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ABSTRACT

Theobjectie of this paperis to demonstratdow the
boostingapproachcan be usedto quantify the corporate
governancerisk in the caseof Latin American markets.
We compareour resultsusing Adaboostwith logistic re-
gression,bagging,and randomforests. We conductten-
fold cross-alidation experimentson one sampleof Latin
AmericanAmericanDepositoryReceiptADRSs), andon
anothersampleof Latin Americanbanks. We nd that
if the datasetis uniform (similar typesof companiesand
samesourceof information),asis the casewith the Latin
AmericanADRs datasetthe resultsof Adaboostaresimi-
lar to theresultsof baggingandrandonmforests.Only when
the dataseshaows signi cant non-uniformitydoesbagging
improve the results. Additionally, the uniformity of the
dataseaffectstheinterpretabilityof theresults.Using Ad-
aboostwe wereableto selectan alternatingdecisiontree
(ADT) that explainedthe relationshipbetweenthe corpo-
ratevariablesthatdeterminederformancendef ciency.

KEY WORDS
Corporategovernanceisk analysismachindearning,Ad-
aboostdatamining

1 INTRODUCTION

Many of the recentbankrupty scandalsn publicly held
US companiesuchasEnronandWorldComareinextrica-
bly linkedto the con ict of interestbetweenshareholders
(principals)andmanagergagents).Thiscon ict of interest
is calledthe principal agentproblemin the nance litera-
ture. The principal agentproblemstemsfrom the tension
betweertheinterestof theinvestordn increasinghevalue
of thecompary andthe personalnterestf the managers.
We expect the principal agentproblemto have an
importanteffect on compaly performanceand ef ciency.
Thisis truein the caseof the nancial marketsof countries
in the proces®f developmentiemepging markets)because
of their lax securityregulations. The study of corporate
governancén emegingmarketsis especiallyimportantoe-
causethesemarkets have becomeincreasinglyintegrated
into the major world nancial centers. Emeging market
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stocksarerepresentedh the US nancial market through
AmericanDepositoryReceipt{ADRs). An ADR is astock
thatrepresena certainnumberof sharesf aforeigncom-
pary in themajorUS stockmarketssuchasthe NYSE. We
will concentratenly on Latin AmericanADRs andbanks
domiciledin Latin Americancountries.

In this article we demonstraténow the boostingap-
proachcan be usedto evaluatethe corporategovernance
risk. Here we createa predictve model for evaluating
whethera compary's (ADR) performanceor a bank's ef-

ciency is above or belowv par as a function of the main
corporatggovernancéactorsandof selectecaccountinga-
tios thatareknown to beimportantin evaluatingcorporate
governanceisk. We useAdaboost(Freundand Schapire
1997)asthelearningalgorithmof our predictve model. A
secondbbjective of this paperis to evaluatethe useof Ad-
aboostasa predictve andinterpretatve tool for corporate
governanceisk.

Previous studieson U.S. securities(seethe pioneer
ing works of Altman, 1968andBeaver, 1966andalsosee
Altman (1974), (1989), (1998), Barr (1994), Collins and
Green(1982),ChenandLee (1995), Clarke and McDon-
ald (1992), Goudie and Meekks (1992), Hudson(1997),
Laneetal. (1986),Lau Hing-Ling (1987),Moyer (1977),
Ohlson(1980),PinchesandMing (1973),QueenandRoll
(1987),RoseandGiroux (1984),andZavgren(1983))have
usedlinear discriminantanalysisor logistic regressiorfor
the evaluationof nancial distress bankrupty, and bond
andloanperformanceThis analysiss basedn estimating
the parameterof an underlying stochasticsystemwhich
is usuallyassumedo be a linear system.A major limita-
tion of this methodologyis that non-linearitieshave to be
incorporatednanually

In contrastmachineearningmethodssuchashboost-
ing andsupportvectormachineavoid the questionof mod-
elingtheunderlyingdistributionandfocusonmakingaccu-
rate predictionsfor somevariablesgiven othersvariables.
Breiman (2001a) contraststhesetwo approachess the
datamodeling culture and the algorithmic modeling cul-
ture. Accordingto Breiman(2001a),while most statisti-
ciansadherdo thedata-modelingpproachpeoplein other
elds of scienceandengineeringusealgorithmicmodeling
to constructpredictorswith superioraccurag. The main



drawbackof algorithmicmodeling,accordingto Breiman,
is thatthe generatednodelsarehardto interpret

Thispaperdescribes rst attemptin applyingtheal-
gorithmic modelingapproachto the analysisof corporate
governancaisk, comparingthe resultsof Adaboostto lo-
gistic regressionfandomforest,andbagging,andevaluat-
ing its accuray aswell asits interpretability

2 METHODS
2.1 LOGISTIC REGRESSION

The logistic regressionmodelsthe posteriorprobabilities
of L classesusinglinearregression.The modelis a series
of ordinaryregressionsvherelL-1 logit transformation®r
log-oddsarethe dependenvariables:

log————=  + X
log————= + X
log———— = + X

Takingthe exponentialof thelog-odds we cancalcu-
latethe probabilitiesof eachclassasfollows:

= r=1,..,,L1

The summationof theseprobabilitiesequalone. Lo-
gistic regressionresults are better interpretedusing the
oddsratioswhich canbecomputecby raisingthee number
to thepower of thelogistic coefcients (seeHatie, Tibishi-
rani,andFriedmarn2003).

2.2 BAGGING AND RANDOM FORESTS

Bagging was proposedby Breiman (1996) as a method
that reducesthe varianceof a predictionfunction. Bag-
ging or bootstrapaggrejation averagesthe prediction of

classi ersby thegeneratiorof differentbootstrapsamples.

