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ABSTRACT

AUTOMATIC TOPIC CATEGORIZATION OF TURKISH
FAXED BANK DOCUMENTS IN THE PRESENCE OF
OCR ERRORS

The technological advances in the last decades facilitated the easy transfer and
storage of huge amounts of scanned soft documents. This improvement brings the
challenge of automatically classifying big, unbalanced, multi-class, noisy and relatively
short text data, which is the scope of this thesis. This study addresses the real world
problem, classifying bank order documents of Yap: Kredi Bank. A corpus of academic
paper abstracts, which resembles the original problem in terms of class complexity and
document length is also collected and used. Combinations of methods for balancing,
pre-processing data, feature extraction, feature selection and classification are discussed
in this study. The unbalanced data are balanced by sampling documents randomly or
according to their noise and information content. For Optical Character Recognizer
errors, first the word is assessed as corrigible or incorrigible in terms of its potential to be
corrected. For corrigible words, four methods are used for correction, which are domain
specific glossary based model, language model based Hidden Markov Model and normal
or agressive sequential correction models. In order to minimize redundant data, Named
Entity tagging, Morfessor and F5 stemming are used. Latent Dirichlet Allocation and
Term Frequency Inverse Document Frequency features are used. To classify balanced
classes, the best technique is Term Frequency Inverse Document Frequency features
with Support Vector Machines, which is tested and proven for both the Yap: Kredi
Bank Orders and Academic Paper Abstracts datasets with up to 92% performance for
12 classes for the Yap: Kredi Bank Orders Dataset.



OZET

TURKCE FAKSLANMIS BANKA BELGELERININ OKT
HATALARI VARLIGINDA OTOMATIK KONU
SINIFLANDIRMA SI

Son yillardaki teknolojik geligmeler ¢ok biiyiik miktarda taranmig elektronik bel-
genin iletimine ve saklanmasina olanak saglamigtir. Bu ilerleme, bu tezin konusu olan
biiytik, diizensiz dagilimli, ¢ok sinifli, giirtiltiilii ve goreceli kisa metin verisinin otomatik
olarak simiflandirilmasi problemini de beraberinde getirmektedir. Bu tez ¢aligmasinda,
gercek bir sorun, Yap1 Kredi Bankasi'nin bankacilik talimatlarinin simiflandirilmasi ird-
elenmistir. Esas probleme sinif karmagikligi ve belge uzunlugu yoniinden benzeyen,
akademik makalelerin ozetgelerinden olusan bir biitiince de ayrica toplanmig ve kul-
lanilmigtir. Bu ¢alismada veri dengeleme, on igleme, 6znitelik ¢ikarma, 6znitelik se¢gme,
siniflandirma yontemlerinin kombinasyonlar1 tartigilmistir. Dengesiz veriler belgeleri
rastgele veya icerdikleri giirtiltii ve bilgi miktarina gore ornekleyerek dengelenmigtir.
Optik Karakter Taniyici hatalar1 igin, 6nce kelimelerin diizeltilebilme potansiyelleri
umutlu veya umutsuz olarak degerlendirilir. Umutlu kelimeleri temizlerken alana 6zel
sozliik tabanli yontem, dil modeli tabanli Sakli Markov Modeli, agresif ve normal
ardigik diizeltme olmak iizere dort yontem kullanilmaktadir. Gereksiz veriden kurtul-
mak i¢in isim verilmig varliklar: isaretleme, Morfessor ve F5 kok bulma yontemleri kul-
lanilmigtir. Sakl Dirichlet Dagitimi ve Terim Frekans: Ters Belge Frekansi 6znitelikleri
kullanilmigtir. Dengeli dagilimli simiflar igin, en iyi yontemin Terim Frekans: Ters Belge
Frekans1 oznitelikleri ile Destek Vektor Makinalar: siniflandiricist oldugu, hem Yapi
Kredi Bankacilik Talimatlar: hem de Akademik Makale Ozetceleri veritabanlarinda 12

smif igin %92’ye varan performans ile kamitlanmigtir.
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1. INTRODUCTION

1.1. Motivation

The emergence of high speed, easily accessible internet connection, computers
with substantial amount of data storage capacity, scanners, printers, fax machines,
Optical Character Recognizers enabled the easy transfer and storage of huge amounts
of soft documents. A new challenge is introduced by these recent advances in data
acquisition and transfer technologies: Classifying big amounts of unbalanced, multi-

class, noisy and relatively short text data, which is the main focus of this thesis.

Banks receive bank orders from their customers in electronic format, via scanned
forms and faxed documents. When bank orders arrive at the bank branches, they need
to be classified and redirected to the associated employee who process it accordingly.
Currently, the documents are categorized and redirected by bank officials. This re-
quires a large amount of human labor and time, and causes delays in the processing of
customers’ orders. An automated system to classify the bank documents will be bene-
ficial in terms of time and cost when compared to the current manual system. In this
thesis, a robust automatic classification system with a good performance is developed.
We describe a complete system of bank order processing, from OCR error correction

to feature extraction, classification and performance analysis.

1.2. Data

Yap1 Kredi Bank reports the number of documents to be classified each day in
the branches and headquarters to be around 100,000. There are many classes of the
bank documents, such as remittances, electronic fund transfers, credit card payments,
bond, bill, repo, stock investments, time deposit account operations, tax payments,
foreign currency transactions, corporate banking applications, objections for credit card
statements, and many others. The received fax documents are digitalized through an

Optical Character Recognizer, and due to the poor quality of the documents, the OCR



documents are very noisy. Furthermore, the bank order documents are usually short
documents, some of them containing only a few sentences, which make the classification

problem even harder.

Yap1 Kredi Bank Orders Data Set includes 142 classes. The classes are highly
skewed with unbalanced populations. This thesis is part of a more complex project
which includes classification of the Yapi Kredi Bank orders by techniques other than
automatic classification, such as rule based classification and classification according
to the previous frequent orders of bank customers. Therefore, only some of the classes

are in target for automatic classification.

As a test for the robustness and generalizability of methods we have developed,
an alternative corpus is collected. A large dataset of academic paper abstracts in
Turkish language have been collected. We have chosen academic paper abstracts for
the alternative dataset because of their resemblance to the Yap1 Kredi Bank dataset
in terms of class complexity and document length. The articles ar chosen from both

social, natural and applied sciences [1].

1.3. Methodology

The main goal of this study is to develop a robust, high performance system to
classify bank orders. To maximize classification performance, we have experimented
with and compared various combinations of methods for sampling and pre-processing

data, feature extraction, and classification.

One problem we had to address was the unbalanced nature of the data. The
distribution of documents in an operational bank setting is highly skewed, so that a
small percentage of document classes account for most of the daily traffic. We have
analysed both the unbalanced and balanced data cases. To balance the datasets, in
other words, to render the class populations comparable, if not equal, we downsam-
pled the documents. We have sampled the documents randomly and based on their

information content which is evaluated by their lengths and ratio of correctly spelled



words.

The data to be classified in this project are particularly noisy since they are de-
rived from poor to mediocre quality documents which are received by fax or email,
and scanned and digitalized through an Optical Character Recognizer. Since the error
rate was on average more than two thirds, we had to assess the tokens as corrigible
and incorrigible in terms of their potential to be corrected. For corrigible words, we
have experimented with four methods, namely, domain specific glossary based method,
language model based HMM, normal sequential and aggressive sequential correction
models. All these algorithms apply variations of minimum edit distance and noisy chan-
nel model. In order to minimize redundant features in advance to feature extraction,
Named Entity tagging, Morfessor and F5 stemming are used as other pre-processing
techniques. Latent Dirichlet Allocation topic distributions; word unigrams TF-IDF

features are used for feature extraction.

Latent Dirichlet Allocation finds the semantic structure of a document collection
by observing the words inside the documents. It states that a document may be about
a bunch of different topics, and defines the possible topic assignments associated with
parts of the documents as hidden topics. The topics are defined as a probability dis-
tribution over words in a defined vocabulary. After finding the topics as a distribution
of the words by observing the documents, LDA defines each document as a mixture
of these topics. The topic assignments are used as a feature vector for text classifi-
cation. LDA has proved to be successful for especially classifying short, sparse and

unstructured text data with unbalanced classes and small amount of training data [2].

Term Frequency Inverse Document Frequency is the most popular feature extrac-
tion technique for text classification. Term frequency features of a document are the
counts of entries of a dictionary inside the document. Each dictionary entry is a term.
The terms can be words (unigrams) or word phrases (bigrams, trigrams, ...) or charac-
ter sets (character bigrams, trigrams, ...). Inverse Document Frequency are the counts
of number of documents that contain a specific term inside the dataset. The TF-IDF

feature is the product of Term Frequency and Inverse Document Frequency. The IDF



factor emphasizes features that characterize a specific class, and downweights the fea-
tures that are frequent in most of the documents. TF-IDF feature vectors are usually
very sparse vectors. The redundant features are eliminated by removing the least fre-
quent ones inside a class and inside the entire dataset. Also information gain is used for
feature selection, which disregards the features that do not give much discriminative

information about the class of the documents.

One versus all Support Vector Machines are used as the classifier in this study.
SVMs are chosen because of their good performance with sparse and large feature

vectors such as TF-IDF vectors [3].

1.4. Performance

The automatic classification system developed in this research to classify Yapi
Kredi’s bank orders documents has up to 92% performance for 12 (balanced) classes,
and up to 90% for unbalanced, naturally distributed classes. The latter implies the
distribution of document classes occur within the daily operations of the bank. The
tests are also run on academic paper abstracts dataset and show similar performances

for comparable number of classes.

The best technique to classify natural flow of unbalanced classes that occurs in
Yap1 Kredi is proven to be LDA and SVM given that the execution time is important,
as in our project. Latent Dirichlet Allocation is a good technique for classifying short,
sparse and unstructured text data by finding the hidden topics from observations with
cogent evidence [2], especially for classification tasks of unbalanced classes with small
amount of training data. For balanced data with more number of documents per class
in the training set, the best technique is TF-IDF features with an SVM classifier,
which is tested and proven for both the Yap1 Kredi Bank Orders and Academic Paper
Abstracts datasets.



1.5. Main Contribution

The main contribution of this thesis is to propose a system for categorizing multi
class unbalanced and noisy documents. The techniques developed will be integrated
into the live document classification system at Yapi Kredi Bank. We also collected and
openly shared a large, class labelled text corpus in Turkish, which will be useful for

researchers interested in Natural Language Processing.

1.6. Thesis Structure

This thesis is structured as follows: Chapter 2 introduces a review of the current
literature about text classification. We present pre-processing, OCR noise correction,
feature extraction, feature selection, classification, and performance evaluation meth-
ods in this chapter. Chapter 3 introduces the datasets, Yapi Kredi Bank Orders Dataset
and Academic Paper Abstracts Dataset used in this thesis. Examples from the datasets
are given along with statistics about them. The class populations, document length
distributions and noise content of the Yapi Kredi Bank Orders Dataset can be found in
this chapter. We also explained the collection process, the contents, and the statistics

of the Academic Paper Abstracts Dataset.

Chapter 4 presents the methodology and implementation details. The details of
the steps of automatic categorization system are presented here. Also, we told about

the the tools and programming languages we used.

Chapter 5 presents the tests and results of the methods offered in Chapter 4. The
tests are run on both datasets and the combinations of methods and parameters are
interchanged in order to achieve highest performances. We report the conclusions of

the thesis and present future research directions.



2. THEORY AND BACKGROUND OF TEXT
CLASSIFICATION

2.1. Definition of Text Classification

Text classification is the task of labelling unlabelled documents in predefined
classes. The output of this task assigns a boolean (True or False) value to each pair
< dj;c; >€ D x C, where D is the domain of documents and C' = ¢i;...;¢¢ is a set
of predefined categories. Therefore, the classifier is a function ¢ : DxC — T, F' which

assigns the document d; to the class or category ¢; where < d;;¢; >=T [4].

Machine learning is the widely used approach to decide whether a text belongs to
a set of prescribed classes or not. Machine learning algorithms learn the characteristics
of a class by observing available data, and they classify the new data according to the

learned model.

Text data are highly unstructured because the text files vary in length and they
are composed of a vocabulary. In order to use text data in a machine learning algorithm,
the data should first be processed and represented in a structured way, in other words,
feature extraction. Feature extraction benefits from pre-processing of the text where
redundant information is filtered and noisy OCR results are eliminated. The extracted

features are then used for training classifiers.

A careful examination of the data before trying any technique is very important
in all classification tasks. In many real world problems, the data are unbalanced and
skewed [5]. This means that the number of documents may differentiate substantially
among classes. In order to avoid biases of the classifier, the data could be sampled
to achieve uniformity of the classes before training the classifier, or the classifier may

have specifically weighted cost functions.



2.2. Balancing the Dataset

Many of real-world problems are characterized by imbalanced data [5]. Class
imbalance is characterized by the cases where some classes are represented by a large
number of examples, while the remaning ones are represented by relatively few. Solu-

tions proposed in literature are both in algorithmic and data levels.

The common schemes to deal with class imbalances are techniques to equalize
the number of examples in each class. Equivalence in class sizes is usually achieved by
either over sampling (re-sampling) the smaller (minority) classes, or under sampling
(down-sizing) the bigger (majority) classes [6]. However, there is a downside to both
oversampling or undersampling. The random undersampling method can potentially
remove certain important examples, and random oversampling can lead to overfitting
[5]. In [5], a technique to create a synthetic new samples not of real data, but of feature
vectors, is proposed. At the algorithmic level, the approach is usually adjusting the

costs of the various classes so as to counter the class imbalance [7].

Multi-class problems with skewed data are even more problematic than binary
class problems. Boosting algorithms that make the classifiers cost sensitive are pro-

posed in order to deal with multi-class problems [8,9].
2.3. Document Pre-Processing
Pre-processing techniques are applied before the feature extraction in order to re-

move redundant information from text data, to clear out the noise from the documents,

and to reduce the redundant features.
2.3.1. Noise and Redundancy Reduction
Document images processed via OCR software can be very noisy. The documents

have splitted or merged words and incorrectly recognized letters and characters which

result from the low quality and image noise of the scanned and faxed documents.



Other potential causes are spelling and punctuation mistakes, typographical errors in

the original typesetted document.

Also, unstructured information inside the text such as idiomatic expressions,
abbreviations, acronyms, business specific words, unformatted numbers and units or
data format tags such as HTML or XML tags create noise. In bank order faxes, this

redundant information is mostly in the format of fax machine letterheads.

To correct OCR noise, there are three steps, detecting the error, generating can-
didates, and ranking the candidates to change the highest ranked with the error. The
common methods investigate n-gram probabilities or use dictionary lookup algorithms,
which implicitly apply minimum edit distance, similarity key, rule-based, n-gram-based

and probabilistic techniques or neural networks [§].

The minimum edit distance noise removal method corrects the misspelled words
by comparing them to a lexicon in terms of the edit distance. The minimum edit
distance vocabulary word will replace the noisy word. Minimum edit distance is defined
as the minimum number of editing operations between two strings. The operations
could be insertion, deletion or substitution. A particular cost or weight could also
be assigned to these operations. The computed total cost is called the Levenshtein

distance.

The noisy channel model is a noise removal technique in which common mistakes
arising from the cause of the noise are modelled as a channel. The reason for the noise
of the model could be a hand slip on the keyboard, or common OCR mistakes such as
the recognition of “m” as “rn”. The model treats the misspelled words as if a correctly
spelled word had been distorted by being passed through the modelled channel. The
true word is found by passing every word in the vocabulary through the channel and

comparing them with the incorrectly written word [9].



2.3.2. Named Entity Tagging

Named-entity is a term (word or phrase) that indicates a certain object or a
concept. Named entity tagging is the task of finding and labeling terms in texts as
one of the predefined categories. The categories could be person names, organizations,
locations, expressions of times, quantities, monetary values, percentages, etc. It is also

known as entity identification, entity chunking and entity extraction.

