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The need
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The problem to solve

Text analytics solution are keyword based for topic detection

• This is not adapted for fine topic classification

Classes are unbalanced in real life application

The Word Sense Disambiguation problem create noise in keyword   
based systems
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Ambiguity of language is the key

Apple price is to watch

Example :
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The Word Sense Disambiguation problem

Mon compte de prêt doit être suspendu 
(my loan account need to be suspended)

Je ne suis pas prêt à fermer ce compte
(I am not ready to suspend my loan)

Apple 

price

is to 

watch

… and in the banking context :

?



Understanding the reality : Real Life Problem and Measure bias

Topic / Class Proportion of 
comments

Accuracy

Varia 60% 95%

Credit Cards 30% 60%

Subsidiaries 10% 30%

Mobile App 5% 20%

In this four class system a global Accuracy of 80% is measured but …

•4/10 verbatims on credit card are not properly tagged

•7/10 verbatims on subsidiaries are not properly tagged

•8/10 verbatims on mobile app are not properly tagged (80% of errors !)

Let’s imagine a customer feedback stream of comments …

… tagged by a keyword based classifier:



Experiments

1. Using a standard Corpora to evaluate new techniques

1. DL & Convolutional Networks / GRU

2. Embedings (BERT and

2. Determining if 

1. Neural Networks can handle the problem of unbalanced classes

2. New techniques can improve the topic detection problem
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Data Set and Taks : a state of the art corpus with rigorous comparison
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A real life corpora with massive ambiguities
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Previous experiments on DEFT Corpora

Previous state of the art established (2010): 

• Linear classifiers (SVM, Logistic Regression) & Strong feature selection obtain the best 
performances

• Including on unbalanced classes

Questions:

• Does a Deep Learning classifier with embeddings can outperform state of the art ?

• Do this classifier perform better with or without feature selection ?
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Proposed system

Document confidentiel et en ébauche - Ne pas diffuser 
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Experiments & Results
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In our application context

Resulting techniques are applied to customer  data

Eric Charton – Rework – AI In finance – Virtual Summit – 09-2020
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Itération 1 Itération 2 Itération 3

Prêt hypothécaire 64.3 66.6

En cours

Covid-19 30.3 55.6

Succession 86.9 83.3

NSF 82.6 83.8

Marge de crédit personnelle 54.8 57.1

Chargeback 82.1 80.7

Frais élevé 28.5 66.6

Temps d'attente 69.7 73.8

Canaux numériques 64.7 64.5

Master card 91.7 91.8

Manque de suivi 0 42.8

Boîte vocale 0 57.1

Carte de crédit 89.7 90.0

Taux d'intérêt 50.0 57.4

Investissement 83.3 83.3

CELI 61.5 71.4

REER 88.8 88.8

Roulement de personnel 0 33.3

Forfait bancaire 89.3 91.5

Transaction en ligne 69.1 69.4

Expérience numérique 77.0 80.3
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How it is used
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How is it used ?



Thank you !

Questions ?
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