Eachbootstrapsampleis generatedy obtaininguniform
sampleswith replacemenfrom the training set. Bagging
hasbeenshavn to be particularly effective for reducing
the varianceof decisiontrees,accordingto Breimanet al.
(1984).

Eachsample where generates classi-
er  usingtheinitial predictionfunction. The nal clas-
sier is obtainedasan averageof all the classi ersob-
tainedfrom the bootstrapsamples:

Randomforestsis a variantof baggingdecisiontrees
also proposedby Breiman (2001b), and for which free
computercodeis available.We choseto usethis algorithm
becausét presentshebestpublicly availablecombination
of decisiontreesandbagging.

2.3 ADABOOST

Adaboosis ageneraldiscriminative learningalgorithmin-
ventedby FreundandSchapirg1997).

for

Get fromweaklearner

Figurel. TheAdaboostlgorithm.

The basicideaof Adaboostis to repeatedlyapply a
simplelearningalgorithm,calledthe weakor baselearner
to different weightingsof the sametraining set. In its
simplestform, Adaboostis intendedfor binary predic-
tion problemswhere the training set consistsof pairs

, correspondso thefea-
turesof anexample,and is thebinarylabel
to bepredicted A weightingof thetrainingexampless an
assignmendf anon-neyativerealvalue to eachexample

On iteration of the boosting process,the weak

learneris appliedto the training setwith a setof weights
andproducesa predictionrule  thatmaps

to . Therequiremenbntheweaklearneris for
to have a small but signi cant correlationwith the exam-
ple labels when measuredusing the current weighting
of the examples After therule is generatedthe exam-
ple weightsarechangedothattheweakpredictions
andthelabels aredecorrelatedTheweaklearneris then
calledwith thenew weightsoverthetrainingexamplesand
theprocessepeatsFinally, all of theweakpredictionrules
arecombinednto asinglestrongrule usingaweightedma-
jority vote. Onecanprove thatif therulesgeneratedn the
iterationsareall slightly correlatedwith thellabel,thenthe
strongrule will have a very high correlationwith thelabel
—in otherwords,it will predictthelabelveryaccurately

The whole processcan be seenas a variational
methodin which an approximation is repeatedly
changedy addingto it smallcorrectiongjivenby theweak
predictionfunctions.In Figurel, we describeAdaboostn
theseterms.We shallreferto asthe predictionscore
in therestof the paper The strongpredictionrule learned
by Adaboosits sign

2.4 ALTERNATING DECISION TREES

Similarly to Bagging, Adaboostis often usedwith a de-
cision tree learningalgorithmsas the baselearningalgo-
rithm. We useAdaboostboth to learnthe decisionrules
constitutingthe treeandto combinetheserulesthrougha
weightedmajority vote. Theform of thegeneratedecision
rulesis calledanalternatingdecisiontree (ADT) (Freund
andMason1999).

We explain the structureof ADTs using one of the



trees(seeFigure2) thatwe obtainedusingdatafrom Latin

AmericanADRs. The problemdomainis corporateper

formanceprediction,andthegoalis to separatestockswith

highandlow valuebasedn 17 differentvariables. Thetree
consistsof alternatinglevels of ovals (prediction node$

andrectanglegsplitter nodes. The rst numberwithin the
ovalsde nes contrikutionsto the predictionscore,andthe
seconchumberindicateghe numberof instancesThedot-
tedlinesindicatewherethetreehasadditionalnonrelevant
nodes.In this example,positive contritutionsareevidence
of high performancewhile negative contrikutionsareevi-

denceof corporatenancial problems.To evaluatethe pre-
diction for a particularcompaly we start at the top oval

( ) andfollow the arronvs down. We follow all of the
dottedarrows thatemanatdrom predictionnodes but we
follow only oneof the solid-line arrovs emanatingrom a
splitter node, correspondingo the answer(yesor no) to

the conditionstatedin rectangle.We sumthevaluesin all

thepredictionnodeshatwe reach.This sumrepresentshe
predictionscore above, andits signis the nal, or
strong,prediction.
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Figure2. LAADR: representatie adaptve tree. Corporate
governancevariablesin gray.

For example,supposeve hada compaiy for which
LNMARKETCAP=6, KS=0.86, RULEOFLAW=7.02, and
PARTOUTBOD=0.76. In this case,the predictionnodes
that we reachin the tree are and

. Summinggivesa scoreof ,i.e.,averycon -
dentindicatorthatthe compary hasa high marketvalue.

The ADT in the gure was generatedhy Adaboost
from training data. In termsof Adaboost.eachprediction
noderepresents weakpredictionrule, andat every boost-
ing iteration,a new splitter nodetogethemwith its two pre-
diction nodesis addedto the model. The splitternodecan
be attachedo ary previous predictionnode,not only leaf
nodes. Eachpredictionnodeis associatedvith a weight

that contritutesto the predictionscoreof every exam-

ple reachingit. The weakhypothesis is 1 for every
examplereachingthe predictionnodeandO for all others.
The numberin front of the conditionsin the splitter nodes
of Figure 2 indicatesthe iteration numberon which the
nodewasadded.In generalJower iterationnumbersndi-

catethatthe decisionrule is moreimportant. We usethis

heuristicto analyzethe ADTs andidentify themostimpor-

tantfactorsin corporateperformance.