Although not very common, named entities can be used as a feature in classi-
fication. In [10], the researchers proposed the use of named entities in classification.
Typically, however, named entity tagging is used to collapse several words into one
entity label, eg., all city names converted to a label <city>. This effectively removes

redundancy and simplifies feature extraction.

2.3.3. Stemming

Stemming is the process of stripping of word endings to map the word having
affixes to its root form. In agglutinative languages in which words can have plenty of
suffixes like Turkish, stemming may be beneficial depending on the application. There
may be various versions of a word which have different inflectional suffixes, but all
having the same root and thus the same meaning. By stemming words, the dimension
of the vocabulary to generate or represent documents is significantly reduced, because
the different versions of the word are collapsed into one root. Stemming must be done
carefully while taking into account the types of suffixes, whether they are inflectional
or derivational. Removing derivational suffixes when stemming a word will result in

loss of information.

2.3.3.1. Morfessor. Morfessor software is the implementation of the unsupervised mor-

pheme segmentation method presented in [11]. This system is especially suitable for
languages with agglutinative morphological structure and languages that are highly-

inflecting like Turkish [11]. The program takes a raw, unannotated text corpus as an
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input, and separates the morphemes of words optimally [12]. Morfessor is a Bayesian,
probabilistic model that does not rely on predefined grammatical rules of the language,
but rather on the statistical properties of the input text. Morfessor learns a morpheme

segmentation of the word forms in the input data [13].

2.3.3.2. Fixed Prefix Stemmer. This method truncates the word, leaving only the first

n characters. It is based on the assumption that, the first n characters correspond to
a root in most words in the language. After deciding on n, the method is called Fn
Method. This method is also known as Simple Truncation Method. The most popular
version is F5 method for Turkish [14].

2.3.4. Stop Word Removal

Stop words are the words that do not give a clue about the context of the doc-
ument. These words are not a good measure in determining the type of a document,
because they are mostly without any discriminative meaning, and they have high fre-
quencies in nearly every document. Conjunctions, pronouns, prepositions, frequent
nouns and verbs, auxiliary verbs, salutations are examples of stopwords and they should
be eliminated before any feature extraction. Also adding short words is a common
technique since short words are usually more frequent and meaningless words [14]. In
OCR’ed documents, getting rid of short words also improves error correction as there

are many word split errors.

2.4. Document Representation

In order to represent the unstructured text documents in terms of structured
data, measurable features should be found and extracted from the document. The
methodology that is used to represent the text documents as features is called the
indexing language. The simplest indexing languages are formed by treating each word
as a feature [15]. Thus, each document is represented as a vector which is called the

feature vector.
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The Vector Space Model represents documents in terms of vectors of features.
The dataset is represented by a term by document matrix, which is a VD matrix W
where the size of the term vocabulary is V' and the size of the document collection is

D. Each entry w;; of W corresponds to the weight of term ¢ in document j [16].

2.4.1. Bag of Words Features

The bag-of-words model represents each document with a fixed vector where each
component corresponds to a value representing the presence of a predetermined vocab-
ulary term inside the document. The vocabulary is usually pre-selected from a training
corpus. The bag-of words model only captures the term content of each document, and
it is assumed that the ordering or position of the terms inside the document are not

important. This assumption is known as the bag-of-words assumption.

The value representing the presence of the term could simply be a binary value,
which is 1 if the term is present, and 0 if the term is not present inside the document.
The value may also represent the frequency of the term inside the document. If the
value of each entry in the feature vector describing a document is represented by a
function of the term’s frequency in the document instead of binary data, the process
is called term weighting. Term weighting is a soft form of feature selection, which is
selecting the features that will represent the documents better. The terms are weighted

according to three components.

e Document Component: This weight is about the statistics of a particular term in a
particular document. Term frequency measure is the most widely used document
component, and it is used in the T'F-I D F method.

e Collection Component: This weight is for penalizing the terms that are frequent
in almost any document. In the TF-IDF method, document frequency measure
is the collection component.

e Normalization Component: The weight should be adjusted to make small and
large documents comparable on the same scale, to prevent bias towards long

documents. A basic measure is the Euclidean length normalization.
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Figure 2.1. TF-IDF.

2.4.1.1. Term Frequency Inverse Document Frequency. This statistic shows the im-

portance of a term for representing a document in a collection. For a term ¢, the

TF-IDF is shown in the equation below for a document d which is in a set of docu-

ments, the document collection D. Figure 2.1 shows the correspondences of TF and

IDF for each document, the dictionary, and the document collection.

TF-IDF(t,d) = TF(t,d) x IDF(t, D)

(2.1)

Term frequency, which is the document component of term weighting, shows the
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frequency of a specific term inside a specific document.

count of term t in document d

TF(t,d) = frequency(t,d) = (2.2)

number of all the terms in document d

The normalized term frequency could be found by normalizing the above equation
by the maximum raw frequency term inside the document d. In Equation 2.3, w
represents any term in document d.

f t,d
TF<t7 d)normalized - requency( ) )

max{frequency(w,d),w € d}

Document frequency is the number of documents in which term ¢ occurs at least
once inside the document collection. The terms occurring in almost all of the documents
should be penalized, so the TF-IDF measure is has the inverse of the document

frequency as a factor.

DF(t, D) = number of documents containing term t in document collection D

—{deD:ted) (24)

The inverse document frequency is simply the inverse of document frequency:

1
IDF(tD) =t p e ] (2.5)

The inverse document frequency could also be normalized to prevent the bias

towards long documents:

size of the document collection | D|

]DFt-Dnormaize - -
(t: D)normatcea {deD:ted} {deD:ted}

(2.6)
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Normalized T'F-IDF scores can be normalized in two ways. The first way is to
multiply the normalized T'F' and I DF values. The second way is to multiply them and
normalize by the Euclidean length of the T F-IDF vector of the document d.

TF'IDF(t7 d)normalized-l = TF(ta d)normalized X IDF(ta D)normalized (27)

TF(t,d) x IDF(t, D)
S [TF(w;, d)IDF(w;, D)2

w; €d

TF-IDF(t, d)normalized-Q =

TF-IDF features of a document could be character sets, or words or word
phrases. There are special terms to distinguish each. An N-gram is a sequence of
words or characters of length N. The N-gram model encapsulates the information pro-

vided by word phrases or character sets.

A word N-gram model enables to compute the probability of a sequence of words
rather than single words, and the possible next words and their conditional probabilities
for a given word. The intuition behind the N-gram model is that, it is possible to
approximate the entire history of a word by just the few last words before it instead of

computing the probability of a word given all the previous words.

The most extensively used word N-grams are bigrams or trigrams. Bi-grams are
a special case of N-grams, where tokens of length 2 are taken into consideration. The
bigram model approximates the probability of a word w,, given all the previous words

wi,Ws,...,w,_1 by just the probability of the word given the word before it, w,,_1.

p<wn|w17w27“'7wn—l) %p(wn|wn—1) (29)
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2.4.2. Topic Modelling Features

Topic models are probabilistic models which uncover the underlying semantic
structure of a document collection based on a hierarchical Bayesian analysis of the
original texts [17]. Topic modelling provides methods for automatically organizing,

understanding, searching, summarizing and exploiting large electronic archives [18].

In topic models, documents are represented with a latent semantic structure, the
topics. The topics themselves are represented by a probability distribution over words
in a defined vocabulary. Each document is thus described by a probability distribution

over the topics.

The topics are inferred from word-document co-occurrences. When the topical
patterns are found in a corpus, it is possible to use the uncovered statistical relation-
ships, i.e, the information on the topical distribution of a document. This topical
distribution can be used in classifying the documents. Topic models analyse the data
with the bag-of-words assumption, therefore the ordering of the words are not impor-

tant.

Topic models are generative models, which are probabilistic models that define
a process generating observable data. Generative models are easily applied to new
data. They are modular models, meaning they can easily be used as a component in
more complicated topic models [17]. A generative model usually involves unobserved
variables, which are also called as latent variables. Latent variables are the variables
in a model that are not directly observed, but rather inferred through a mathematical

model from the observed variables.

Latent Dirichlet Allocation is a generative probabilistic topic model that is used
to model a corpus of document collections [19]. In LDA, the observed data are the
words in each document. The latent, or hidden variables in LDA are the topics, the
interesting thematic structures in the data that are not directly accessible. It is assumed

that there are underlying latent topics where each topic is a latent multinomial variable
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characterized by a distribution over a fixed vocabulary of words [20] that generate the
documents. Every topic contains a probability for every word in the vocabulary, but
the topic related terms have high probability. A word can have high probability in

more than one topic, especially in the case of ambiguities.

The documents are represented by a mixture of topics. This intuitive explanation
of how documents can be generated is modeled as a stochastic process, which is then
reversed by machine learning techniques to calculate the estimates of the latent vari-

ables. LDA assumes the following generative process for each document d in a corpus

D:

e For each topic: Decide what words are likely.
e For each document,
(i) Decide what proportions of topics should be in the document,

(ii) For each word, choose a topic, and given this topic, choose a likely word.

The key inferential problem that needs to be solved in order to use LDA is that
of computing the posterior distribution of the hidden variables given a document. This
distribution is intractable to compute in general. So, a wide variety of approximate
inference algorithms are used for LDA, including Laplace approximation, variational
approximation, Gibbs sampling, and Markov chain Monte Carlo. [19]. After learning
the topic structure by observing a big document collection, newly arrived, unseen data

are fit into the model.

Various approaches exist in the literature to use LDA modelling in the task of
categorization. However, topic models are generative models, whereas text categoriza-
tion is a discriminative task. For this reason, topic modelling is usually used as a way
of representing documents in a lower dimension and it is complemented with a strong

discriminative classification technique such as support vector machines.

There are many studies in the literature which treat LDA as a feature representa-

tion technique. In [21], Latent Dirichlet Allocation is used to model the feature space.
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Instead of using words or phrases, latent topics are used as the features. In Figure 2.2,
the topics and vocabulary are shown along with the document distribution and the
posterior topic distribution feature vector. In [22], the TF-IDF values and LDA based
features are compared for categorizing bug reports. In [23], LDA is used as a model
for representing text. The authors of [24] used LDA to index their software corpus. In
most of the researches, SVMs or Naive Bayes are used for classification. There are also

studies that use LDA as a feature selection method, [25].

Another popular approach to use LDA in text categorization is to modify LDA to
learn topic and category correspondences. The Supervised LDA is introduced in [26],
where each document is paired with a response. The model provides to infer latent
topics predictive of the response and LDA is trained with document-response pairs.
In [27], the labels and the topic priors are introduced in the LDA model to influence
the topic mixture. This way, their modified LDA model, Labelled LDA, could directly
learn word-tag correspondences. Hierarchically supervised LDA is introduced by [28],
in which label prediction for web pages is the primary interest. In [29], an author-topic
model is used for predicting popular twitter messages and classifying Twitter users and
corresponding messages into topical categories. Maximum Margin Supervised LDA is
an LDA model which takes into account the class labels of the documents. This model
is specifically better for classification tasks because it has more discriminative topic

bases [30].

Sometimes the LDA model is enhanced by more sophisticated text representations
than words, such as n-grams. [31] presents a hierarchical generative probabilistic model
that incorporates both n-gram statistics and latent topic variables by extending a
unigram topic model to include properties of a hierarchical Dirichlet bigram language

model.

In [32] the LDA is modelled with a multi-dimensional structure to consider the
many latent factors in a text corpus, such as topic, author perspective and sentiment.
They introduce factorial LDA, a multi-dimensional model in which a document is

influenced by K different factors, and each word token depends on a K-dimensional
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vector of latent variables. [33] models the topics as n-grams, ie. topical phrases.

Short or sparse data form a challenge in machine learning algorithms. In [29], the
topic model is trained by aggregated Twitter messages. [34] dealt with short and sparse
text from Web segments. In [34], the authors collected external data and formed large-
scale data collections and discovered the hidden topics from these universal datasets.

The classifiers were built upon both these discovered topics and the short labelled data.

Topic modelling has also been used with noisy data.In [35], the noisy OCR output
is corrected by using a lexicon limited by the topics extracted by a topic model. [36]
reported that OCR errors had no effect on categorization when we use a classifier based
on the naive Bayes model and where dimensionality reduction techniques eliminate a
large number of OCR errors. It is claimed that when LDA is applied to documents
with OCR errors, clustering methods should perform almost as well as they do on clean

data, provided that a reasonable feature selection algorithm is employed [37].

2.4.3. Feature Selection and Dimensionality Reduction

The feature vectors representing documents could be very long depending on the
vocabulary size. This is a critical challenge for most learning algorithms. It is common
practice to select the most effective features or to combine the features into more
effective ones and use the thus extracted feature list instead of the whole raw feature
set. Feature selection and dimensionality reduction can be performed by ranking the
features according to some measures such as information gain, chi-square statistics,
term strength or document frequency. Potential features can also be eliminated at the
source document by techniques such as stop word removal, or they can be combined
into more basic ones by using stemming. Another way of dimensionality reduction is
to employ a generative model such as Latent Semantic Indexing or Latent Dirichlet
Allocation and find and use the underlying topic structure of a document instead of the
words inside it. With these models, the latent relationship between words is captured

in topics and the dimensionality of the feature space is thus reduced.
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2.4.3.1. Information Gain. This is a feature selection metric which describes the in-

formation that a token, eg., word, contributes in encoding a class label. It is related to
the mutual information concept in information theory. Briefly, it is a measure of the
reduction in entropy, which is the amount of uncertainty, about a class ¢ by knowing
the presence of the term ¢. The information gain score of a term ¢ is calculated as in
equation 2.10, where C' is the number of categories, P(¢;)is the probability of a doc-
ument to be of the class ¢;, P(t) is the probability of the presence of the term in the
document, and P(t) is the complementary probability.

c

IG(t) = — Z P(c;)logP(c:)

+ P(t) ) Pleift)logP(c|t) + P(t) Y P(e|logP(cilt) (2.10)

i=1 i=1

Notice that the first term is the uncertainty of the document classes, while the
second and third terms denote the information provided, hence uncertainty removed

by the revelation of the term ¢.

2.4.3.2. Term Frequency Thresholding. This method removes particularly infrequent

words, which occur in only a few times in the whole document collection, or inside
one class only, and thus are not distinctive in terms of categorization. Words are
considered as features only if they occur in the training data at least more than a

specified threshold.

2.5. Classification

2.5.1. Similarity Measures between Documents

After representing the documents by feature vectors, one needs to measure the

similarity between documents based on some similarity measure their feature vectors.
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The cosine similarity is a popular similarity measure between two feature vectors,

d: and d_;.

Simcosine(dzadg): P — (211)

Another measure is Chi-Square, denoted by x. Chi-Square distance measures the

similarity of two histograms. The metric between two vectors d; and dy is defined as:

1

R 4. — do)2
Simxz(dl,dQ) — 52—( 14 21) .

C— (2.12)
dy; + dy;

Machine learning algorithms for classifying or categorizing documents are unsu-
pervised, in which the labels or categories are not known priorly; or supervised, in
which the labels of the training set is known. The traditional supervised classifica-
tion algorithms such as Naive Bayes, K-Nearest Neighbors, Support Vector Machines,
Maximum Entropy Modelling have been used in text categorization [38]. The most
widely used unsupervised classification techniques are k-means clustering or hierarchi-
cal clustering techniques. We have used only Support Vector Machine technique whose

performance is well proven for sparse and large feature vectors [3].
2.5.2. Support Vector Machines

SVM is designed for solving two class categorization problems by finding the
decision surface that separates the positive and negative training samples of a collection
with maximum margin. A decision surface on a linearly separable space is a hyperplane.
The closest examples to the decision plane are called the support vectors. SVM is a
binary approach based on the discovery of separating hyperplanes. To solve a multi-
class text classification problem, the task is broken into disjoint binary classification
problems, one for each class. SVMs has to be applied in a one-versus all training

manner to solve multi-class problems.
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The advantage of using SVM in text categorization lies beneath the fact that
they are able to learn independent of the dimensionality of the feature space. SVMs’
complexity is connected to the margin they are trying to find to separate the data, and
this is independent of the number of features. This makes SVMs a very useful tool
for text categorization, because the number of features tend to be very high as each
word can be a feature. SVMs can work well with the extremely sparse TF-IDF feature

vectors [3].

