37 of Monaggraphson Statisticsand AppliedProba-
bility. Chapmar& Hall, 2 edition,1989.

[14] A. Mclintosh.Fitting LinearModels: AnApplicationof Con-
jugateGradientAlgorithms volume 10 of Lecture Notesin
Statistics SpringefrVerlag,New York, 1982.

[15] T. P. Minka. Algorithms for maximum-likelihood logistic
regression. TechnicalReportStats758, Carngie Mellon
University, October2001.

[16] A. Moore, P. Komarek,andJ. Ostlund. Activity Prediction

FromLinks, 2004. http://www.autonlab.org

S. G. NashandA. Sofer Linear and Nonlinear Program-

ming McGraw-Hill, 1996.

M. Orr. Introductionto Radial Basis Function Networks,

1996. http://www.anc.ed.ac.uk/ mjo/rbf.html

J.R. Shavchuk. An Introductionto theConjugat@radlent

MethodWithoutthe Agonizing Pain. TechnicalReportCS-

94-125,Carngyie Mellon University, Pittskurgh, 1994.

[20] T.ZhangandF. J.Oles. Text CategorizationBasedon Rey-
ularizedLinear Classi cation Methods Kluwer, 2001.

[21] J.ZhuandT. Hastie. Kernellogistic regressiorandthe im-
portvectormachine.Journal of Computationabnd Graph-
ical Statistics 14(1):185-205March 2005.

[11]

[12]

[17]
(18]

[19]