3 PERFORMANCE AND EFFICIENCY

We use Tobin's Q as the measureof performancefor
ADRs?! Tobin's Q is the ratio of the market value of as-
setsto the replacementostof assets.This is a measure
of thereal value createdby managementA highervalue
of Tobin's Q indicatesthat more value hasbeenaddedor
thereis anexpectationof greaterfuture cash o w. Hence,
theimpactof managemenquality on performances cap-
turedby Tobin's Q. Any differenceof Tobin's Q from one
indicatesthat the market percevesthat the value of total
assetds differentfrom the valueto replacetheir physical
assetsSo, thevalueof internalorganizationmanagement
quality, or the expectedageng costsmay explain the dif-
ference. Valuesof Tobin's Q above oneindicatethat the
market percevesthe rm' sinternal organizationas effec-
tive in leveragingthe companiesissetswhile a Tobin's Q
below oneshawvsthatthemarketexpectshighageng costs.
We usea proxy for Tobin's Q asthe ratio of book value
of debtplus market valueof commonstocksandpreferred
stocksto total asset$

For the Latin Americanbanks,we usean ef ciency
measurebasedon data ervelopmentanalysis(DEA) in-
steadof Tobin's Q becausesomeof the banksunderstudy
arenotpubliccompanie®r participaten veryilliquid mar
kets.

DEA, usinglinearprogramminghuilds a frontier se-
lectingthe”bestpractice” rms, obtainsanefcient score,
andrecognizesveruseof inputsor underproductionf out-
puts. Thestudyof ef ciency mustfocusonly ontherelative
levelsof inputin relationto output,whichis technicalef -
cieng. In otherwords,givena certainlevel of input, how
to maximizeoutput;or givende ned levelsof output,how
to minimizeinput. Examplesof thisapproactappeain the
earlynonparametriérontier models(CharnesCooperand
Rhodesl978)andin someof the early parametridrontier
modelssuchasAigner, Lovell andSchnidt(1977).

The linear programmingDEA ernvelopmentproblem
is asfollows:

1Tobin's Q is the preferredndicatorof performancen corporategov-
ernancestudiessuchasin La Portaet al. (2002)andHermalinandWeis-
bach(1991).

2petersorand Petersor(1996), Chungand Pruitt (1994),and Perfect
andWiles (1994)indicatethatthis proxy is empirically closeto thewell-
known Lindenbeg andRoss(1981)proxy. For internationalstocks,the
informationto calculatethe Lindenbeg and Rossproxy is very limited.
The applicationof this proxy may have even reducednorethe sampleof
ADRs.



max

subjectto

isanL by 1 intensityvector X is ann by 1 input
matrix, Y isanm by L outputmatrix,and and arethe
columnsof theinput andoutputmatrix respectiely.

is aradialmeasuref technicalef ciency. Thisver-
sion of DEA is outputoriented. So, if a produceris able
to expandits outputvectoraccordingo therestrictionam-
posedby the "best practice”, then 1. If a producer
is alreadyin the ef cient frontier, is 1. This versionof
DEA assumegonstantreturnsto scaleand was proposed
by Charnes,Cooper and Rhodes(1978) (seealso Knox
Lovell 1993).

4 CORPORATE GOVERNANCE

For the corporategovernancevariables, we include the
presenceof insider ownership, variablesrelated to the
structureof the boardof directors(outsiderson the board
of directors, the size of the board of directors, and the
doublerole of CEO as chairmanof the board of direc-
tors and manager)jnstitutional ownership,and corporate
governancendicatorsat the countrylevel accordingto La
Portaetal. (1998)(ef ciency of thejudicial systemyule of
law, risk of expropriation risk of contractrepudiationcor-
ruption, quality of accountingsystem,and legal system).
We also considerthe following accountingvariables: the
logarithm of market capitalizationfor ADRs, and an eg-
uity index percountryasa proxy for sizefor Latin Amer-
ican banks; long-termassetdo salesratio for ADRs and
long-termassetdo depositfor banksfor their effectin the
reductionof the ageng con ict*; debtto total assetsa-
tio as a capital structureindicator; operatingexpenseso
salesratio asanef ciency or ageng costindicatoP; oper
ating incometo salesratio asa market power proxy, and
to indicatecashavailablefrom operationsand capitalex-
penditurego long-termassetsatio® asaproxyfor therela-
tionshipbetweergrowth andthe possibility of investingin
discretionaryprojects.We useregion andsectorasindica-
torsof thegeographicaareaandindustrialsectorin which
thecompaly operategseeTable 1).

3We usedthe equity index insteadof equity value becausesf®ciengy
is calculatedcountry by country We are interestedn the effect of the
relative sizeby countryon ef®cieng insteadof its absolutevalue.

4Assetscanbe monitoredvery easilyandthey canbecomecollateral
eitherfor the developmentof new projectsor to ®nancenewn acquisitions.

5|f operatingcostsaretoo highin relationto industrypeersor previous
years,it mightbedueto excessie perquisiteconsumptioror otherdirect
ageng costs.

60peratingexpenseso salesratio andoperatingncometo salesratio
are calculatedonly for ADRs becauseheseratiosare highly correlated
with theef®cieng indicatorcalculatedor thebankingsector Thecapital
expenditurego long-termassetsatiois alsocalculatenly for theADRs.

We studyinsiderownershipasarelevantvariablebe-
causehe separatiorof ownershipandcontrolis seenasan
opportunityfor managerdo accumulatevealthat the ex-
penseof shareholder¢Berle andMeans1932; Jenserand
Meckling 1976;andShleiferandVishry 1997).