2.6. Performance Evaluation

The most popular performance evaluation metrics for text categorization are F-
measure and perplexity. Also, precision and recall are used, especially for unbalanced
classes, as the main objective of a classifier for an unbalanced dataset is to increase the

recall without decreasing the precision. [5].

2.6.1. Precision

Precision measures the ratio of the correctly labeled documents (true positives in
all positively labeled documents).
True Positives

Drecision — 2.13
recision True Positives + False Positives ( )

2.6.2. Recall

Recall is the measure of the identified documents (True positives in all actual
positives).
True Positives

Recall = 2.14
eea True Positives + False Negatives ( )
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2.6.3. F-Measure

F-measure is good in balancing the trade-off between precision and recall. It is a

combination of both.

(8% 4 1) Precision Recall

Fo—
g [B2?Precision + Recall

(2.15)

where the § parameter weights the importance of recall or precision. If § > 1, recall is
favored more, if § < 1, precision is favored more. When [ = 1, the weight of precision

and recall are balanced:

2 Precision Recall

FB:I = F1 - (216)

Precision + Recall

2.6.4. Perplexity

This measure finds the amount of match between a trained statistical model and
the text corpus. The machine learning algorithms are usually trained after dividing
the sets into three parts: training, test and held-out set. The training set is used to
develop the model, the held-out set is used to tune some other parameters, and the test
set is used to evaluate the model. Perplexity measures how good the trained model

describes the test.

Suppose the test set is composed of the word sequence wy...ny. The Perplexity is

the probability of the test set normalized by the length N of the test set.

Perplexity = PP(wy..y) = \/Probability(w;...y) (2.17)
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Perplexity for a test set of documents D is defined as:

(2.18)

>~ log Probability(d;)
d; €D
> N }

Perplexity(D) = exp{
d; €D

where N; denotes the length of the document d;. Lower perplexity means that the

performance of the model is good.
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3. DESCRIPTION OF THE DATASETS

In this thesis, two datasets are used in testing the developed text categorization
techniques. Bank Order Documents collection is a real dataset with an actual bank
operational flow of distribution. Abstracts Dataset is a dataset which is collected to

form an alternative test set for the robustness of the techniques.

3.1. Bank Order Documents

The dataset used is provided by Yapi Kredi Banking Research Center. The
documents are actual orders sent from customers of the bank to various bank branches
or its headquarters. The documents are digitalized by the licensed Optical Character
Recognizer ABBYY [39]. The goal is to automatically classify them in order to replace
the current manual classification, because the current method is slow, laborious and
sometimes not consistent. The documents have been sampled from different branches
of the bank and from different time periods. Therefore we conjecture that the data
represent fairly good representation of the daily flow of documents arriving at the Yapi

Kredi Bank branches.

The dataset contains presently 142 classes and 16130 documents. Each class is
marked by a three letter short label. In this study, a selected subset of the target
classes are used, to be in accordance with a parallel research effort at Yap: Kredi
Banking Research Center. All the relevant information about the bank order collection
is listed in Appendix A. The class of bank orders, their names in English and Turkish,
labels, frequencies of occurrence, target classes for the Yap1 Kredi classification project
whether they are used in our tests or not, and 12 classes used in the tests are also listed.

The reasons of why our research focused on only a subset of classes are as follows:

e The distribution of document class populations is highly unbalanced, with more
than 85% of classes appearing quite rarely. These small populations are not

adequate to train any classification accuracy.
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e From the operational point of view of the bank, such detailed discrimination
is not warranted. The correct classification of a group of frequently occurring
documents has the potential to improve the work efficiency of the document

handling process.
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Figure 3.1. Histogram of Yapi Kredi Dataset class populations.

The distributions of number of documents per class is highly skewed as seen
in Figure 3.1 Some classes such as the Money Transfer class (PRT) has as much as
4557 documents inside 16130 documents (28.25% of the entire data), whereas some
classes have only two documents, such as World Point (bonus points for the Yap1 Kredi
credit card) Transactions (WKW). The classes that have less than two documents are
excluded from this study as there are not enough data to separate train and test sets.
The average number of documents per class is approximately eleven. It is obvious from

the Figure 3.1 that the data is very unbalanced.

The 12 classes (PRT, DAS, FXY, VRG, PSO, MBN, KRK, SHK SGK, CEI,
UFI, DTR) used in the tests, have a total of 11775 documents, which make 73% of the
entire data. Populations are shown in Figure 3.2. The smallest class, DTR, has 303
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Figure 3.2. Class populations for the 12 classes used in tests.

documents, whereas the largest class, PRT has 4757 documents. We also used a 22

classed dataset which is composed of the classes with a frequency above 100.

There exists a substantial amount of noise in the scanned documents because
the data in the set are Optical Character Recognizer output. The OCR may fail to
recognize letters that are in non uniform shading regions on the paper. There may be
occlusion on parts of the scanned images such as lines arising from fax machines or
form templates. The text lines could be warped when scanning the document. There
may be watermarks, signatures, letterheads, handwritten texts on or off the typed text
blocks, all handicapping the OCR process. Appendix C. presents examples for scanned
images and OCR output pairs.

As seen in Figure 3.3, some documents can be so noisy that they do not have
any words that can be distinguished. These documents are useless in terms of classifier
training and also impossible to be classified as they are without any recognizable and
meaningful words. For example, the document in Figure 3.3 is a document of the class
Credit Card Spending Objection (CBD). The words “From” , “YKB” | “Bahariye”
(the name of the branch) and “To” are distorted as “Frorn: YKBBAHARIYETo” .
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Figure 3.3. A very noisy document in the Yapi Kredi Bank Orders Dataset. There

are hardly any recognizable words.

A more typical document is shown in Figure 3.4. An average of 35% of the words
are recognizable in this document. The document belongs to the class VRG, which is

tax collection. However very few discriminative words are left.

A small percentage of documents have a clear layout with understandable words
and long word chains in them. Figure 3.5 shows a clear document from the class Credit
Provide/Extension/Changing (KRK). Notice that there are very few erroneous words,
and they are not all critical. In fact, there are many words that give a hint about the

class of the document such as “kredi”="“credit”, “kullandirilan” = “provided”.

Figure 3.1 shows the histogram of the length of the documents. Most of the
documents are short documents with most around 75 words per document. The average
document length is 250 words per document. The median of document lengths is 109
and the mode is 67. In Appendix E, some examples of long and short documents are

given.
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Figure 3.4. A typical OCR’ed document in the Yapi Kredi Bank Orders Dataset with

around 35% recognizable words.
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Figure 3.5. A near correctly OCR’ed document in the Yapi Kredi Bank Orders
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Figure 3.6. Histogram of bank order document lengths.
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3.2. Academic Paper Corpus

There exists a limited number of open-source Natural Language Processing text
data resources in Turkish. As of our knowledge, a class labelled text corpus that is
available as open source in Turkish is non-existent in the open literature. In that

sense, [1] constitutes the first such example.

Some examples of existing corpora are Turkish National Corpus [40], TS Corpus
[41], ODTU-Sabanci Turkish and Tree Corpus [42], ODTU-MEDID corpus [43]. TS
Corpus contain text corpora that are labeled in terms of morphemes [41]. ODTU
corpora are labeled in terms of morphemes and syntax [42]. ODTU-MEDID corpus is

labeled in terms of speech specifications [43].

There are two reasons to resort to an alternative text database:

e To test the reliability of the robustness of the techniques developed in this re-
search.

e To test the strength of the algorithm in an error free environment.

The labelled text corpus is made up of Turkish papers’ titles, abstracts and
keywords. The corpus includes 35 number of different disciplines, and 200 documents
per subject. The corpus is shared as open source at bit.ly /trderlem so that it could
be used for natural language processing applications with academic purposes by other

researchers.

The corpus is collected from proceedings of conferences and from journals of
various social or natural sciences in Turkish language. Only the abstracts of the papers
are collected instead of the whole text since abstracts are likely to have the highest
keyword density. Also they are short texts, like most of the bank orders. We have added
keywords and titles along with the abstracts since they could potentially be useful
for keyword extraction and summarization tasks in other natural language processing

projects. Overall,we collected 7000 abstracts, by copying the corresponding HTML and
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PDF files from the original resources. Any spelling mistakes that arise from copying

and PF version and encoding incompatibility are corrected manually.

The class labels of the papers are arranged according to the labels of their sources
in the National Data Base of the Scientific and Technological Research Council of

Turkey [44]. The classes belong to the five main categories of the National Data Base.

e Social Sciences and Humanities Category, 16 classes: Anthropology, Archaeology,
Geography, Linguistics, Religious Studies, Education Studies, Management, Eco-
nomics, Philosophy, Communication, Library, Political Science, Sociology, His-
tory, Tourism, Stock-Banking.

e Medical Category, four classes: Surgical (External) Medicine, Internal Medicine,
Basic Medical Sciences. Pharmacy is also added as a separate class.

e Life Sciences Category, six classes: Biology, Environmental Science, Food Science,
Animal Husbandry, Veterinary Medicine, Sports Science.

e Engineering and General Sciences Category, eight classes: Signal Processing,
Electronic Communication, Industrial Engineering, Civil Engineering, Mechani-
cal Engineering, Architecture, Biomedical Engineering, Geological Engineering.

e Law Category, one class: Law has been added as a separate class.

We have used XML format in the corpus in order to ease the usage of different
parts of the corpus such as title, abstract, keyword for different purposes. In fact, the
XML usage in corpus format is popular in the literature [45]. Every document in each
class is collected in a single XML file. Therefore each XML file contains 200 abstracts.

Figure 3.2 shows the format for the XML file used for one document.

The number of words in the corpus is 1,131,209. Figure 3.8 shows the histogram
of abstract document lengths. Most of the documents are around 100 words. The
average length of the abstracts is 155, with median 129 and mode 106. The statistics
and the histograms of the bank order dataset and the abstracts dataset show that, the

datasets are quite similar in terms of mean document length and length distributions.
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<makale>

<Etiket=Example Class Label</Etiket>

<Baslik>Example Title</Baghk>

<Orzetge=This is an example of the format of one document in the
Turkish labelled text corpus collected in this study. Each field is
given as an example. The .xml tags are in Turkish. The English
translations: makale = Paper, Etiket = Label, Baslik = Title, Ozetce
= Abstract, Anahtar = Key (word), Kaynak = Source. </Ozetce>
<Anahtar=Example .xml file, Turkish Academic Paper Abstracts
Corpus</Anahtar>

<Kaynak>Thesis 2014</Kaynak>

</makale>

Figure 3.7. Example XML file of the Turkish Academic Paper Abstracts Dataset.
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Figure 3.8. Histogram of abstract document lengths.
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We have noticed that, some groups inside the abstracts classes are somewhat
similar, such as classes in the social science category, or medicine category. Some
classes are similar, such as classes about payments, classes about taxes, or classes

about insurance.

The abstracts corpus is collected to be used as a verification dataset for the
success of tested techniques. The corpus is also intended to fill the need of a labelled,
openly shared, multi-class, large text corpus in Turkish. The dataset is accessible as

open source in the link: bit.ly/trderlem.
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4. METHODOLOGY OF AUTOMATIC
CATEGORIZATION

For classifying unbalanced, noisy, multi-class documents, several techniques have
been employed, ranging from balancing the class populations, pre-processing data,
feature extraction, feature selection to classification. Figure 4.1 shows a flow diagram

of the entire system. Figure 4.2 presents a detailed flow diagram with all the methods.

DATASET —» PreProcessing |—{ Feature Extraction Feature Selection Classification

Figure 4.1. Flow of automatic document categorization system.

4.1. Implementation

JAVA and Python are the main programming languages used in the implemen-
tations for this study. Most of the tools used are written in JAVA language. The
commonly used toolkit Mallet [46] is used in extracting the LDA topics. Weka [47] is
used for TF-IDF feature extraction and SVM classification. Morfessor software is used

for stemming [11].

As the project is part of a larger project that is in collaboration with Yap1 Kredi
Bank Banking Research Center, the system is developed as a module that is easy to
configure, test and use. An automatic framework is generated to enable easy usage
of the automatic classifier system developed in this thesis. The aim is to automatize
cross tests with different combinations, and a system that will fit all kinds of scenarios
with different parametrization options. The automatic classification system is imple-
mented in JAVA and it uses a properties file. The user inputs the methods, data
types, parameters to be tested in the properties file implemented with the JAVA class
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java.util. Properties. An example of the file is given in Appendix D. The properties file
is a text interface to satisfy the user’s needs to select, combine, parametrize and work

with:

Sets of data

(i) Balanced Dataset
(ii) Unbalanced Dataset
(iii) Data separated in class named folders

(iv) All files in the same folder, and labels in a text file

Pre-Processing Algorithms

(i) Stemming

(ii) OCR Correction Algorithms
(iii) Named Entity Tagging

Feature Extraction Algorithms
(i) TF-IDF
(ii) LDA

Feature Selection Algorithms

Classifier Algorithms

4.2. Balancing the Dataset

We call the natural flow or native data distribution as unbalanced whose charac-
teristics are depicted in Figure 3.1 and Figure 3.2. The classifiers are trained for both
the native operational business data, i.e. data of the bank order documents and the

balanced data constructed by sampling from the native data as shown in Figure 4.3.

The balanced set is the collection of 12 document classes with equal populations,

i.e, 300 documents per class. The documents are sampled by three methods:

e Random Sampling.
e Sampling according to the document length.

e Sampling according to the noise content in the document.
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Figure 4.3. Flow diagram of balancing the dataset.

4.2.1. Random Sampling

In random sampling, the documents in the dataset are sampled randomly to
collect equal sized populations of each class. The population size is determined in two
different methods. This number is either set to the smallest population size within a set
of classes, or we set a target population size and include all classes whose populations

surpass this threshold.

4.2.2. Sampling According to the Document Reliability

Some documents in the bank orders dataset are very noisy, therefore they will
negatively impact the classification performance if they are used in the training set.
In order to improve the classification performance, the training set documents are
selected with two different approaches. It is assumed that longest documents provide
more discriminative information about the class. Therefore the training documents
are selected by favouring the longer documents. It is also evident that the documents
should be as OCR error free as possible. Therefore, the documents that have a higher

ratio of corrigible to incorrigible words are preferentially selected.
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4.2.3. Classes Used in Balancing

The balanced dataset used in the experiments consists of 12 classes with their
population sizes also shown in Table 4.1. After balancing using the methods described
above, the number of documents are equalized to 300, close to the population of the

smallest class, in the experiments.

Table 4.1. 12 classes used in balancing, short and long names, and their actual

population sizes.

Labels Name Frequency
CEI Cheque Operations 415
DAS Buying Selling Currency 1034
DTR Exchange Transfer 303
FXY Outgoing Abroad Transfer 907
KRK | Cash TL Credit Provide/Extension/Changing 660
MBN Cumulative Transfer Transactions 733
PRT Incoming/Outgoing Money Transfer 4757
PSO Importation Payment 745
SGK SSK Insurance Collecting 471
SHK Account Closure 614
UFI Financial Transactions 309
VRG Tax Collection 827

4.3. Preprocessing of the Bank Order Documents

Figure 4.4 shows the flow of the pre-processing steps. Each step will be introduced

in the following sub sections.



40

OCR . Named Entity Stop Word
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Figure 4.4. Flow diagram of the preprocessing steps.

