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Introduction

ÅWhen predicting, the least one can do is Random Guessing

ÅWeak Learner

Å“Aweak learner produces a classifierwhich is only slightly more
accuratethan randomclassification.”

Pattern Classification Using Ensemble Methods, pg21, 2010

ÅWeak Classifier

ÅA classifierthat achievesslightlybetter than 50%accuracy.
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Introduction

Å“Forbinaryclassification,it is well known that the exactrequirement
for weaklearnersis to be better than randomguess.”

Å“Noticethat requiringbaselearnersto be better than randomguess
is too weak for multi-classproblems,yet requiring better than 50%
accuracyis too stringent.”

Ensemble Methods, pg46, 2012
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Introduction

ÅA popular example is Decision Tree.

ÅWeakness can be controlled by the depth of tree.

ÅWeakesttree: only one node and binary decisionmadeon only one
variable.

Å“Becauseboosting requires a weak learner, almost any technique
with tuning parameterscanbe madeinto a weaklearner. Trees,asit
turns out, makeanexcellentbaselearnerfor boosting.”

Applied Predictive Modeling, pg205, 2013
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Introduction

ÅStrong Learner

ÅA strong learner producesa classifierthat achievesarbitrarily good
accuracy,better than randomguessing.

ÅFor modelingtasks,we aim to developa strongclassifierthat makes
predictionswith goodaccuracywith highconfidence.

ÅFor instance, applying Support Vector Machines directly to the
dataset.
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Introduction

ÅIn short

ÅWeak learners:Slightly better than random.

ÅStrong learners:Having good or even near-optimal accuracy.

ÅAre they equivalent?

YES
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Boosting

ÅA strong learner can be constructed from many weak learners. 

ÅThis became the basis for boosting methods
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Boosting

ÅThe goal of boosting ensembles 

ÅDevelopa large number of weak learners for a predictive learning
problem.

ÅCombine them in a way to achieve a strong learner. 

ÅWeak learners: Easy to prepare but not desirable.

ÅStrong learners: Hard to prepare and highly desirable.
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Bagging vs. Boosting

Bagging

ÅTraina number (ensemble)of decisiontrees from bootstrapsamples
of your trainingset.

ÅAfter the decisiontreesare trained, we canusethem to classifynew
dataviamajority rule.
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Bagging vs. Boosting

Boosting

ÅStartwith one decisiontree stump(weaklearner)and“focus”on the
samplesit got wrong.

ÅTrainanotherdecisiontree stumpthat attempts to get thesesamples
right.

ÅRepeatuntil a strongclassifierisdeveloped.
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Paper for Discussion

HakLee,E., Kim,K., Kho,S.Y., Kim,D.K. andCho,S.H., 2021. Estimating
ExpressTrain Preference of Urban Railway PassengersBased on
Extreme Gradient Boosting (XGBoost) using Smart Card
Data. TransportationResearchRecord.

KeyPoints

ÅXGBoostvs. MNL

ÅSMOTE(SyntheticMinority Over-samplingTechnique)

ÅSHAP(SHapleyAdditiveexPlanation)
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Introduction

ÅExpress strategy on the urban 
railway since 2009.

ÅLine 9-first private subway in Seoul 
to introduce express trains.

ÅLocal and express trains both on the 
same railway.

ÅLocal Train –30 stops (100 min)

ÅExpress Train –13 stops (60 min)

12



Collected Data 
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Collected Data 
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Pre-Processing

ÅOne day Smart Card Data and Train Log Data integrated.

ÅPassenger’s boarded train estimated.

ÅOther train generated as unselected alternative.
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Pre-Processing
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Pre-Processing

ÅImbalanceddata

ÅSMOTE(SyntheticMinority Over-samplingTechnique)wasused.

ÅSMOTEuseseachdata point of a minority classand generatesnew
samplesalongthe line joiningthem to their k-nearestneighbors.

ÅWith XGBoostwedon’tneedto worry aboutmulticollinearity.

ÅXGBoosttrainedon 85%randomlyselecteddata.

ÅVarioushyperparametersweretuned.
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Performance Measure
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Performance Measure
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SHapley Additive exPlanation
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SHapley Additive exPlanation
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SHapley Additive exPlanation
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SHapley Additive exPlanation
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Concluding Remarks

ÅXGBoostperforms better than MNL.

ÅSMOTE can be conveniently used to address imbalanced data.

ÅSHAP can be used to understand the impact of each variable.
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