The next corporategovernancevariablethat we ex-
ploreis the presencef outsiderson the boardof directors
(for ADRs) or numberof insiderson the boardof direc-
tors (for banks). The boardof directorsplaysa high-level
counseland controlrole in arny organization. However, it
is necessaryhat the boardof directorsinclude outsiders
(who arenot part of the managementeam)and maintain
aminimal level of ownershipto ensuretheirinterestin the
performancef the compaly. Accordingto Jenser{1993),
a boardof directorsmay fail dueto a strongemphasison
the CEO's personahgendaalow equityownershipamong
theboardof directors'membersanexcessvely largeboard
of directors,and a culture of consentinsteadof dissent.
Fama(1980)andFamaandJenser(1983)explain how the
separatiorbetweencontrol andsecurityownershipcanbe
anef cient structurebecausgrofessionabutsidedirectors
may limit the power of agentsto expropriatethe residual
claimants'interest. The size of the boardof directorsis
alsoa relevantvariable,accordingto Yermack(1996)and
Fuerstand Kang (2000), becausehe size of the boardof
directorshasan inverseassociatiorwith rm valuein the
caseof largeUSindustrialcorporationsLipton andLorsch
(1992)andJenser{1993)recommendhatcompaniedimit
boardmembershipo nomorethansesenor eightmembers.
We alsostudythe doublerole of the CEO aschairmanof
theboardof directors.Accordingto Jenserf1993),compa-
niesshouldseparatehe CEO role from the chairmanrole
becausef the needfor independencelf the CEQis also
chairmanof the board, the dual role may have a negative
impacton performance.Even more, Jenserrecommends
includeactive investorsnvho hold large equity or debtposi-
tion in acompary andtake partin their stratgic decisions.

Institutionalownershipis anothermechanismo con-
trol managersactionsbecausef largeinstitutionalshare-
holders' roles as active monitors. Resultsmight be am-
biguousif thereis insiderownershipor hiddeninvestment,
becausdarge shareholdersnay managethe rm for their
own bene t only, andnot for thebene t of the majority of
smallshareholders.

5 EXPERIMENTS

Thedatawe usedin our experimentsarefrom Latin Amer-
ican ADRs (LAADR) and Latin American banks (LA-
BANKS). Thesedataare describedin Appendix1. We
conducteda logistic regressionwith the corporategover-
nanceand accountingvariablesdescribedn the previous
section,usingTobin's Q andthe DEA technicalef ciency
indicatorasthe dependentariablesfor LAADR andLA-
BANKS respectiely. The logistic regressionincludesa
dummy variablefor industrial sectors. We calculatedthe
ef ciency indicatorsfor eachcountrybecausef thediffer-



Tablel. Descriptionof Variables

Tobin ©s Qyhich isthe ratio othe market value to the replacement cost of assets. We use a proxy for Tobin’s Q as the ratio of book value of debt plus market value of common stocl

fobinC stocks to total assets

PartOutBOD % outsidersn the board of directors

LnDIR Natural logarithm of board size

InstPart % institutional ownership

T_Insicer % insiders” ownershidn the case of LAADR and the Latin American banks, insider ownership is defined as ownership of a company by theQEf, oraelatives of the CEO, and rbera d
the board of directors.

ChairmanCEO 1 if CEO is chairman, 0 otherwise

LnMarketCap Natural logarithm of market capitalization, used to measure firm size

KSor KD The ratio of long term assets (propertgnpland equipment) 10 sal@sS) for LAADRS, and todepositgKS) for LABANKS. This ratio is considered for its effect in the reduction of the a
conflict because these assets can be monitored very easily and they can become collateral eif ptherd of new projects or to finance new acquisitions.

YS The ratio of operating income to sales

DebtRatio The ratio of debt to total assets, used as a capital structure variable. Emerging markets are much 1ess liquid than those of devebpéenceyfitms may give more importance to debt,
than equity, as a source of capital.

Equity index Index of equity according to country of residence. This is a measure of size applied to LABANKS.
The ratio of operating expensesades This is the efficiency ratio and works as a proxy for market power. Tt also indicates cash flow available for management use. Similarly, this e

Efficiency may also reveal agency costs or agency conflicts. If operating costs are too highoim telatiustry peers or previous years, it might be due to excessive perquisite consumption or o|
agency costg(This is different from th®EA technical efficiery indicato).

1K The ratio of capital expenditures to long term assets (stogk®pérty, plant and equipment)

AvgPartidpation This is a measure of ownership concentration. This is calculated as the average of the participation of the three largest shareholders per firm

The following coporate governance variables &niem La Portat al. (1998):

English If the firm is domiciled in a country whosegal regime is part of the common law or English law legal family according to La Porta et al. (1998)
French If the firm is domiciled in a country that is part of the Napoleonic or ¢fréegal family according to La Porta et al.
RuleOfLaw Law and order tradition according to the agency International Country Risk (ICR). Scores are from 0 to 10. Lower values indicate that a iscthy less tradition lafw and order.
Corruption Indicator of level of government corruption according to ICR. Low levels indicate higher corrspidbnas solicitation of bribery by government officials
EfficiencyJudicialSys|
em Index about the level of efficiency of the legal system accgrdirthe agency Business International Corp. Scale is from zero to ten. Lower values correspond to lower efficiency levels.
RiskOfExpropriation |Risk of confiscation or nationalization according to ICR. Scale is from zero to ten. Lower values implyisigher
RiskOfContractRepufli
ation Risk of modification of a contract by economic, social or political reasons as defined by ICR. Lower values correspond to higher risks.
La Porta et al(1998: 1125) describes this item as: "Index created byieka and rating companies™ 1990 annual reports on their inclusion or omission of 90 items. These items fall
categories (general information, income statements, balance sheets, fund flow statement, accounting standards, stock dattewrus)l $peuisihium of three companies in each country
Accounting studied.?

encesbetweenaccountingsystemsn the countriesunder
study Hence,ef ciency of banksis calculatedn relation
to their peersin theircountry

For the logistic regressionanalysisand for all the
learningalgorithms we eliminatedvariablesthatindicated
multicollinearity. For LABANKS the variableseliminated
wererisk of contractrepudiation)egal systemyegion, cor
ruption,anddebtratio. For LAADR, thevariableshatwe
eliminatedwererisk of expropriation,risk of contractre-
pudiation,andregion. We alsoimprovedthe resultsof the
logisticregressiorby eliminatingthosevariablesvhosein-
clusionincreasedhetesterror.