4.3.1. Noise Reduction

The noise reduction process, that is, the mitigation of the OCR corrupted text is
executed in two steps as depicted in Figure 4.5. First, each word is assessed in terms
of the severity of their noise. The words are labelled as corrigible and incorrigible to
be corrected in terms of their foreign character content. One of the four correction
algorithms are applied in cascade on corrigible words. The incorrigible words are left
unchanged. The correction algorithms are glossary based and language model based.
The glossary based method is based on a domain specific glossary. Other methods are
language model based, which exploit the probability of occurrence of words and word
chains by using a language model. Language models incorporate several probability
sources to select best candidates for individual words. These probability sources include
unigram word probabilities, bigram word pair probabilities, special dictionary unigram
and bigram probabilities and document-on-focus word probabilities. Reported results

show that nearly half net amount of possible corrections are successfully made [48].

4.3.1.1. Noise in Fax Documents. Output from the OCR documents generally have

a noisy text, because of the noise present in fax document images. An example part
of a document image and the corresponding OCR text is shown in Figure 4.6 and
Figure 4.7. Another example part of a document image and the corresponding OCR
text is shown in Figure 4.8 and Figure 4.9. As can be understood from the examples;
signatures in front of text, noisy lines in front of text and other factors make the OCR

text erroneous.
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4.3.1.2. Designed Correction System. A word, transformed by one of the correction

methods, is matched to candidate words according to the minimum edit distance. The

edit distance is calculated by summing the costs of transformations, which are charac-

ter additions, removals, replacements, and multiple combined character replacements,

word splits, word combines, et cetera needed to transform the words in the bank orders

into the correct versions found in the glossary or the language model. Some examples

of the transformations are:

e Character Addition: “FATUR” — “FATURA”

e Character Removal: “GRAfriK” — “GRAfiK”

e Character Replacement: “iSSiZLiK” — “igSiZLiK”

e Word Split: “MiNiBUSHATTI” — “MiNiBUS HATTI”

e Word Combination: “zincirli kuyu” — “zincirlikuyu”

e Sequential Character Replacement: “Kanunun’da” — “Kanunu’nda”

e Multiple Character Block Replacements: “VVORLD” — “WORLD”

The noisy channel model is designed manually by observing the errors in the

bank documents. A little subset of the documents (20) are hand-corrected to measure

the success of correction algorithms. While these documents are being hand-corrected,

counts of unit transformation errors are found. Some letter, numeral and symbols have
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belgesindeki 352,20 TFL (Ugyiizelliikitirkliras: yirmikurus) kadar miktarin

SSK pirimi olarl ilgili hesaba aktarilmasini rica ederiz.
Saygilanmla, |

. |
ISLEM YAPILDIKTAN SONRA DEKONTUN

apartman.yoneticisi@= =1 ADRESINE
A EDERIZ.

GON]_,)ERH}.JMIESTNI Ri

Figure 4.6. An example noisy fax document part.

belgesindeki 352 20 tl dgyuzelliikitiirklirasi yirmikurusg
kad r miktarin
=22k pirimi olarak ilgili he=zaba aktarilmasini rica ederi=

zaygilarimla

igzlem yapildiktan sonra dekontun

apartman yonetici iF = adre=sine

ginderilme=ini riga ederiz
1 kaditow 11 apt ydgt

erengiil apt

Figure 4.7. Corresponding OCR text of Figure 4.6.
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Saygilarimizla.

Figure 4.8. An example noisy fax document part 2.

saygirlarimizla

CZ:; 6sE_ %1 v ir Affartmani ydneticiligi
mustafa mazhatbey cad bor apt
no 4 setamicdsmg katfikdy ist

Figure 4.9. Corresponding OCR text of Figure 4.8.
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7 [{——))

a tendency to replace each other, such as “m” - “rn”, “17 -“1”, “0” - “07, “vv” - “w
et cetera. Each candidate comes with additional cost calculated by the mentioned unit

(1552

transformation counts. For example, changing an “i” to “I” has much lower cost than

“i” to “e”. Multiple combined character replacements such as changing

changing an
“vv” to “w” at one shot are also learnt during hand-correction process. Operations that
are taken into account in this work are character replacement and multiple combined
character replacements. This is because of the number of errors found in hand-corrected

“1” occurs more than

documents. For example, only the error of observing “l” instead of
50 times whereas the next most common error of combining the words which should
actually written separately occurs only 33 times. It is inevitable that incorporating
different operations increase the cost of correction. Also when experimented, it is

observed that for example using deletion error in candidate generation even worsens

the correction performance.

Simple transformations that change only one character are unit cost transforma-
tions. However, for some transformations, unit costs are not additive, but they are
subadditive in that the total cost is less than the number of replacements. For exam-
ple, the transform in “MUDUR'LUGUNE” — “MUDURLUGU’NE” is counted as less

than cost four.

Cost functions for the multiple combined character replacements, like “VVORLD”
— “WORLD?”, are calculated as in Equation 4.1. In the Equation 4.1, [; is the length of
transformed combined characters in the noisy bank order (in the example, (VV) [} = 2),
and Iy is the length of the target words’ transformed characters (in the example, (W)

I =1).

(bt (= 1)/15) | (It (12— 1)/15)

Cost =
0s 5 5

(4.1)

4.3.1.3. Assessment of Words as Corrigible and Incorrigible. The words or character

groups with standard punctuations removed and separated by whitespaces in the bank

order documents are passed through an algorithm to decide if they can be corrected or
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not. To obtain a faster decision algorithm, it is designed as a two stage process.

In first stage, each word or character group is converted into lowercase and the
ratio of characters that are not one of the Turkish alphabet (“a”, “b”, “c”, “¢”, “d”,
(1921 WL [P (1343 [13 5] (1)) (1392 (1332 «y1,” 13 B2 13 7 [13)] (1P (13282 [13e)] (1%} (1)) (1))

€ ) f ) g ) g ) h Y 1 Y 1 Y J ) k Y 1 Y m ) n Y o Y o Y p Y r ) S Y § Y

[} [}

“7u”, “ar v “y?) “and 27) is calculated. If there are more than three characters
from outside the Turkish alphabet, or if the ratio of characters from outside the Turkish

alphabet are more than 20%, the word is assessed as incorrigible.

In second stage, letter n-grams are taken into account to make a clear decision
on word corrigibleness. From a big Turkish corpus [49], Turkish letter 3-grams are
learnt. At word starts and ends, letters outside the 3-gram are filled with spaces. Most

common letter 3-grams of Turkish are found as:

e “bi” — 11929041 times
e “lar” — 11730173 times
e “in” — 10523820 times
e “ler” — 10058025 times
e “an ” — 9457645 times

Once a letter 3-gram model is learnt, each candidate word seen in a test document
passing the first stage is further processed as: A letter 3-gram window is applied on the
word, such that a probability of each letter 3-gram is calculated for the word. Mean of
letter 3-gram probabilities in a single word is calculated as fietter3—gram and threshold
with a threshold 7" found from a validation set. If jyeiters—gram > T', candidate word
is decided to be corrigible and taken to the correction process, otherwise the word is

decided to be incorrigible and is not further processed.

Performance of assessment algorithm is measured. From hand-corrected docu-
ments, some percentage (i.e. 10%) of words are analysed with respect to algorithm
output. False reject, false accept ratios are found and generalized to all outputs. Con-

fusion matrix of the two classes are presented in Figure 4.2.
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Table 4.2. Confusion matrix of corrigible (H) and incorrigible (H’) words.

Found as | H H’ Total
Real
H 3749 | 40 | 3789 (Number of Corrigibles)
o’ 130 | 2254 | 2384 (Number of Incorrigibles)
Total 3879 | 2294 6173

Falsely accepting incorrigible words will slow down the correction process unneces-
sarily, false rejection of corrigible words will decrease the performance of correction pro-

cess. Some false accepted incorrigible words: “MAH.DR.FAZIL”, “Pencereynjagat”,

“ancuvAUK”, “OMiH’turKT}”. Some false rejected corrigible words: “___-Yazdir-]”,
“Gogicl”, “(BINA)”,
“SITEYOLU”.

It is automatically found from 20 hand-corrected documents that, 94% of corri-
gible words co-exist in hand-corrected documents and original documents in the same
order. It means that, 94% of corrigible words are already correct and only 6% of corri-
gible words have a potential to be corrected. We can observe from the confusion table
that, 61.38% of words are corrigible in reality. So we have a room for improvement

only 3.68%, overall.

Run-lengths of H (corrigible) and H’ (incorrigible) chains are found from all of the
fax documents. According to this information, a state transition diagram is obtained

between H and H” words. The diagram is shown in Figure 4.10.

P(H’'|H) = 0.20
_ >

P(H|H) = 0.80 <@L @> P(H'|H’) = 0.56
P(H|H') = 0.44

Figure 4.10. State transition diagram between H and H’ words.
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Longest sequence of incorrigible words, which contains 152 words is shown in
Figure 4.11. Average incorrigible word chain length is 2.23 words. Longest sequence of
corrigible words, which contains 704 words is shown in Figure 4.12. Average corrigible
word chain length is 4.84 words. 67% of corrigible word chains contain more than
1 word. These statistics give us an insight to take HMM based correction also into
account.
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25.260,78 36.946,17 69.575,3@ 32.629,13 14,778,49 14.778,49 6.316,03 6.316,083
24.584,97 24.584,97 14.785,33 24.773,01 10.067,68 11.607,83 18.458,18
6.658,35 31.871,23 31.871,23 52.578,49 52.578,49 52.578,49 52-578,49
160.000,00 560.000,00 400.000,00 210.000,00 240.000,00 160.000,00
160.000,00 160000,00 160.000,00 51.595,98 51.595,98 3.387,64 3.387,64
28.262,48 28.262,48 19.945,36 19.945,86 170.799,89 170.799,89 68.432,73
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102.367,16 26.370,81 26,370,831 950,00 950,00 950,00 950,00 950,00 950,00
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Figure 4.11. Longest sequence of incorrigible words.

4.3.1.4. Glossary Based Correction. The glossary based corrector corrects the words

by comparing them to a manually collected glossary using minimum edit distance.
This method uses a domain specific glossary which is collected manually by Yapi Kredi
Bank experts. The words and noun phrases are specifically selected as discriminative
words, which can be good indicators of the class of the document and which will result

in low classification performance if missed.

The glossary contains words and word phrases, i.e, unigrams, bigrams, trigrams
et cetera. There are 1312 entries in the glossary which contains 2902 words with
1133 of them being unique. Some example entries of the glossary are “ihtiya¢ kredisi
bagvuru formu”, “ticari kredi kart1”, “ticari kredi kart1 sozlegmesi”, “virman”, “havale”,
“hesaba”, “eft”, “havale gonderim talimati”. In this scheme, in order to avoid errors
resulting from glossary entries containing shorter ones, the longest entry is matched

first.
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Turkiye Cumhuriyeti subeleri, &zel finans kurumlari, bilcimle Gzel ve tlzel makam ve kuruluslarda
alinmas1 gereken borg, kredi ve alacaklaria talep, tahsil ve ahzu kabza, sulh ve ibraya, bu hususla ilgili
islemleri takip ve neticelendirmeye, imzalamaya, ihtarname, ihbarname ve vesair evraklari imzaya, ibraza,
yanlisliklari dizeltmeye yine T.C. Hudutlari dahilinde bulunan bilcimle banka ve banka subeleri ile araci
kurumlardan diledigi bedel ve sartlarla halka arz edilen hisse senedi, tahvil, hazine bonosu satin
almaya, gerektiginde diledigine diledigi bedel ve sartlarla ssatmaya, repo yapmaya, bedellerini ddemeye,
almaya, talep, tahsil ve shzu kabza, sulh ve ibraya, Islemlerini takip ve neticelendirmeye, islemleri ifa
ve ikmale, kontrellerini yapmaya, dizenlenecek clan alim ve satim sfzlesmelerini ve her tirli is ve
islemlerini yapmaya ve imzaya, sermaye artirimlarina katilmaya, richan haklarini kullanmaya, ve yine T.C.
Hudutlari dahilinde bulunan bilciimle banka ve banka subeleri, Gzel finans kurumlari ile bilciimle makam ve
mercilere miracaatla kasa kiralamaya, kira mukavelelerini akt ve imzaya, kira bedellerini Gdemeye,
kiralamis bulundugum veya kiralayacagfim kiralik kasalara gerektiginde actirmaya, yeniden kapattirmaya,
kiralik kasa icinde bulunan her nevi evrak, para ve her ne olursa olsun her seyi almaya, gerektiginde
yeniden koymaya, 15 ve islemleri takip ve neticelendirmeye, evraklarini teslim ve tesellime, imzaya,
ibraza, yine gimriklere adima gelmis veya gelecek mallari teslim almaya, geri gSndermeye, yurt disina mal
géndermeye, ithalat ve ihracatla ilgili islemleri takibe, taahhiitname vesair evraklari imzalamaya, lehime
her turlu senetler kabuliune ve bilumum senetli ve senetsiz alacaklari tahsile, bunlari kirdirmaya, ciro
etmeye, bedellerini tahsile, Bilumum murislerimden intikal edecek bankalardaki paralar, sahislardan resmi
ve hususi dairelerden vesair alakali makamlardan olan her tirli miras, hak ve hisselerimi dahi tahsile,
ahzu kabza, bilumum ibralar vermeye, bilumum banka ve posta vasitasi ile ve gimriklerce adima gelmis wveya
gelecek havale, paket, kiymetli evrak, keli bilumum esyalar vesalrelerl dahli ahzu kabza, teslim ve
tesellime, her tirli islemlerini ifaya, ibralar vermeye, makbuzlar almaya, hesap Gzetl ve dokimlerini
almaya TELEFOM: Murislerden intikal etmis ve edecek veys sahibi bulundugum veya bulunacagim her tirli
telefon ile ilgili muameleleri dahi ifa ve ikmale bilumum santral sahalari icinde diledigi kimselerden
telefon devir almaya, devir ve abonman sézlesmelerinl imzaya sartlarini kabule, muracaatim Uzerine adima
tahsis edilmis veya edilecek olan telefonlarin dahi sdzlesmelerini imzalamaya, adrese baglatmays, nakil
ve gdres degisikligi talebinde bulunmaya, konusmaya, actirmaya ve kapattirmaya, sehirler ve
milletlerarasi ctomatik santralla konusma ve konusmama talebinde bulunmaya, her tirli harg ve giderlerini
ve devir bedellerini Gdemeye, telefon aracinl ve rehberlerini teslim almaya, nakil adresime iliskin
krokiler ve Belediye sinirlari ile I1gili beyanlarda bulunmays, gerektiginde numara, santral sahasi, semt
ve il degisikligi isteminde bulunmaya, gerek miras yolu ile intikal eden, gerekse kayitli bulunan tim
telefonlari, diledigi hakiki veya hikmi sahislara devretmeye, veya kendi adina devralmaga, karsilanmamis
oncekl telefon isteklerimle 1lgili clarak beyan ve tashhitlerl vermeye, tercihli clan telefonlarimin
tercihlerinin kaldirilmasina talebe, her tirli evrak ve kayitlari imzalamaya, bu telefonlar iizerindeki
miras hak ve hisselerimden feragat etmeye, biitin bu vekaletnamede yazili her tirli yetkileri telefon
isleri ile ilgili clarak T.Telekom AS bilumum telefon sirketleri nezdinde dahi kullanmaya, NakiL
VASITALARI: Adima hareketle, diledigi kisi veya kisilerden diledigi bedel ve sartlarla bilumum araclari
sgtan almsga, Moterliklerde diizenlenecek olan kat'i satis veys milkiyeti muhafaza sozlesmelerini
imzalamaya, tescile iliskin gecici belgeyi Imzalamaya, teslim almays ve satisa iliskin beyan ve taahhitte
bulunmaya ilgili trafik idaresi, vergl dairesi ve bilcimle resmi kurumlara miracaatla tescil islemlerini
takibe, ruhsatini cikarmaya, teslim almaya, sahibi bulundugum adima kayitli bilumum araclar ile sahibi
bulundugum miras yolu ile intiksl etmis veya edecek, plakasi degismis clsa bile, yeni plakasi ile bilumum
motorlu ve motorsuz aragclaril satmaya, alim ve satimlarda pesin veya milkiyeti muhafaza kaydi ile
senetlerl imzaya, berg¢lanmaya, borclanmayl kabule, bone tediyeye ve tahsile, icabanda taahhitnameler,
muvaftakatlar vermeye, fesih ve ibralar imzaya, her turld moterlu ve motorsuwz araclaril gumrukten cekmeye,
sgtmaya, bilumum plska, temiz kagidi almaya, trafikte tescil muamelelerini ifaya, ruhsatlar istihsale,
hurdaya ayirmaya, hurda belgesi almaya, sigorta ettirmeye, hasar bedellerini tahsile, ahzu kabza, yurt
disina cikartmaya, tekrar yurda sokmaya, bununla ilgili islemleri yapmaya, sonuclandirmaya, zayiinden
vesair sebeplerden plaka, ruhsat, muayene belgesi cikarttirmaya, yenilemeye, teslim almaya, cekilmesi,
baglanmasi durumlarinda bagli bulundugu yerden teslim almsya, cozdirmeye,tutulacak zabit ve tutanaklari
imzalamaya, elden evrak alip vermeye evraklardan suretler almaya, yatirilmasi gereken her tirli vergi
risum ve har¢larini borg ve cezalarinil Gdemeye, fazla Sdenenleri geri almaya, makbuz almaya, ibra
vermeye, her turld yanlisliklari duzelttirmeye itirazlarda bulunmaya, yazili wve sozlu beyan ve
izahatlarda bulunmaya, ASLINDA IMZa VARDIR.

