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Overview
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Introduction

 Many classification tasks involve a large number of 
categories
l Usually these categories are ordered in a 

hierarchy:
 Bioinformatic, text categorization, film or music 

genre classification

 In hierarchical classification a model labels an 
instance by using the structure of the hierarchy
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Introduction

 In many contexts the hierarchy of classes is 
dynamic, i.e., the structure of classes can change

 Reordering of categories: Biotechnology can be 
under computer science or medicine

 We investigate a  scenario (“mandatory leaf-node”) 
where class hierarchies can change from learning to 
deployment time

 We do not contemplate deletion or creation of 
categories
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Introduction
 We analyse GPS tracks for medical reasons

 We learn a hierarchical classifier using the following 
model that considers: locomotion form, surface 
type and speed.
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Introduction
 We now consider a new hierarchy based on  the 

intensity of the sport:
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Introduction

 In this situation, we can:

l Retrain: Ignore previous models and learn a new 
classifier with the new context

l Reframe: Try to adapt existing models to the new 
context
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Reframing hierarchical classifiers

 Cost Sensitive-Classification:

l A new context means a different skew
l We adapt probabilistic models by assigning 

classes based on the minimisation of the expected 
cost

 Based on this approach we propose a a new 
hierarchical classification technique:

l Hprb: hierarchical probabilistic method 



9

 Hierarchical classification loss:

l We use a distance-based metric that considers the 
distance between the predicted and the actual 
class in the hierarchy

l Classes that are close to each other in the 
hierarchy tend to be similar

Reframing hierarchical classifiers
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 Hierarchical classification loss:
l Given a predicted class p, and an actual class r in 

a hierarcy T

l hlossT(p,r) =d(p,r)/ dmax(T)

l d(p,r) is the number of edges of the shortest path 
between p and r in T

l dmax(T)  is the size in edges of the longest path 
between two classes in T

Reframing hierarchical classifiers
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 Hierarchical classification loss:

l hlossT(Mountain Biking,Trail Bike)=4/5

l hlossT(Trail Bike,Trail Bike )=0

l hlossT(Motorcycling,Trail Bike)=5/5

Reframing hierarchical classifiers
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 Hpbr: 
l Given a probabilistic model M  with C  classes,  a 

hierarchy T, and an instance e to be classified. 
l p(c|e)  is the estimated probability by M  that 

example e belongs to a class c 

Reframing hierarchical classifiers
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Experiments

 Contexts where the hierarchical structure is variable

 Two class hierarchies.
l T: Old context is used in the training phase 
l NT: New  context is employed in the test phase

 Hierachy is automatically induced by building a 
dendrogram from a confussion matrix
l ZeroR for T
l J48 for NT
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Experiments

 12 Learning Methods
l J48: decision tree 
l J48Unp:  unpruned decision tree 
l Jrip: propositional rule learner
l NB: Naive Bayes
l Logist: logistic regression 
l IBK: K-nearest neighbours with ten neighbours
l RF: random rorest
l Bagging: ten J48 models combined by Bagging
l PART: decision list 
l Boosting: boosting of J48 models
l Stump:  decision stump
l LB: Boosted Logistic Regression 
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Experiments

 Datasets: 50% train, 50% test
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Experiments

 NB 300 iterations. 
 PAVCal Calibration



17

Experiments

Average results of the classification methods:



18

Conclusions

 We have addressed the problem of hierarchical 
classification in dynamic contexts

 New method based on predicting the label that 
minimises the expected loss with respect to the 
deployment context (class hierarchy) 
l It is able to adapt the predictions to a novel 

context.
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Conclusions

 We have analysed the performance of the proposal 
over 10 datasets and 12 learning methods.

 Hierarchies are artificially induced by computing 
similarities between classes

 We have studied the effect of applying multiclass 
calibration over probabilities (PAV Calibration)
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Future work

 Consider other scenarios:
l “non-mandatory leaf-node” problem
l Drastic changes in the hierarchy of classes

 We also want to explore the adaption of hierarchical 
methods such as the Top Down approach to 
dynamic contexts .



Thank you
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