We usedAdaboostto classify stocksabove and be-
low themedian.In theLAADR samplethemedianis very
closeto one.So,theresultscanbeinterpretedastheclassi-
cation betweerthosestockswith a marketvalueof its as-
setsabove (Tobin'sQ greateithanone)or below (Tobin'sQ
smallerthanone)its costsof replacementtFor LABANKS,
theclassi cationis betweermoreef cient andlessef cient
banks. The resultsof ADTs mustbe interpretedas com-
panieswith positive scoreshave high Tobin's Q or in the
caseof banksareef cient, while companiesvith negative
scoreshave low Tobin's Q or areinef cients banks.

We performedtenfold cross-alidation experiments
with ten iterationsto evaluateclassi cation performance
onheld-outexperimentasingAdaboost We usedthe ML -
JAVA packagewhich implementsthe alternatingdecision
treealgorithmdescribedn FreundandMason(1999).’

7If  interested in contact

freund@cs.columbia.edu

using  MLJAVA, please

To evaluatethe dif culty of theclassi cationtask,we
comparedur method,Adaboostwith randomforestsus-
ing the software RandomForestsV5.0. 8 We run our ex-
perimentswith 1000treesandfour variablesrandomlyse-
lectedat eachnodein orderto reducethetesterror.

To checkfor the possibilitythatthe Adaboostresults
could be improved becauseof the characteristidanstabil-
ity of Adaboostwe appliedbaggingto Adaboost(bagged
boosting).We createdenfoldsfor testingandtraining. We
obtained100 bootstrapreplicatesof eachtestingfold. We
averagedhe scoreof thebootstrapof eachfold to getthe
estimatedclass. Finally, we averagecthe testerror of the
tenfolds. We alsocomparedADTs with a singletreeclas-
si er andwith a stumpsaveragedclassi er trainedusing
boosting. We evaluatedthe differenceshetweerthe aver-
ageof thetesterror of Adaboostwith the testerrorsof the
restof thelearningalgorithmsusingthet-test.

Using the resultsof Adaboost,we ranked the vari-
ablesaccordingo their frequeny weightedby the position
of thenode.Sovariableshatareaddedn earlierboosting
iterationsareconsidereanoreimportant.

For eachsample,we selectedhe ADT that hadthe
lowesttesterror, andhadthe mostimportantranked vari-
ableslocatedin the samenodesthat at least60% of the
trees. Finally, to con rm the structureof the ADTs, we
run new regressiortestsfor eachsamplewith thevariables
thatwereselectedasthe mostimportantvariablesfor each
ADT.

8A working versionof RandomForestsV5.0 canbe obtainedfrom
http://stat-wwwberleley.edutises/bréman/RandomForests/ .



5.1 RESULTS

The evolution of thetraining andtestingerrorsarein Fig-
ures 3 and 4. Thesingletreeboostingbehaessimilarly to
Adaboostwhile the stumpshoostingshavs a poorerper
formancefor LAADR, while it shavs abetterperformance
for LABANKS duringthe rst 10iterations.

Figure3. LAADR: trainingandtestingerror

Figured. LABANKS: trainingandtestingerror

The ROC curve for LABANKS generatedising Ad-
aboostshows a larger proportionof true positives versus
falsepositivesin comparisorto the LAADR case(seeFig-
ures 5).

Theresultsof the testingerrorsfor thelearningalgo-
rithms usedare shovn in Table 2. As both our datasets
arevery small (51 examplesin LAADR and 99 examples
in LABANKS), evaluatingthestatisticalsigni canceof the
differentmodelsandthe comparisorof their testerrorsis
dif cult. Acknowledgingtheselimitations, we presenthe
resultsof the t-test. The t-testindicatedthat therewasa
signi cant differencebetweenthe testerrorsof Adaboost
andrandomforestsfor LAADR. Therewerenodifferences
of thetesterrorsfor therestof thetestsin bothsamples.

Figure5. LAADR andLABANKS: ROC curve

Table2. Testingerrorsof learningalgorithms

LAADR LABANKS

Test error St. dev. | Test error St. dev.
Adaboost 14.0% 16.5%| 17.8% 9.4%
Single tree 16.0% 12.7%| 17.8% 11.9%
Stumps 32.0% 19.3%| 13.3% 11.5%
Bagged boosting 22.0%  23.9%] 13.33% 8.66%
Random forests 32.0% * 16.9%] 16.67% 18%
Logistic regression 23.7%  18.5%] 20.1% 13.3%
No observations 51 104

*: 5% significance level of t-test difference between test error
and Adaboost test error

Table4 indicatethe importanceof eachvariableac-
cording to Adaboostand randomforests. The resultsof
both algorithmscoincide in terms of what the mostim-
portantvariablesare. Four top variablesof the LAADR
datasetccordingto Adaboostareranked betweenthe top
six variablesn randomforests.In the caseof LABANKS,
four variableschoserby Adaboostareranked betweerthe
top ve variablesaccordingto randomforests. Consider
ing the similarity of the mostimportantvariablesselected
by randomforestsand Adaboostwe discusghe ADTSs for
LAADR and LABANKS; however, we do not discussin
detailtheresultsof randomforeststo avoid repetition. The
resultsof baggedboostingcannnotbe interpretedn terms
of the impact of eachvariable on performanceand ef -
cieng becausef thelargenumberof treesgenerated.

Theoddsratiosof logistic regressioralsocon rm the
importanceestablishedby Adaboostandrandomforestsof
thefollowing variables:long-termassetdo salesratio and
rule of law for LAADRSs; andlong-termassetgo deposits
ratio, insiderownership,andrisk of expropiationfor LA-
BANKS.