Figure 4.12. Longest sequence of corrigible words.
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4.3.1.5. Language Model Based Correction. A language model is constructed based

on the trainings of unigram and bigram term probabilities. The model is trained by

weighting and combining different term probabilities calculated by different sources.

The first source is a big corpus of 1.4 million lines and 200 million words collected
as a source for Turkish morphology analysis from the web newswire [49]. For unigram
probabilities P _grqm), part of this corpus is used, which includes 1.5 million unique
words. It is obvious that a unique word in Turkish is not necessarily the stem, but the

derived word with suffixes, the declination of verbs and the noun cases.

Bigram transition probabilities Pa_grqm) are estimated in a fine to coarse manner.
First source is the combination of fax documents themselves, academic paper corpus
and domain specific YKB glossary, represented as Pa_gram—tank)- F(2—gram—bank) COD-
tains bigram transitions that are related to bank terms. However there exist noise in fax
documents, so only the bigrams that occurs very frequently or that have high Pi_gqm)
on both words are counted on faxs. If Po_gram—tank) = 0 for a bigram transition, next
source is the Turkish corpus. F4 is applied for bigram transitions Pa_gram—corpusFa);
such that only first 4 characters of individual words are learnt and then searched for
bigram transitions. If Po_gram—corpusra)y = 0, F3 model is used for bigram probabil-
ity, Po—gram—corpusr3)- Intuitively, coarser probability sources should be penalized. To
overcome this issue, a fixed k >> 1 is used such that F'4 probability is obtained as

Plo—gram—corpusFa)/ K and F'3 probability is obtained as Po_gram—corpusF3)/ K>

To overcome the problem of domain specific terms’ low probabilities in the big
corpus, the banking domain glossary presented in the glossary based correction is also
used to calculate word probabilities. The glossary is used for designing a unigram
model in addition to helping the bigram model as stated above. Unigram glossary
model has higher weight than the unigram model trained from the big corpus. Also, the
bigrams found from the glossary are used individually, having a higher probability with
respect to unigrams and fine to coarse bigrams. Unigram probabilities P, and bigram
probabilities Py are calculated. When finding the unigram probabilities the word

phrases in the glossary are separated into single words. For example a word phrase in
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the glossary, “esnek hesap istihbarat formu”, is separated into four words. When finding
the bigram probabilities, word phrases of minimum two words are used, and longer
phrases are separated into smaller two word phrases. For example, the phrase “esnek
hesap istihbarat formu” is separated as “esnek hesap”, “hesap istihbarat”, “istihbarat

formu”.

Another source of probability takes into account the frequency of words in the
specific document just to be corrected. This is because, some correctly written words,
such as proper names might have a low probability in the big corpus or other mod-
els. Pjqq is found by dividing the frequency of the target candidate word inside the

document with the number of the corrigible words in the document.

There are three correction methods that do use language models: normal and
aggressive sequential correction models, and HMM model. For each model, candidates
of words in the noisy document are found first. A candidate is generated by doing
up to 3 independent unit operations. If enough number of total candidates having
high P _grqam) are collected at any depth, then candidate generation of single word is

finalized.

The sequential correction assumes that the previous word before the word in the
focus is correct. The bigram probability between the previous word and the candidates
of focus word is utilized to calculate bigram transitions, whereas the unigram probabil-
ity of the word is considered in locating the candidate correct versions. The aggressive
model is the same as the normal sequential correction model, only with parameters that
result in a more aggressive replacement making more number of wrong replacements

but also more number of right replacements.

Different probability sources are linearly combined to find the final score S; for a

particular candidate C;, using the weighted sum:



Si = P(l—gram) (Cz> P(2—g7"am)(Ci) Pykb1(0i> Pyka(Ci) Pfaff(cl)] w3

Wy

Ws

o1

(4.2)

where the weights are fixed empirically. Candidate C; maximizing the .5; is se-

lected as the correct word: argmaz;(S;).

In the HMM model, an entire chain of corrigible words is considered. Appropriate

candidates of corrigible words are selected at one shot by maximizing the probability

of the entire chain via Viterbi algorithm. The unigram probability of each word is used

as the independent observation probabilities.

4.3.1.6. Correction Results. Some right replacements made with each of the 3 indi-

vidual correctors:

o Kayisdagt — Kayigdag:

e Monkul — Menkul

e Nezninizde — Nezdinizde

e MiDiRLigiME — MiuDiRLiginE
e AYTEKIN — AYTEKiIN

e AYDENiZ — AYDENiZ

Some right replacements made with aggressive mode but unchanged with normal

mode:

e POVVER — PowER
e TALIM — TALIM
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Some wrong replacements made with aggressive mode but unchanged with normal

mode:

e MiSAH — MizAH

e Sivil/ — Sivili

Some unnecessary replacements made with aggressive mode but unchanged with

normal mode:

e Utmen — etmen

Some right replacements made with HMM but unchanged with sequential correc-

tors:

e blrdur — burdur

Some wrong replacements made with HMM but unchanged with sequential cor-

rectors:

e YAPI KREDi BANKASI YEDPA — YAPI kredi bankas1 medya
e medpa — medya

e (yedi yiiz beg bin beg — kredi yiiz bes bin bes

Using the hand-corrected ground truth fax documents, two error metrics are

defined:

M measures the similarity and order of all words between automatically corrected
and hand-corrected documents. While hand-correcting the documents, H” words which
are meaningless even when looked by a human are left unchanged in the corrected
document. So to keep M; high, one correction algorithm should not touch the words

which are incorrigible.
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M, measures the similarity and order of corrigible words between automatically
corrected and hand-corrected documents. More aggressive correction algorithms should

have higher M, as they can make wrong replacements but also more right replacements.

My and M; results of three correctors run on 20 original documents having hand-

corrected versions are shown in Table 4.3.

Table 4.3. OCR error correction results.

Corrector M1 M2

Original Document 94.97 | 93.99

Sequential (Normal) | 95.62 | 96.27

Sequential (Aggressive) | 95.38 | 96.41
HMM 95.17 | 96.21

4.3.2. Named Entity Tagging

Popular feature extraction methods such as TF-IDF', consider words that corre-
spond to the same concept such as dates, proper nouns, et cetera, as being completely
different entities. However, entities such as dates, company or city names are generic
and do not belong specifically to any one category. For example, the names “Istanbul”
and “Izmir” are both city names, but feature extraction methods cannot distinguish
them. If the word “gehir”=*“city” occurred instead of them, this could better serve as

a discriminating feature.

Bank orders include many potential named entities, such as dates, person names,
place names, company names, bank names, governmental agencies, as well as numerals
such as IBAN, account, customer or card numbers, passport or Turkish National Id
numbers, currency amounts, et cetera. The named entities in bank orders are tagged
as a pre-processing step in order to reduce complexity and improve classification per-

formance.
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Table 4.4. Named entity tags.

Named Entity Tag Description
<DATE> Date
<TIME> Time

<PHONE> Phone number
<IBAN> IBAN
<CARDNO> Credit card or bank card number
<TCKIMLIK> Turkish national id no
<PLACENAME> City, town name
<HESAPNO> Account no
<MONEY > Currency amount
<BANKNAME> Bank Name
<PERSONNAME> Person Name

N-grams, regular expressions, and special glossaries are used for tagging named
entities. Regular expressions are used for numerals. The numerals such as phone num-
bers, dates, times, IBANs, Turkish Id numbers match different versions. For example,
the time regular expression matches both “08:24” and “12:43:06”, or the date regular
expression matches both “21/03/2013” and “19.03.2012”. Bank card numbers are 16
character long and they can be written without any whitespace or with whitespaces

between each four character blocks.

Word 2-grams are used for currency amounts and account numbers. For cur-
rency amounts, a numeral showing the amount of currency or money is found where
it precedes the word or sign showing the type of currency such as “$7, “TL”, “£”,
“dollars”, “dolar”, “lira’, “euro”, et cetera. Account numbers are usually followed by
versions of the words such as “hesap” = “account”, “numarasi” = “number”, “hesab1”,
“hesabimiz”, “nolu”, “‘numarali’. Therefore both the numeral and the following word

is tried to be matched.
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The dictionaries used are:

e City/Town names [50]
e Most frequent people names [51]

e Bank names in Turkey [52]

When tagging the entities, homonymic words are excluded as it will be confusing
to tag them. For example, “Fatih” can both be a person name and a town name, so it

is removed from both lists. The tagged entities in bank orders are listed in Table 4.4.

4.3.3. Stemming

The morfessor software is used for separating the prefix, root and suffixes of the
words. The morfessor software finds the morphs in words by observing a training
corpus. After training, a text file is given as input to the morfessor and the output is

a file where each word is separated to its morphs (both roots and suffixes) [11].

. . Short words !
Train Segmentation of —re—rmr Fn
Each Word in (F5or F4)
Dataset Morfessor Morphs Stemmed
Segment o
g (Stems and Dataset
Suffixes) Other Words Only Stem
(Prune the Suffixes) [

Figure 4.13. Flow diagram of stemming.

Turkish is an agglutinative language and most of the words have many suffixes,
while prefixes are very few. In this project, Morfessor is used for finding the correct
stems of the words. The suffixes are disregarded because the main objective of stem-
ming is to decrease the size of the feature space before feature extraction. The removed

suffixes are inflectional, therefore they do not have a meaning in addition to the stem’s.

The entire Yap1 Kredi Bank Orders Dataset is used in training the Morfessor

model. Then all documents are given to the Morfessor to get the word segmentations.
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Because of the OCR errors in both the dataset and the documents, there are incorrect
morphs in the output. Omne problem is that OCR tends to break words into their
characters in low quality, noisy documents. The Morfessor considers the split words in
the training set with OCR noise as genuine, and in some cases it further breaks the
words in the input documents incorrectly. This result in morphs shorter than normal.
To compensate for these cases, the Morfessor is merged with a fixed prefix stemmer
algorithm. Figure 4.13 shows the flow diagram of this system. If the first morph of
the problem is shorter than four or five characters, and a second morph exists, the
first morph is augmented by adding the second morph. The morph merging continues
until one gets a root of at least four or five characters long. This guarantees that the
roots extracted have a reasonable length of at least four or five. Figure 4.14 shows the

pseudo code for this algorithm.

program morfessor fn merger
set n
if length of morphl smaller than n and morphZ2 exists
set newmorph to morphl plus morph?2
if length of newmorph smaller than n and if morph3 exists
set newmorph to newmorph plus morph3
if length of newmorph bigger than or equal to n
truncate newmorph to n characters
set root to newmorph
else
truncate newmorph to n characters
set root to newmorph
else
set root to morphl

Figure 4.14. Pseudo code of Morfessor and Fixed Prefix Stemmer merger.

The lengths tested are four and five, therefore the technique correspond to Mor-
fessor merged with the popular F4 and F5 techniques, i.e. fixed prefix stems with
length four and five. Figure 3.15 shows the morphs separated for a document. Each
line has a word, separated into morphs. Some of them are incorrect with very short
roots, such as “h esabindan”, “may 18”, “can ta”. Figure 3.16 shows the Morfessor plus
F5 technique output. The roots for the words above are corrected as “hesab”, “mayis”,

“canta’”.
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i bulunan sti 13

vyapi nolu h esabindan yéri

kredi Fx ¥ =< tl kira

bankasi ayak kabi nolu bedeli

a gan ta o agiklama s 1yla
s deri yonetim havale

bahariye san ve vapil masini
subesi ve organizasyo N rica

1 tic hesabina ederim
gubenizde 1td may 1s saygl 1 arimla

Figure 4.15. Morfessor outpuf of a document. Each line in the four columns shows

the morphs of a single word.

i yapi kredi bankasi a 3 bahariye
subesi 1 subenizde bulunan nolu
E=_== ayakk ganta deri san ve tic
ltd sti hesab tl noluz=T%=
yonetim ve organizasyo hesabina
mayls ig yeri kira bedeli
agiklama havale vyapil rica ederim
saygil

Figure 4.16. Morfessor plus F5 technique output for the document in Figure 3.15.
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4.3.4. Stop Word Removal
Stopwords are the words that are very frequent in a language. They can occur in
any document, therefore they are not good at discriminating classes. Also, there may

be domain specific stopwords, such as greetings in bank orders.

A list of stopwords is collected for the banking domain. The list includes:

A manually filtered version of the most frequent word list of zemberek2 [53].

A manually filtered version of the most frequent word list of zemberek3 [54].

Manually added frequent words of the banking domain.

All possible words shorter than four letters derived by using the alphabet.

Some examples of the stopwords are “ama”, “ancak”, “baz1”, “ben”, “birkag”,
“cok”, “ciinkii”, “da”, “daha”, “en”, “fakat”, “gore”, “hem”, “i¢in”, “kendi”, “nasil”,
“olan”, “oturd”, “saym”, “sizi”, “lzere”, “ve”, “veya”, “zira”. All possible words
shorter than four letters are added because shorter words are usually meaningless.
Also, the bank order documents have many examples of one, two, three letter words
which occur because of the OCR. errors. Therefore stop word removal also acts as a

tool in noise reduction. Further information about the list of stopwords is presented in

Appendix C.

4.4. Automatic Categorization

The flow diagram of the feature extraction and selection process that takes place
after the pre-processing is shown in Figure 4.17. The details of each step is explained

below.

The TF-IDF feature calculator for character and word n-grams is developed in
Python, along with a feature selector, which selects features with respect to their TF-
IDF'. The features which occur with a TF-IDF score less than a specific threshold inside

any one class, and inside the entire dataset are disregarded. This feature pruning is
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Figure 4.17. Flow diagram of feature extraction and selection.

useful because the number of features can be excessively large, that is, more than a
standard computer can handle. In fact, most of the features have very low scores,

therefore redundant.

For obtaining the posterior topic distributions of the documents by LDA, MAL-
LET library, which has Common Public License Version 1.0 (Cpl) [46] is used. Mallet
takes a main folder which includes subfolders that correspond to classes as input. The
number of topics, which does not necessarily correspond to the number of classes, is
determined by the user. Each document will probably include words that are assigned
to various topics. Therefore, each class will likely be composed of more than one topics,
and the topics may interfere within classes, ie., one topic will be seen in more than one
class. Figure 2.2 gives an insight about why the number of topics and classes do not

correspond to each other.
Mallet gives the following output files:
e Keys (words) for each topic and their frequencies

e The words that have the largest probability inside a topic. The number of these

words is user defined.
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e The posterior probability distributions of documents over the topics.

The second output of MALLET, that is, the list of words that have the largest
probability inside a topic, enables the user to observe and investigate the topic contents.
If they correspond to actual topics (concepts) of the document, and if the high prob-
ability words in a specific topic do not belong to diverse concepts that are unlikely to
be related, the user may conclude that the number of specified topics are good enough,
and the posterior distributions are discriminative. This gives an observational intuition
about the classification performance. In this study, several tests are attempted with
different number of topics. The optimum number of topics are found where the best

classification results are achieved.

Weka is a data mining software developed by The University of Waikato . Weka is
used in both TF-IDF feature extraction, Information Gain feature selection and SVM
classification steps in this project. It is chosen because it has a rich content in terms of
data mining methods, such as classification, feature extraction, with good result and
evaluation pages and charts [47]. It has GNU General Public License, it is written in

JAVA with a user friendly GUI and API. It also has informative documentation [55].

Weka has a easy-to use file format ARFF. The software can calculate the TF-IDF
features of the text files and create the ARFF files for them, or the user can provide its
own ARFF file formats. TheARFF file includes the name of the dataset, the attributes
and their value types as numeric or nominal with the possible list of values, and also
the class variable. The GUI of Weka has a ARFF viewer in which the attributes for
each file could be seen. In Figure 4.18 the capture of the text of a weka ARFF file, in

Figure 4.19, the corresponding ARFF viewer capture is shown.

In Figure 4.18, the dataset consists of eleven documents of three abstract classes,
“biyoloji” = “biology”, “antropoloji” = “antropology” and “cevremuh” = “environ-
mental engineering”. There are four features: TF-IDF of the two words “fosil” =
“fossil” and “nehir” = “river”, an answer to the question about of the length of doc-

ument “Is it long?” as “Yes” and “’No”, and an answer to the question about of the



@relation ThreeClassAbstract

@attribute
@attribute
@Gattribute
@attribute
@attribute

Qdata

word fosil numeric

word nehir numeric
isLong{Yes, No}

isClear{¥es, No, So-so}

class {antropoloji, biyoloji,

cevremuh, }

0.03494623655913978,0.002165172043111753,Yes,No,antropolo]ji
0.07694192653273018,0.002386525043010357,No, No, antropoloji

0.031%4623652913978,0.002128172012118925,Yes, So—-s0,antropoloji

0.0337141278424265%0,0.002617821043010753,Yes,No,antropoloji

0.0016129032258064516,0.
0.0021123032248074210,0.
0.0024174125257001117,0.
0.0013297872340425532,0.
0.0012755102040816326,0.
0.0016025641025641025,0.

0016129032258064516, Yes, So-so,biyoloji
002976190476190476,Yes,Yes,biyoloji
003205128205128205,Yes,So-so,biyoloji
0013297872340425532,No, Yes, cevremuh
0012755102040816326,No, So—-so, cevremuh
0016025641025641025,No, Yes, cevremuh

0.0013368598395721925,0.001336898385721925,No, So—-so, cevremuh

Figure 4.18. An example ARFF text file capture.

Relation: ThreeClassabstract

Mo, 1: word_fosil 22 word_nehir JrisLong | 4: isClear 5: class
MNumeric Mumeric MNominal Mominal Mominal

1 0,0349949623655913978 0,002165172043111753|Yes Mo antropoloji

2 0,07594192653273017 0,002386529043010357| Mo Mo antropoloji

3 0,031949623652913978 0,0021281720121158925(Yes S0-50 antropoloji

4 0,0337141278424269 0,0026175321043010753|Yes Mo antropoloji

5 0,0016129032258064516| 0,0016129032255064516(Yes S0-50 bivoloji

=] 0.002112303224307421 0,002975190475190475 Yes fes bivoloji

Fi 0,0024174125257001118 0,003205128205125205(Yes S0-50 bivoloji

3 0,0013297872340425532| 0,0013297872340425532 (Mo fes cevremuh

9 0,0012755102040816326| 0,0012755102040516326 Mo S0-50 cevremuh

10 0,0016025641025641025| 0,0016025641025641025 Mo fes cevremuh

11 0.001336898395721925 0,001336898395721925|Mo S0-50 cevremuh

Figure 4.19. An example ARFF viewer capture of a ARFF text file.
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noise of the document “Is it clear?” as “Yes”, “No’ and “So-so”. This dataset and
ARFF file is just given as an example to explain the format, and the features do not
correspond to actual features used in the study. The last attribute presents the class
name in ARFF format, as in the example. In Figure 4.19, the ARFF viewer shows
the four features and the class attribute in five columns, and each line represents a

document. Also, a shorter format of ARFF exists for representing very sparse features.

In this project, a Python script is implemented to create ARFF files for features
calculated outside of Weka, which are LDA topic distributions and TF-IDF features
calculated by Python implementations. After getting the ARFF files, the documents
are classified by the SVM implementation weka.classifiers.functions.SMO, which imple-
ments the Sequential Minimal Optimization in Weka [55]. The SMO is used with the
polynomial kernel weka.classifiers.functions.supportVector.PolyKernel, whose function

18:

K(z,y) =<xz,y >" or K(z,y) = (< z,y > +1)? (4.3)

The default values of Poly Kernel SMO, complexity = 1, tolerance parameter

12 are used in all tests. All empirical attempts

L = 1.0e73, and rounding error ¢ = 1.0e~
at using other classifiers, and other parameters for the SMO have failed to beat the
performance of the default Poly Kernel SMO. Weka separates the training and test
data as 90 to 10%, respectively. In all tests, 10-fold cross validation is applied, which

is shown in Figure 4.20.
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Figure 4.20. Flow diagram of classification.
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5. EXPERIMENTS AND CONCLUSIONS

The aim of this project is to develop an automatic classifier system to classify
Yap1 Kredi Bank orders. In order to achieve the best performance on this goal, the
different techniques in the sub-steps of this project are selected and concatenated with
different combinations. The pre-processing steps, the feature extraction steps, the
feature selection and classification steps presented in Chapter 4 are tested on both the
Yap1 Kredi Bank Orders Dataset, and on the Academic Paper Abstracts Dataset which
is specifically collected for this study. Both balanced and unbalanced data is used for
the tests on Yapi Kredi Bank Orders dataset.

Ground truth data for the applied pre-processing techniques, stemming, named
entity tagging, and OCR correction did not exist for the Yapi1 Kredi Bank Orders
Dataset, except for a small set of ground truth data manually created to for OCR
error correction. For all pre-processing methods, the classifier results are taken into
account to compare their performances. The techniques give the best result, and that
are feasible in computation time will be used in the online system in Yapi Kredi. For
feature extraction and selection algorithms, again, the classification performances are

compared.

Several tests are presented below with the two datasets. Table 5.1 show the
details of the versions of sub-datasets use in the tests. Each sub-dataset is given an ID.
12 classed and 22 classed subsets of the Yap1 Kredi Bank Orders Dataset are used with
both balanced and unbalanced versions. The Academic Paper Abstracts Dataset is
used with 2 different balanced subsets; a 12 classed set and a 22 classed set. The total
6 sub-datasets are shown in Table 5.1. The balanced datasets with 12 classes include
300 documents per class, whereas, the balanced datasets with 22 classes include 100
documents per class. Tested variants are shown with their corresponding given 1D’s,
which is a letter denoting the variant, and a number, which is denoting the variable
for the variant, in table 5.2. The tests are compared in terms of their classification

performance, which is the number of correctly labelled documents per all documents



in the dataset.

Each test that will be presented in the following section has a Test ID. For
example, the test for features extraction technique in 12 class balanced YKBOD dataset

is called I-E-1. The Test ID is a shortened name that is composed of:

e Dataset ID as in Table 5.1

e Tested variant ID as in Table 5.2

Table 5.1. The datasets used in tests.

Dataset

Dataset Name Abbreviation | Balancing | Size | Dataset 1D
Yap1 Kredi Bank YKBOD Balanced 12 I
Orders Dataset
Yap1 Kredi Bank YKBOD Unbalanced | 12 II
Orders Dataset
Yap1 Kredi Bank YKBOD Balanced 22 11
Orders Dataset
Yap1 Kredi Bank YKBOD Unbalanced | 22 v
Orders Dataset
Academic Paper Abstracts APAD Balanced 12 \Y
Dataset
Academic Paper Abstracts APAD Balanced 22 VI




Table 5.2. The variants of tests.

Variant Sub-Variant Variant ID
Balancing Techniques A
Balancing Techniques Random Balancing A-1
Balancing Techniques Balancing with Document Length A-2
Balancing Techniques Balancing with Document Clearness A-3

Stemming B
Stemming Morfessor + Fb5 B-1
Stemming Morfessor + F4 B-2
OCR Correction C
OCR Correction Bank Domain Glossary C-1
OCR Correction Normal Sequential C-2
OCR Correction Aggressive Sequential C-3
OCR Correction HMM CH4
Named Entity Tagging D
Feature Extraction and E
Selection with TF-IDF
Feature Extraction and TF-IDF E-1
Selection with TF-IDF
Feature Extraction and TF-IDF+Information Gain E-2
Selection with TF-IDF
Feature Extraction with LDA F

Feature Extraction with LDA

Num of Topics

F-(Num of Topics)
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5.1. Tests with Yapi Kredi Bank Order Dataset

5.1.1. Baseline Tests with 12 Classed Balanced YKBOD

The first two set of tests are conducted with the Dataset I, which is balanced
with 12 classes. We wanted to find the best number of topics for LDA topic features
and the best performance with TF-IDF with a dataset that is away from the bias of
a skewed set. It should be remembered that the dataset I used in the two tests, I-E
and I-F below is not OCR-cleared, named entity tagged, or stemmed. The dataset I
is balanced randomly. Although the performance of Word Unigram is slightly higher
than the Word Unigram + Information Gain method, the number of features is nearly
double in the former. As speed of classification is important in our goal to classify
documents fast and correctly, we conclude that the best performance is found as 86.86
% with TF-IDF and Information Gain feature extraction as seen in Table 5.3. This
result will be used as a baseline in other tests as well. The best performance achieved
by LDA topic features is found as 75% with 150 number of topics as seen in Table 5.4.
In Table 5.4 we see that the performance increases with increasing number of topics
up to 150 topics. We can say that for a balanced and noisy dataset in the Yap1 Kredi
Bank Orders Corpus, the best performance is achieved with TF-IDF + Information
Gain. This performance is used as a baseline in the tests to determine the success of

pre-processing and balancing techniques.

Table 5.3. Results of Tests: I-E-1 and [-E-2. Comparing classification performance
with different TF-IDF techniques for 12 balanced classes in YKBOD.

Test ID TF-IDF technique Number of Features | Performance
[-E-1 Word Unigram 5034 87.69 %
[-E-2 | Word Unigram + Information Gain 2333 86.86 %
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Table 5.4. Results of Tests: I-F. Comparing classification performance with different

number of topics of LDA for 12 Balanced classes in YKBOD.

Test ID | Number of Topics | Performance
[-F-12 12 60.04 %
[-F-30 30 69.93 %
[-F-50 50 71.25 %
[-F-100 100 73.22 %
[-F-150 150 76.04 %
[-F-200 200 75.41 %

5.1.2. Balancing Techniques

Taking the best performance technique, TF-IDF and Information Gain, found in
Table 5.3 as a baseline, which is achieved by a randomly sampled dataset, we tested the
effect of other balancing techniques. The datasets are still balanced and 12-classed,
but of course, they do not include the same set of documents, therefore they are
called I" and 1”7. Table 5.5 shows that the best performance is achieved by sampling
documents with respect to their length. This is no surprise, because in Chapter2., we
have presented that some documents are so short that they do not bear any useful

information. Therefore picking the long documents result in better performance.

Table 5.5. Results of Tests: I-E-1, I'-A-2, I"-A-3. Comparing data balancing
methods, random sampling, sampling by document length, sampling by clear word

ratio for 12 classes in YKBOD.

Test ID Method (Classification Performance
[-E-1 | Random Sampling 86.86 %

I'-A-2 | Document Length 92.01 %

I’-A-3 Document Noise 89.38
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5.1.3. Pre-Processing Techniques

Using the best performances found in Table 5.3 and Table 5.4 as a baseline, we

tested the effect of pre-processing techniques on the same dataset, Dataset 1.

Table 5.6 shows that Stemming helps a small bit in the performance. F5 method
is slightly better than the F4 method. Table 5.7 shows that Named Entity tagging did

not proved as useful as anticipated.

Table 5.6. Results of Tests: I-B-1 and I-B-2. Comparing classification performance
with and without stemming with TF-IDF + Information Gain and LDA with 150
topics for 12 balanced classes in YKBOD.

Test 1D Feature Method Stemming Method | Performance

[-E-2 TF-IDF+Info Gain None 86.86 %

I-B-1 TF-IDF+Info Gain Morfessor + F4 87.12 %

1I-B-2 TF-IDF+Info Gain Morfessor + F5 87.67 %
I-F-150 LDA None 76.04 %

[-B-1 | LDA with 150 topics | Morfessor + F4 76.83 %

[-B-2 | LDA with 150 topics | Morfessor + F5 76.88 %

Table 5.7. Results of Tests: I-D. Comparing classification performance with and
without named entity tagging for TF-IDF + Information Gain and LDA with 150
topics for 12 balanced classes in YKBOD.

Test ID Feature Method Named Entity Performance
[-E-2 TF-IDF+Info Gain None 86.86 %
I-D TF-IDF + Info Gain | Named Entity Tagged 85.01 %

[-F-150 LDA None 76.04 %
I-D LDA with 150 topics | Named Entity Tagged 74.33 %
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We can see from Table 5.8 that the best OCR correction technique is the aggres-
sive sequential corrector. The tests are run on randomly sampled 12-classed balanced

dataset I, and with TF-IDF and Information Gain features.

Table 5.8. Results of Tests: I-C-1, I-C-2, I-C-3, I-C-4. Comparing OCR, correction
methods, glossary based correction, language model based HMM, language model
based normal sequential corrector, language model based aggressive sequential

corrector for 12 balanced classes in YKBOD.

Test ID | Method | Performance

I-E-2 None 86.86 %
[-C-1 | Glossary 86.92 %
I-C-2 Normal 87.14 %
I-C-3 | Agressive 89.03 %
I-C4 HMM 87.32

5.1.4. The Effect of Unbalanced Data

In Table 5.9 and Table5.10, we can see the effect of skewed data. The performance
seems to be increased a small bit in Table 5.3 when compared to the balanced results
in Table 5.3 and Table 5.4. However, we know that nearly a fourth of the documents
belong to one class, PRT, therefore we know that the performance of a system which will
assign labels randomly will succeed more in Database Il when compared to Database I.
In Table 5.10, we observe that the classification performance is decreased for especially
small number of topics of LDA. When comparing I1I-F test results with II-E test results,
we should keep in mind that the number of features in TF-IDF unigrams is around 5000,
and the number of features in TF-IDF unigrams plus the Information Gain technique
is around 2000. We can observe that LDA achieves acceptably good performances with

number of features around 1/10 of TF-IDF plus the Information Gain features.
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Table 5.9. Results of Tests: II-E-1, II-E-2. Comparing classification performance with
different TF-IDF techniques for 12 unbalanced classesin YKBOD.

Tedt ID TF-IDF technique Performance
II-E-1 Word Unigram 89.11 %
II-E-2 | Word Unigram + Information Gain 89.38 %

Table 5.10. Results of Test II-F. Comparing classification performance with different
number of topics of LDA for 12 unbalanced classes in YKBOD.

Test ID | Number of Topics | Performance
II-F-12 12 62.38 %
I1-F-30 30 69.81 %
[1-F-50 50 72.04 %
I1-F-100 100 77.73 %
I1-F-150 150 77.78 %
I1-F-200 200 79.69 %
I1-F-300 300 80.39 %

5.1.5. The Effect of More Classes and Smaller Class Populations

In Table 5.11 and Table5.12, we see the results for Dataset I1I, which is composed
of 22 Balanced classes, randomly sampled, with a fixed class population of 100. The
performances decreased when compared to the results with Dataset I, which had 12

classes and 300 documents per class, in Table 5.3 and Table 5.4.
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Table 5.11. Results for Tests: III-E-1 and ITI-E-2. Comparing classification

performance with different TF-IDF techniques for 22 balanced classes.