WealsorunalinearregressiorbetweenTobin'sQ and
the mainvariablesof LAADR, andbetweerthe technical
efciency indicatorandthe main variablesof LABANKS
(seeTable3) in orderto evaluatethe structureof the ADTSs.
Companiesharacterizedtyy alogarithmof market capital-
izationgreaterthan6.73presenaninverserelationshipbe-



tweentherule of law indicatorandTobin's Q, andbetween
operatingincome to salesratio and Tobin's Q. Smaller
companiehave aninverserelationshipbetweerlong-term
assetdo salesratioandTobin's Q, while they have adirect
relationshipbetweemarticipationof outsidersn theboard
of directorsandTobin's Q asthe ADT indicates Lik ewise,
Latin Americanbankswith an equity index smallerthan
0.75shaw aninverserelationshipbetweernong-termassets
to depositsratio and technicalef ciency. Bankswith an
equity index smallerthan0.13shaw thatlow countryrisk
of expropiationis associateavith a higheref ciency level,
anda long-termassetgo depositgatio smallerthan0.076
hasaninverserelationshipwith ef ciency.® Theregression
analysiscon rms the structureof the ADTs for LAADR
andLABANKS.

Table 3. Regressionof relevant variablesfor ADTs. To-
bin's Q is dependenvariablefor LAADR and technical
ef ciency indicatoris dependentariablefor LABANKS

LAADR LABANKS

Ln Mkt Cap.>=6.7|Ln Mkt Cap.<6] Equity <0.75 | Equity<0.13 | kD <0.076

Coeff. tstat. | Coeff. tstat] Coeff. tstat. | Coeff. tstat. | Coeff. tstat.
Rule of Law -0.59*  -2.41
YS (Oper. income / sales) -4.55* -2.52
Equity
KS (L.T. assets/sales) -0.14** -2.17120.72** 6.39 464 078
037 111

-0.2262  -0.21
R square 0.29 0.245 0.3351 0.001 0.0079
Note: Significance level: **: 5%, ***: 1%. Corporate governance variables in gray.

6 METHODOLOGICAL FINDINGS

ThetenfoldLAADR testerrorsdo notshow ary signi cant
differencebetweenAdaboostandthe otherlearningalgo-
rithmsaccordingo thet-test,with theexceptionof random
forests,which shows a highertesterror of 32%. For the
tenfoldLAB ANKS crossvalidation,Adabooshasa17.8%
testerror. Baggedboostingreduceghe Adaboostesterror
t0 13.33%.

It seemghattheadvantageof usingbaggingover Ad-
aboostdepend®on the uniformity of the dataset.LAADR
is a moreuniform samplethanLABANKS. LAADR only
includescompanie®f large Latin Americancountriesthat
fully obey theregistrationrequirementsf the SEC,includ-
ing complyingwith US GAAP, while LABANKS includes
banksof differentsize andfollowing differentaccounting
standardof Latin Americancountries. If the datasetis
an agglomeratiorof several differentdatasetssuchasin
LABANKS, baggingcanimprove the results; however if
the datasets uniform suchasin LAADR, baggingor ran-
domforestsdo not showv ary improvementover Adaboost.
Therefore stability is not a propertythat only dependon

9Table3 shaws resultsof alinearregressiorfor LABANKS wherethe
dependentariableis thetechnicalef®cieng indicator A highervalueof
thisindicatorimplieslessef®cieng. In contrasta highervalueof rule of
law andrisk of expropiationindicatorsimply a betterindicator

thelearningalgorithm;it alsodepend®f the uniformity of
thedataset.

The logistic regressionanalysisofferedsomeinsight
aboutthe relevanceof the mostimportantvariables,how-
ever it wasnot possibleto capturethe interactionof these
variableswith the limited amountof datathatwe had. In
contrast,Adaboosthelpedto rank the variablesaccording
to theirimportanceandalsomodelectheir interaction.

In synthesis,Adaboostperformedin a similar way
to otherlearningalgorithmssuchas baggingand random
forestsandhadthecapacityto interprettheresultsbecause
of thelimited numberof treesthatweregeneratedn con-
trastto therequirement®f the othermethods.

7 FINANCIAL INTERPRETATION

ComparingheADTs of LAADR andLABANKS (seeFig-
ures2 and6), themaindistinctive variableis thesizeof the
comparty measuredy the logarithmof market capitaliza-
tion for ADRs and equity index for LABANKS. This re-
sult coincideswith the previous studyof FamaandFrench
(1992) in USA, which indicatedthat size is a key fac-
tor to explain the rate of return of stocks. ADRs and
banksaroundor above the medianperformbetterthanthe
rest. Large companiesn emeging marketsare likely to

be oligopoliesor monopoliesn their areaof actiity. The
efciency of smallerbanksis also affectedwhenthereis

a high countryrisk of expropiation. However, the perfor

manceof LAADR improvesin countrieswith a weakrule
of law. LargeLatin Americancompanieprobablyperform
betterin ervironmentswith a weaktradition of law andor-

derbecaus®f theclosefamily relationshipghathelpthem
to in uence governmendecisiondn their favor. Thebene-
ts of thesegovernmenprivatesectorconnectionseento

belessimportantfor the smallbankssector

In countrieswith a strongrule of law andorder, large
companiesnaystill have animportantageng con ict that
affects their performancef the cashavailable for opera-
tions s too high, asa large operatingincometo salesra-
tio indicates. An excessie amountof cashmay allow
managerso spendit on projectsthatbene t themdirectly
instead of increasingthe value of their companies. A
large operatingexpensedo salesratio may also indicate
anageng con ict. Amongthe mediumandlarge compa-
nies,58 have anexcessie ef ciency ratio in relationto
thethresholdevel foundby Adaboosting.