Test 1D TF-IDF technique Performance
III-E-1 Word Unigram 75.33 %
IIT-E-2 | Word Unigram + Information Gain 76.02 %

Table 5.12. Results for Test III-F.Comparing classification performance with different
number of topics of LDA for 22 Balanced classes in YKBOD.

Test ID | Number of Topics | Performance
I11-F-22 22 59.20 %
IT1-F-50 50 61.01 %
IT1-F-100 100 63.02 %
IT1-F-150 150 70.52 %
IT1-F-200 200 69.47 %
IT1-F-300 300 68.46 %

5.1.6. The Effect of More Classes and Unbalanced Data

Table 5.13 and Table 5.14 presents the results for Dataset IV, which is unbal-
anced dataset composed of 22 classes. We see that the performance is decreased when
compared to 12-classed unbalanced dataset results in Table 5.9 and Table 5.10. Also
we see that the results are worse when compared with the balanced 22-classed results

in Table 5.11 and Table 5.12.
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Table 5.13. Results for Tests: IV-E-1, IV-E-2. Comparing classification performance

with different TF-IDF techniques for 22 unbalanced classes in YKBOD.

Test 1D

TF-IDF technique

Performance

IV-E-1

Word Unigram

71.87 %

IV-E-2

Word Unigram + Information Gain 72.33 %

Table 5.14. Results of Test: IV-F. Comparing classification performance with
different number of topics of LDA for 22 unbalanced classes in YKBOD.

Test ID | Number of Topics | Performance
IV-F-22 22 58.32 %
IV-F-50 50 61.40 %
IV-F-100 100 65.48 %
IV-F-150 150 68.52 %
IV-F-200 200 69.01 %

5.2. Validation of Methods: Tests with Academic Paper Abstracts Dataset

The feature extraction tests run with the YKBOD are repeated with APAD, in

order to see the robustness of the results in another dataset, which is not noisy and

of another domain. The tests are run with 12 classed (Dataset V) and 22 classed

(Datasets VI) balanced datasets. The 12 classed dataset include 300 documents per

class as in the tests with YKBOD. The 22 classed dataset include 100 documents per

class as in the tests with YKBOD.
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Table 5.15. Results of Tests: V-F. Comparing classification performance with
different number of topics of LDA for 12 Balanced classes in APAD.

Test ID | Number of Topics | Performance
V-F-12 12 61.84 %
V-F-30 30 63.45 %
V-F-50 50 64.18 %
V-F-100 100 72.03 %
V-F-150 150 78.28 %
V-F-200 200 77.48 %

Table 5.16. Results of Tests: V-E-1 and V-E-2. Comparing classification performance
with different TF-IDF techniques for 12 balanced classes in APAD.

Test 1D TF-IDF technique Performance
V-E-1 Word Unigram 88.12 %

V-E-2 | Word Unigram + Information Gain 89.98 %

Table 5.17. Results of Tests: VI-F. Comparing classification performance with
different number of topics of LDA for 22 Balanced classes in APAD.

Test ID | Number of Topics | Performance

VI-F-22 22 58.20 %
VI-F-50 50 59.23 %
VI-F-100 100 63.39 %
VI-F-150 150 67.42 %

VI-F-200 200 73.34 %
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Table 5.18. Results of Tests: VI-E-1 and VI-E-2. Comparing classification

performance with different TF-IDF techniques for 22 balanced classes.

Test 1D TF-IDF technique Performance
VI-E-1 Word Unigram 75.42 %
VI-E-2 | Word Unigram + Information Gain 75.34 %

5.3. Conclusion and Future Work

Balancing the data with more intelligent techniques with respect to random sam-
pling results in better classifier performances. Stemming provides a slight increase in
the classification performance, however Morfessor segmentation is computationally ex-
pensive. In OCR correction algorithms, language model based aggressive sequential
corrector gives the best classification results. For balanced data with more number of
documents per class in the training set, the best technique is TF-IDF features with an
SVM classifier, which is tested and proven for both the Yap: Kredi Bank Orders and
Academic Paper Abstracts datasets. For unbalanced data, despite TF-IDF being more
successful, LDA is a good option because it can achieve close performances with even

very small number of features.

The best bottleneck we have encountered is that any method we had tried did
not have a significant increase in the performance, but rather, the set of classes where
there is a problem in identification differed within different feature extraction methods.
Therefore we conclude that future studies should focus on improving the classifier
performance by applying new means of feature extraction that are robust in noisy
and multi-class, skewed environments and merging the results of different classification

methods.

A must have in our to-do list is supervised LDA methods, which result in better

discriminative topics, such as Maximum Margin Supervised LDA. Maximum Margin
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Supervised LDA is an LDA model which takes into account the class labels of the
documents. This model is specifically better for classification tasks because it has
more discriminative topic bases. In 20 News Dataset, a multi-class dataset which is
quite similar to our datasets, the authors have achieved a good performance increase
by their supervised LDA system compared to the LDA and SVM classifier [30], which

we also use in this work.

The confusion matrices in the above sections show that LDA and TF-IDF makes
different mistakes on classifying classes, therefore a classifier fusion on the decision
level will be beneficial. The Fusion of LDA and TF-IDF methods are expected to
result in substantial improvements. When multiple classifiers or multiple features used
in classification result in different classification performances, especially for different
classes, it is beneficial to apply fusion in classification [56]. Fusion can be applied
in different levels, such as data level, feature level, or classifier level. Classifier level
fusion is more favorable than data and feature fusion. Data and feature fusion are
rather complicated, because the parts to combine are usually in different formats, scales
and they correspond to diverse concepts [57]. There are different types of classifier
fusion models as well, such as classifier decision fusion, classifier selection, or score
fusion. Classifier decision fusion merges the decisions of different classifiers. Multiple
classifier outputs could be scaled to the [0,1] interval, and compared or be treated
as a probability. The classifier outputs may also be used as the input to a second-
level classifier, which makes the final decision. One simple method to reach the final
decision is majority voting, in which the decision that has the highest frequency among
all classifiers is selected as the final one. Weights on the decisions of each classifier can
be embedded in the model to favor the classifiers with a higher estimated accuracy. In
classifier selection, each classifier is an expert for different groups of classes, therefore
one classifier is responsible for only its expertise area [58]. In score fusion, the fusion
takes place before making the final decision. The scores calculated by using different

features are combined before the decision.

Incorrigible and corrigible words’ run-length histogram distributions in a docu-

ment could be used as a feature. This may also help the classification process in which
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the classifier scores are fused. For this, document is split into several regions of same
word length. Each region has a histogram of both H and H” words’ run-lengths. His-
tograms of all regions for H and H” words are combined to get the final feature vector.

Maximum run-length kept in the histogram is another parameter which may be tuned.

Another option for classification is to use HMM as a classifier. First, word fre-
quencies for different classes are learnt. To overcome the issue of few training samples,
first IV characters may be taken into account where N may be 5, 4, 3... States denote
different classes. If a unit state transition matrix is defined, HMM will be forced to
select one class among available classes for each test sample. Observation probabilities
of the words or tokens in the test sample are the frequencies of the observed words in

different classes’ training samples.
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APPENDIX A: TYPES OF BANK ORDERS

In Table A.1, A.2, A.3, A.4 the bank order types are presented. The classes used
in this study in the 12 classed sub dataset are marked with *. The classes that are

used in the 22 classed sub dataset are the ones with a frequency above 100.

Table A.1. Label, Turkish name, English name, frequency for bank orders.

Label Name (TR) Name (ENG) Frequency
AAB Akilli Anahtar Bagvuru Smart Key Application 4
ARB Arbitraj Arbitrage 52
ACL Akreditif Letter of Credit 2
ADO Yabanci Valorli Transfer Foreign Transfer with value date 3
ADV Virman Gonderimi Bank Transfer Order 7
AFE Degerlendirme Talebi Credit/Loan Application 11
AKR Kredi Red Credit Unapproval 9
ALI Alacak Bakiye Iadesi Refund of Receivable Balance 3
ALS Do6viz TL hesabi transferi Transfer from foreign currency account to TL account 16
ASU Ad Soyad/Unvan Degisikligi Change of Name Surname/Title 20
BFO Bayi Fatura Odemeleri Dealer Bill Payments 11
BIT Bireysel Izleme Tasfiye Personal Surveillance Cancel 10
BLK Bloke Islemler Blocked Transaction 12
BMS Bireysel Sozlesme Individual Contract 204
BST Basgka Sube 3.Kisi Talitla Odeme Another Office Third Party Order Payment 72
CBD Kredi Kart: Harcama Itiraz: Credit Card Spending Objection 4
CEI* Cek Iglemleri Cheque Operations 415
CKD Caligma Kosul Degigiklik Change of Working Condition 3
CKK Cek Karnesi Iglemleri Cheque - Book operations 56
CMI Hesap Islemleri Account Operations 5
CPR Cek Provizyon Cheque Provision 39
DDI Déviz Diizeltme Itirazi Objection to Currency 3
DEK Dovize Endeksli Kredi Exchange Indexed Credit 2
DIO Diger Odemeler Other Payments 115
DKT Kira Talimat Deé;i@iklik/ﬁptal Rental Order Change/Cancel 2
DNT Yutdis1 CEk Hazirlanmas: Foreign Cheque preparation 5
DAS* Doviz Al Satig Buying Selling Currency 1034
DOG Talimat Girisi Order Entry 36
DOI Talimat Degisiklik / Iptal Order Change / Cancel 19
DSY Personel Maag Odemesi Staff Salary Payment 7
DTA Diger Talepler Other Orders 29
DTG Kira Talimat Girisi Rental Order Entry 8
DTR* Déviz Transferi Exchange Transfer 303




Table A.2. More bank orders.
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Label Name (TR) Name (ENG) Frequency
DYG Dovize Endeksli Kredi Exchange Based Credi 3
DYO Dé6viz Yollama Oluru Approve for Sending Exchange 3
EHT Esnek Hesap Talep Formu Flexible Account Order Form 5
EIM Ekstre Istek Metni Receipt Request Form 3
EKK k Kart Talep Additional Card Request 7
ELD Akibet/Degig Outcome/Change 4
EYZ EFT Yazisi EFT Inscription 8
FAO Fatura Odemeleri Invoice Payments 7
FFR Tagit Rehni Alinmasi Vehicle Depositing 2
FFT Kredi Odeme Plan Credit Payment Plan 2
FLL 1potek Fek Yazist Deposit Cancel Form 6
FNI Fon 1§lemleri Fund Operations 18
FXY* Giden Yurtdigina Havale Outgoing Abroad Transfer 907
GAA Akibet Outcome 3
GKG GKTS Girisg GKTS Entry 158
GVR Gilimriik Vergisi Customs Duty 13
HAB Hazine Bonosu Treasury Bond 34
HIM Hesap i§letim Ucreti Iadesi Account Fee Return 6
HVC Hesap Virman Cikig Account Outgoing Transfer 7
IAD Akibet/Degis Outcome/Change 4
IDH Gelen Yurtdigindan Havale Incoming Abroad Transfer 7
IKR ihtiya(; Kredisi Consumer Loan 172
ILD Akibet/Degig Outcome/Change 6
IMB Imza Beyannamesi Signature Written Statement 14
IMZ Imza Tarama Signature Scanning 146
ISH IBAN’s1z i§1em Yazisi IBAN-free Transaction Form 3
KAR Tiiketici Sorunu Kararlar: Prescript for Customer Problems 6
KKD Kredi Kontrol Diger Credit Control Other 12
KKI Kredi Kart1 Ek Kart Iptal Talebi Additional Card Cancel Order 2
KNK Konut Kredisi Mortgage Loan 10
KPS Sermaye Piyasasi Capital Market 11
KRK* | Kredi Kullandirim/Uzatma/Degistirme | Cash TL Credit Provide/Extension/Changing 660
KTE Kontrat Temdit Edilmesi Contract Prolongation 6
KTI Komisyon ade Commission Return 3
KUT Kart Ucreti Itiraz Card Fee Appeal 16
LIK Limit/Platinum Club Degisikligi Limit/Platinum Club Change 25
LTM Kullandirma Provide 54
MAA Maag Odeme Salary Payment 22
MBK Kullandirim (MODE) Provide (MODE) 12
MBN* Toplu Transfer Islemi Cumulative Transfer Transactions 733
MHB Kullanic: Bilgileri Degisiklik Formu User Information Changing Form 15
MHC Icra - 1. Haciz IThbarnamesi Foreclosure - 1. Lien Notification 11
MHR Ihracat Tahhiitlii Kredi Export Guaranteed Credit 8
MHV Merkezi Havale Central Transfer 1169
MKK Kredi Kart: Odemeleri Credit Cards Payments 14




Table A.3. More bank orders.

Label Name (TR) Name (ENG) Frequency
MKP | Kart Cesidi ve Ozelligi Degigtirme Formu | Card Type and Sort Changing Form 6
MOE Maas Odeme Emri Salary Payment Order 5
MSG SSK Oto Girig / Iptal SSK Auto Entry / Cancel 7
MTD Miigteri Tipi SBU DEGISIKLIGI Customer Type Change 22
MTE Toplu EFT Cumulative EFT 15
MUD Senet Tadesi Indenture Return 15
MUS MUA IADE MUA Return 2
MVE Vergi Tahsil Tax Collection 7
NKI Kapama,/Iptal Closure/Cancel 45
NKM Kredi Kullandirim Talimat: Credit Provide Order 26
NSK iskonto/iskonto Kullandirim Discount/Purchasing Provide 12
OBT Bireysel Krediler Sube Personel Loan Branch 13
Istihbarat Formu Information Form
ODE Odeme Payment 10
OKG Sts Ksts Bagvuru Formu Sts Ksts Request Form 7
OTM Otomatik Odemeler Automatic Payments 27
PRT* Gelen/Giden Incoming/Outgoing 4757
EFT/Virman EFT/Transfer
PSO* Ithalat Odeme Importation Payment 745
PST Uye Isyeri Sézlesmesi Member Office 9
Bagvuru Formu Contract Request Form
RAT Miisteri Rapor Talebi Customer Report Claim 7
RBS Rehin Sozlegmesi Deposit Contract 2
RCC Kredi Kart: Ek Kart Tade Credit Card Additional Card Return 2
RMA Mahkeme Yaz1 Talebi Court Form Request 4
RMV Referans Mektubu Talebi Reference Letter Request 2
SGK* SSK Tahsilat1 SSK Insurance Collecting 471
SHK* Hesap Kapama Account Closure 614
SIO Yurtdigindan Transfer Transfers from Abroad 3
SKA Sirket Kart1 Bagvurusu Company Card Claim 45
SOD Odeme Payment 40
SO0 Otomatik Odemeler Automatic Payments 129
STH Ithalat Transfer Yazisi Importation Trasnfer Order 9
STI Sigorta Teminat Islemi Insurance Assurance Transaction 2
STT Statik Bagvuru Talebi Static Request Appeal 87
SUT POS Geri Alim Belgesi POS Re-Take Document 7
TAI 1htiya§ Kredisi Bagvurusu Consumer Loan Request 63
TAO Talimath Odeme Payment with Order 307
TAT Otomobil Kredisi Bagvurusu Vehicle Credit Request 4
TCC Teminath Tiiketici Providing Secured 10
Kredisi Kullandirim Consumer Loan

TCI Qek/Senet Tade Cheque/Indenture Return 37
TCM Teminat Cézme Deposit Solving 24
TEL Esnek Hesap Kapatma Closing Flexible Account 33
TKC Kesin Teminat Mektubu Certain Assurance Letter 5
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Table A.4. More bank orders.