The performanceof small and mediumsize compa-
niesimprovesif the proportionof long-termassetdo sales
is belov 0.97 for LAADR companies.For Latin Ameri-
canbanks the ef ciency improveswhenthe long-termas-
setsto depositgatio is belowv 0.076(closeto the median).
Theseindicatorsareimportantto revealageng problems.
Thelong-termassetsareeasyto monitor, andcanbecome
collateralto nance new projects.However, if thelevel of
long-termassetds too high, it may indicateinef ciency
andoverspending.



Table4. LAADR andLABANKS: Statistics]ogistic regressionAdaboostandrandomforestresultsrelatingcorporategover-
nancevariables,Tobin's Q, andef ciency.

LAADR LABanks us
Statistics Logit Adaboost RF Statistics Logit Adaboosting RF Stat.
Threshold Z- Threshold
Q25 Median Q75 Mean [Odds ratios a9 Rank [score |Rank |o25 — Median Q75 Mean Odds ratios [ave- Ranks|z-score  Rank [Mean
LnMarketCap (Nat. log market capitalization) 5.44 673 749 657 0.000 67341 1 26 1 |J(Not used)
Equity index (Not used) 004 0.16 0.50 0.30 0.0 072879 2 |3471| 1
Equity index (2nd. Node) (Not used) 0.11072
IK (Capital expenditures/ long-term assets) 0.05 0.08 0.13 0.10 10 6 3 J(Not used)

Efficiency (Operating expenses / sales) 0.10 0.16 0.2088| 6 5 4 |(Not used)
YS (Operating income / sales) 0.13 0.23 0.000 0.3122 3 (Not used)
Debtratio(Debt / total assets) 0.46 0.59 2 5 ] 089 0.92 323  77.96

KS (L.T. assets/sales for ADRs) or KD (LT ass./deposits for banks)] 0.73 1.44 2.20 1.82 53157 1.0032 4 0.04 0.06 0.10 0.11 2.E+12 0.082 1 33 2
KS or KD (2nd. Node) (Not used) 0.11406

TobinQ (Tobin's Q: performance) 0.91 1.04 1.44 1.38 (Not used)

Note: US number of directors, and US average of outside directors according to Denis and Sarin (1999). US CEOs who are also chairman, and insiders' ownership from Fuerst and Kang (2000).
Country corporate governance variables from La Porta et al. (1998). RF: Random forests. Q25: 25th. percentile. Q75: 75th percentile. Logistic regression includes dummy variables to control for sector.
Variables that do not show any relevance are not included such as legal system, accounting, number of insiders in board of directors, and chairman as CEO. Corporate governance variables are in gray.

Shivdasanil993). Weisbach(1988) nds that outsider
dominatedboardsare more likely to remove CEOsthan
rms with insiderdominatedoardsgspeciallywhen rms
shaow poorperformance? DenisandSarin(1999) nd that
companieghatincreasehe proportionof outsiderson the
boardof directorsor reduceownershipconcentratiorhave
above averagereturnsin the previousyear However, Yer-
mack(1996),MacAvoy etal. (1983),HermalinandWeis-
bach(1991),and Bhagatand Black (1999and2000) nd
little correlationbetweencompositionof board of direc-
tors and performance.One possibleexplanationfor these
resultsis that the CEO hires outsidedirectors; hence,di-
rectorsdo not dissent(seeCrystal1991). This hypothesis
is reinforcedby Core et al. (1999), who nd that CEO
compensatioris a decreasingunction of the shareof in-
sidedirectors,andis anincreasingunction of the shareof
outsidedirectorschoserby the CEO.

Inside directorsalso play an importantrole in the
boardof directorsfor stratgyic planningdecisionsyeview-
ing functional performanceby areasand, in somecases,
evaluatingif thereare importantdifferencesbetweenthe
CEO's perspectie andwhatis happeningn the rm ona

Figure6. LABANKS: representatie adaptve tree

Accordingto the ADT for LAADR, the composition daily basis.!* BaysingerandButler (1985)proposehatan
of the boardof directorsis importantfor smallercompa-
nieswhich have a capital salesratio below 0.97. In these 10| the caseof Italy this situationis different. Volpin (2002)®ndsthat
cases,the participationof outsiderson the board of di- the probability of turnover andits relationshipto performances lower
rectorsabove a level of 75.5%is a relevant factorto im- for executves who are part of the family of the controlling shareholder

. . RosensteimndWyatt (1990)®nd thatannouncementsf outsidedirectors
proved performance.The nance literatureindicatesthat arerelatedto positive excessreturns.

outsidedirectorssupervisemanagergWeisbach1988and LiKlein (1998) found that inside director participationin investment



optimalboardof directorsshouldhave acombinatiorof in-
side,independentandalsoafliated directors.Baghatand
Black (2000)suggesthat boardsshouldnot be composed
only of independendlirectorsbecaus®f their ndings that
boardindependenc&oesnot improve performance and
becauseénside directorsmay bring the additionalbene ts
explainedabove. This mayexplainwhy the ADT suggests
thatthe maximumparticipationof outsidersn the boardof
directorsof LAADR companieshouldbe 75.5%.

Insiderownershipdoesnot seemto affect the perfor
manceof LAADR companies.This canbe understoodn
termsof the informationpublishedn the proxy statements
of ADRs. Thesereportsarenot underthe samestrict con-
trol thatthe nancial statementare. As aresult,it is pos-
siblethatmary rms did not includerelevantinformation
aboutmanagerspwnershipstructureand board composi-
tion dueto the needto protectshareholderagainstpoten-
tial kidnapping,assaultetc. Hence,only the major share-
holdersareregistered.In the caseof LABANKS, accord-
ing to logistic regressiorand Adaboost,nsiderownership
is thethird andfourthmostimportantvariablein explaining
efciency.

Managementvith ahighlevel of ownershiparelikely
to beableto steercorporatedecisiongowardtheir own in-
terestsat the expenseof corporatenterests.This could be
the caseof strongfamily groupsthat control a compary.
Thesefamily groupsmay usetheir greatbamgainingpower
to make corporatedecisionghatbene t companiesvhere
they have a greatinterest. For example,banksmay direct
animportantpartof theirloanportfolio to companiesvhere
manager®r insidershave a signi cant interest. If thein-
vestmenis successfulmanagerdene t. Otherwisegov-
ernmentanddepositorassumeheloss,asoccurredn the

nancial crisisof the Andeancountriesduringthenineties.
JenserandMeckling (1976)in their classiowork described
this behaiior wherelarge investorsas equity holderswill
bene twhenthe rm takesanexcessverisk becausef the
potentialbene t on the upside,while the other stalehold-
ers,suchasthe creditors,bearall the risk. Hermalinand
Weisbach(1991) had alreadyproposedthat ageng costs
increasavith ownership suchasin thecaseof family rms.
La Portael al. (1999)alsomentionthatthe ageng prob-
lemin thesecompaniess thatthe dominantfamily owner
managermay expropriateminority shareholders.Hence,
thereis a strongincentve to be a large shareholdein de-
velopingcountries.

The limited impactof size of boardof directors,the
doublerole of CEO asmanagerandchairmanof the board
of directorsandcompositiorof boardof directors(percent
of outsiders)on performanceand ef ciency (in the case
of LABANKS) usinglogistic regressionor ADAboostare

ndings similar to whatprevious studieshave indicatedin
USA*?

committeescorrelateswith better®rm performance.

12BhagatandBlack 2000do not ®nd thatboardindependencieadsto
improved pro®tability after controlling for ®m size, boardsize, indus-
try effects, CEO stock ownership,ownershipby outsiders,andsizeand

8 FINAL COMMENTS AND FUTURE
WORK

Comparatieregionalstudiesalwayshave amajorproblem
in termsof how to integrate datacoming from different
sourcesand generallywith different standards.We sav
that this problemwasimplicit in the LABANKS dataset.
We think that this researctcanbe improved by enlaging
the dataseandrunningthe learningalgorithmsin subsets
aggregatedby regionsor corporategovernancesystems.

This papershavsthatAdaboosiperformssimilarly to
logistic regression randomforests,and baggingwith sta-
ble datasetsandthe structureof the ADTs arecon rmed
by the regressionanalysis. Additionally, we shav how
Adaboostcanbe usedasan interpretatve tool to evaluate
theimpactof corporategovernancerisk factorson perfor
manceandef ciency.

Initially, the corporategovernancevariablesdo not
seemto be very relevant to predicting corporateperfor
mance.However, whenthe resultsof thesevariableswere
interpretedtogetherwith the accountingvariablesusing
ADTSs, the effect of corporategovernanceon performance
becamevident. Therecentcaseof US bankruptciehave
demonstratethatwhencompaniesredoingverywell, the
corporategovernancevariablesdo not seemto berelevant.
However, in momentsof nancial distresscorporategov-
ernancevariablesplay a very importantrole in improving
performanceandef ciency.
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Appendix 1: Data

We useda sampleof 51 stocksdomiciledin Latin Amer-
ica (LAADR) (Argentina,Brazil, Chile, Colombia,Peru,
Mexico, andVenezuelajhathave issuedADRs of level Il

andlll for theyear1998. Level | ADR areleastrestricted

in their requiredcompliancewith US regulations,so we
have not includedthemin our analysis. Level II ADRs
correspondo foreign companieshat list their shareson
NASDAQ, AMEX, or NYSE. Thesecompaniesnustfully
obey the registrationrequirementf the SEC, including
complyingwith US GAAP. Level Il ADRs refer to for-
eigncompanieshatissuenew stocksdirectly in the United

States.This meanghatthey have the samecompliancere-

quirementsasa US public compary, andarethereforethe
mostregulated.We choseADRs from countrieson the list

of emeging marketsdatabas¢EMDB) of thelnternational
FinanceCorporation(IFC). 3.

We obtainedhe nancial informationfrom COMPU-
STAT for theyear1998. The informationon the value of
market capitalizationis from CRSR andis comparedvith
informationfrom the NYSE. We obtainedcorporategov-
ernancdnformation— suchaslist of directors,executies,
and major shareholders- from the proxy statementgub-
lished at Disclosure,Edgar and companies'websitesfor
theyear1998. In the caseof LAADR, insiderownership
is de ned asownershipof a compary by the CEO, man-
agers,or relativesof the CEO, and membersof the board
of directors.

Wealsousedalist of 99 Latin Americanbanks called
LABANKS. LABANKS consistof banksdomiciledin Ar-
gentina,Brazil, Chile, Colombia,Peru,Ecuadoy and Bo-
livial* representin@bout80% of thetotal asset®f the pri-
vatesectorin the majorLatin Americancountries.

We obtainedthe banks' corporateinformation from
InternetSecuritiesinc., centralbank, regulatorand com-
pary websites.We collected nancial aswell ascorporate
informationsimilarto thatcollectedfor ADRs. Oursample
of bankgs restrictedby theavailability of corporatenance
information.

Most of the nancial informationis from 2000. Fex
companieghatwerememedor disappeareth 1998,were
includedusingthe nancial statement®f 1997. The cor-
porateinformationis gatheredrom the period 1998-2000.
Consideringhattheinformationaboutownershipstructure
isrelatively stable we donotforeseearny majorconsisteng
problem.

13standardand Poor's acquiredthis databasén January2000, and it
becamehe StandarcandPoors EMDB.

14We werenotableto includeVenezuela banksbecaus¢he President
of the VenezuelarBanking Associationdeclinedto supplyary informa-
tion to our researcheamandasled memberbanksnot to supplyary cor-
porateinformationto us dueto the increasedisk of kidnappingthatits
membersvould be subjectto if thisinformationweredistributed.