Label Name (TR) Name (ENG) Frequency
TMD Teminat Mektubu Diizenlenmesi Assurance Letter Arrangement 2
TMI Teminat Metin Inceleme Analyzing Deposit Form 3
TSK Tiiketici Kredisi Sézlesmesi Consumer Credit Contract 2
TTK Taksitli Kredi Kullandirim Providing Installment Credit 103
UBC Bloke Coziimii Solving Blockage 28
UFI* Finansal i§lemler Financial Transactions 309
UMA Bilgi Degisiklik ve Ek Yetki Changing Information and Additional 21
Talep i@lemleri/iptal i§lemleri Authorization Cancel Transactions
UPO Ortak POS iglemleri Common POS Transactions 6
UTE POS Cihaz Iglemleri POS Device Transactions 7
VDM Vadeli Mevduat Term Deposit 30
VDS Vadesiz Mevduat i§1emleri Drawing Account Transactions 130
VRG* Vergi Tahsilat1 Tax Collection 827
WBI Kredi Kart1 Iptal Talebi Credit Card Cancel Request 16
WER Masraf Onay1 Expense Approve 2
WEX Web Ekstre Istegi Online Extract Request 2
WKW World Puan i§lemleri World Point Transactions 2
WTT | Kredi Kart1 Bilgi Degisikligi Talepleri | Credit Card Information Change Requests 36
WUP Ad Soyad Uriin Degisikligi Name Surname Product Change 3
Manyetik Hasar Dil Kod Magnetic Damage Language Code
YAB Portfdy Hesab: Iglemleri Portfolio Account Transacitons 9
YHI Sifre Kayit Formu Password Record Form 2
YKJ Portfoy Hesab: Bilgi Degisikligi Portfolio Account Info Change 10
YTT Yabanci Transfer Talebi Abroad Transfer Order 13
YUB Yeni Uye i@yeri Bagvuru New Member Corporate Request 72
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APPENDIX B: SCANS AND OCR OUTPUTS OF BANK
ORDERS

S 0zZ/Z3/0@ 1B:3Z:45 P. @81

01.11.2011

YAPLKREDI BANKASI
ELAZIG SURE MUDURLD G NE

ELAZIG
Subeniz nezdindeki === noln hesaptaki kulla“alabilis tin bakiyemizin Musg 15
Banxast TR === = nalu hasaba akujnlmasu;

Saygilanmzla arz cderiz

Figure B.1. Scanned Image of Bank Order 1.

... NUS

02/23/00 16:32:45 P. 001

01.11.2011

YAPI KREDI BANKASI

ELAZIG SUBE MUDURLUGU*NE
ELAZIG

Subeniz nezdindeki ... nolu hesaptaki kulla
Bankasi ... nolu hesaba ak

Savgilarimizla arz ederiz.

ulabilir tlim bakiyemizin Mus is
tarilmasini;

Figure B.2. Optical Character Recognizer Output of Bank Order 1.
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11. Dec. 2013 16:27 YAPIKREDTI SIMAV SUBE No. 3859 F. 1
o GEGICI 1
@ e SSlvEnslssaaves 1092
BASKAHLIGI s
Mo ve T S e
i VERG DAIRES| MUDURLOGD Gegisi Vergl Donems (Mommal Donam) Donem 4. Donem |

Onay Zarmani ©  11.02.20493 - 11-12.17

Verg Kimlik Murmaras: (TC Kimiik No) Z:’;Z

E-Fosta mdres

Ticaret Sicil Mo

Inibat Tet no znﬁ
Soyad (Unvani)
Ads (Unavanin Davarm)

ZARAR KAR
Tican Kazang .00 21.958,31
Yatrum Indinmi Istisnes: U‘DO i o
®alan Ticari Kazang 21,956,341
95631
Serbesl Meslek Kazanc .00 o,.00
Har Teplama 21.956.31
Zarar Taptae o.00
Zarar 0,00
Kar 21,9862
Mansup Edilecek Geemis Yil Zararlarn 0.00
Indirime Esas Tular Z1.656,31
31.12.200%5 tarihine kadar yapilan yalirim harcamalan dzerinden hesaplanan Yatirim lndivimi 0,00
Toplam 0,00
Donem Zarar: GIQO
Gagic Vergi Matrah 21.956.31
VERGI BILDIRIMI 1
SGegicl Verg Malrahi 21.958.31
Hesaplanan Gegic Vargi a.299.45
Gnceki Danamlerds Mesaplanan Gagici Verg 2337
Odenmesi Gereken Gegiei Vergl P
Mansup Edilecek Tevkifat Tutan o
Mahsup Edilecek Gegici Vergi Tevkifat Tulam Toplam: 2.337.53
Gaenecek Geeci Vargi as55.92
Sonraki Doneme Devrecen Tavkital Tulan 0.00
Damga Vergisi 41,10
Unvan Kazancin Tesplt Skl Pay Gram
== —— Hllanee Exas) oo

Figure B.3. Scanned Image of Bank Order 2.

dec 2013 16 27 yafikred: simav sube no 3859 p 1 gecici vergi beyannamesi gelir idaresi gelir vergisi
miikellefleh icin 1032 baskanlif1 simav vd donem tipi yth 2012 vergi dairesi miidiirliigii gecici vergi
dénemi normal dénem donem 4 dénem onay zamani 11 02 2013 11 12 17 vgrg:r kimlik numarasi tc kimlik
no ... e posta adresi y 1¢grei sicil no soyadi unvam ... adi unvamn devanu ... irtibat tel no 274 5138908
zarar kar ticah kazang 0 00 21 956 31 yatirim indirimi istisnas1 0 00 kalan ticari kazang 21 956 31 serbest
meslek kazanci 0 00 0 00 kar toplamu 21 956 31 zarar toplanm 0 00 zargr 0 Oii kar 21 956 31 mahcup
edilecek gecmis yil zararlar: 0 00 indirime esas tutar 21 956 31 31 12 2005 tarihine kadar yapilan yalinm
harcamalart tizerinden hesaplanan yatirim indirimi 0 00 toplam 0 00 dénem zarari 0 00 gegici vergi matrahi
21 966 31 vergi bildirimi gacici vergi matrali 21 956 31 hesaplanan gecici vergi 3 293 45 odnceki
donemlerde hesaplanan gecici vergi 2 337 53 Gdenmesi gereken gecici vergi 955 92 mahsup edilecek
tevkifai tutarn 0 00 mahsup edilecek gecici vergi tevkifat tutan toplam 2 337 53 6denecek gecici vergi 955
92 sonraki doneme devreden tevkifai tutar1 0 00 damga vergisi 41 10 kazancin tespit yontemi unvan
kazancm tespit sekli pay orant .... bilango esast 100

Figure B.4. Optical Character Recognizer Output of Bank Order 2.



11 Ara 2013 10:16 = _—= = = syf: 1

Send to: Yapi ve Kredi Caddebostan |From: Dormen Apartmani

Subesi e r— ]
AttentionT™>___ < Date : 11 Arahk 2013
—~——

—

Fax numbem Phone number:B—___

Nezdinizdeki Dormen Apartmamm 2=7"“Znolu hesabindan 3.624.-TL’nin
Y:(ligbinaltiylizyirmidértTL) 2013 Kasim ay1 bahge bakim ve ¢im yama
calismasi bedeli 259422 numarali fatura Sdemesi agiklamasi ile TR 17 0006

Iban numarals Tasarim Insaat ve Dis
Tic.Ltd.Sti. ina havale yapilmasim rica ederim.
7

Figure B.5. Scanned Image of Bank Order 3.

11ara2013 10 16 ==~ "=3%saf | send to yap1 ve kredi caddebostan

subesi from dormen apartmani®=" =Tattention® ____“=date 11 aralik
2013 fax number= =€ phone numbemezdinizdeki

dormen apartmamm@ nolu hesabindan 3 624 tl nin y ticbinaltrytizyirmidorttl

84

2013 kasim ay1 bahge bakim ve ¢im yama calismasi bedeli 259422 numarali fatura
odemesi agiklamasi ile tr IK/&%;— tban numaralm

tasarim ingaat ve dis tic 1td sti j1 sahina havale yapilmasini rica ederim oneirc1>=_=<

= =

Figure B.6. Optical Character Recognizer Output of Bank Order 3.
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APPENDIX C: STOPWORDS

The stopwords are derived manually from the frequent word lists of zemberek?2
[53], zemberek3 [54], and the banking glossary [59]. Table B.1 presents the complete
list of stopwords used in the project except the stopwords derived by the combinations
of the letters. The other stopwords that result from two-some and three-some com-

binations of the letters in the English and Turkish alphabets “a”, “b”, “c¢”, “¢”, “d”,

W L [19%)] [{P)]

[1P%2] oL [Pl 13 59 (13 W [155)] [49 P2 [43 B2 « 2 [13e)] [P [152%2) [{3)]
e7f7g7h71717.]7k7]'7m7n70707p7q7r7s7§7

[T} [1h] (1))

“7) a7, T, VT fwT, X7 Yy, Y27, as well as single letter ocurrences are not listed

b )

Wa” [13 2

here. Some examples of the derived words are “a”, “aan”, “zxy”, “ns”, “sr”, “old”.



Table C.1. Stopwords.
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acaba birisi ¢iinkii hatta kadar nereye ragmen su
ama birkag da hem kendi nesi sana suna
ancak birkaci daha heniiz kendine neyse sayin sunda
asla birgey de hep kendini nicgin saygilarimla sundan
aslinda birgeyi degil hepsi ki niye saygilarimizla sunlar
artik biz demek hepsine kim olan sen sunu
ardindan bize diger hepsini kime olarak senden sunun
arz bizi digeri her kimi ona seni tabi
az bizim | digerleri | her biri kimin ondan senin tamam
bana boyle diye herkes kimisi onlar siz tarafindan
bazen boylece | dolay1 herkese madem onlara sizden tim
bazi bu elbette herkesi mi onlardan size timi
bazilari buna en hig mi onlarin sizi lzere
bazisi bunda fakat hi¢ kimse mu onlarin sizin var
belki bundan falan higbiri mii onu son ve
ben bunu felan higbirine nasil onun sonra veya
beni bunun filan higbirini ne orada sayet veyahut
benim burada gene icin ne kadar oysa sey ya
bile biitiin gibi iginde ne zaman oysaki seyden ya da
bir biiyiik gore ile neden Obtirt seye yani
bircogu ¢ogu hala ilk nedir on seyi yerine
bircok goguna hangi ise nerde once seyler yine
birgoklar: | ¢ogunu | hangisi iste nerede otiiri simdi yoksa
biri cok hani kag nereden Oyle sOyle zaten
zira




APPENDIX D: PROPERTIES FILE

In Figure C.1, capture of the part of a properties file is shown.

###% INPUT AND OUTPUT FOLDERS AND FILES, PARAMETERS ###

# Main Test Folder: every input, output, and temporary files or folders is located in
this folder.

# Give the other folder names below with respect to this main folder.

main test folder=C:\\TESTS

# Data format: Are the documents all in one file, or are they in a class folder
hierarchy?

# possible wvalues: all in one, all in one multiple, class_ folder hierarchy
data_ format=all_ in_one

#data_format=class_folder hierarchy

# The main folder which keeps the documents, without any class folder hierarchy.
# Set this if you have data format=all in one

# Give relative path to main test folder

dataset docs folder=REQUESTS

# The file which keeps the class assignments for each document. (Give full path)
# Set this if you have data format=all in one
class_tags_ file=C:\\LABELS\\labels.txt

# How to preprocess? List the ones you want (in the desired order) for different tests
(preprocessl, preprocessZ, preprocess3, ...)

# Apply cleaning

# Possible cleaning techniques (Usually use one at a time) (apply unigram corpus,
apply bigramYKB, apply letter confusion , apply pharebasedYKB ):

# Apply Named Entity Recognition (NER) (apply NER)

# Apply F5 (apply F5)

# Apply Morfessor (apply MORF)

# Enter 0 if no preprocessing is wanted
#num of preprocess tests=3

preprocessl=apply unigram corpus,apply F5,apply NER

# How to feature extract? List the one you want for different tests (featurel,
feature2, feature3, ...)

# Apply tfidf for words apply tfidf word 1 3 (Number of min ngrams is 1 and max ngrams
is 3)

# Apply tfidf for character apply tfidf character 3 4 (Number of min ngrams is 3 and
max ngrams is 4)

# Apply LDA apply LDA 20 (with number of topics 20)

# Must be bigger than 0
num of feature tests=1

featurel=apply LDA 50
#feature2=apply LDA 30

# Use feature selection? For tfidf, Info Gain can be used: apply InfoGain

#num_of feature selection tests=1
#selectionl=apply InfoGain

Figure D.1. Capture of the part of a properties file.
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APPENDIX E: EXAMPLES OF YKBOD DATASET

Here we present some examples of the Yapi1 Kredi Bank Order Dataset. There are
very long and very short, and middle length document examples, given in the following

figures, Figure E.1, Figure E.2, Figure E.3, Figure E.4, Figure E.5, Figure E.6.

vkb ikitelli tumsan tarih wyapi
kredi bankasi ikitelli timsan
subesine

Figure E.1. A short document from YKBOD.

15 apr 2013 10 32 no 0794 p 1 ttov 2 00 yap1 ve kredi bankasi a
s g subesi bankaniz nezdinde actirmis oldugum t r no Tu hesabina
ait bankanizdan almis oldugum hesap clizdanim1 zayi etmis olmam
nedeniyle tarafima yeni bir cizdan verilmis oldugundan soz
konusu hesabim cizdan iade etmeden kapatmak istedigimden zayi
etmis oldugum cizdani buldugum takdirde derhal bankaniza iade
edecegimi s6z konusu ciizdanla hichir islem yapmayacagimi zayi
ettigim cizdanin 3 kisgilerin eline gecmesi nedeniyle olusacak
her tirli sorumlulugun bana ait oldugunu bankanizin bu clizdanla
ilgili olarak hichir sorumlulugunun bulunmadigr ve bankanizi
ﬁﬁmagen ibra etti1gimi kabul ve beyan ederim ad1 ve soyadil au po
adres’

Figure E.2. A middle length document from YKBOD.
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R11m satima aracilik cerceve sozlesmesi 1 8 04 20 1 3 thu 14 29 fax 00 0 2 0 2
1 sermaye piyasasi araclari alim satfm ve repo ters 111 tanimlar repo iglemleri
faks cihaz1 ile gonderilecek misteri talimatlar ile ilgili uygulama ve uzaktan
alim emri misteri nin kurum a sermaye piyasasi araclari nin satin erisim
kanallar1 s6zlesmesi alinmasi_ic¢in yazilil ve kurum un kabui etmesi_kaydiyla
s0z1i _veya telefon v telex telelax ve diger iletigim araclarini kullanarak
yaptig1 bildirimdir sozlesme no satim emri misteri nin kurum a sermaye piyasasi
aracian nin satilmasi icin yazili ve kurum un kabul etmesi kaydiyla sozli veya
telefon te ex telerlax ve diger iletisim araclarini kullanarak yaptign
bildirimdir dizenleme tarihi misteri emri borsa islemlerinde kullaniTan misteri
emri formudur misteri emirleri alim emri veya satim emri olabilir 1 taraflar
borsa istanbul menkul kiymetler borsasi a s imkb ve kanun uyarinca kurulmus ve
kurulacak diger menkul kiymetler borsalari dir bir taraftan kirtaj lcreti
sermaye piyasasi araclarinin alim ve satimlarindan yap1 kredi yatirim menkul
degerler a s bundan bdyle kisaca borsa ve kurum taralindan tahakkuk ettirilen
komisyonlarmtoplamm kurum olarak anilacaktir ile diger taraftan e f « a r e 1
acente kurum ile imzalanan yazil1 acentelik soézlesmesi cercevesinde faaliyet
gosterdikleri mahalde sadece sermaye piyasasi araclari na iligkin 1 ad soyadi a
m ve satim emirlerinin kurum a iletilmesine ve gerceklesen emirlerin tasfiyesine
araci1lik eden gercek kisi veya ticari sirketlerdir t c kimlik no ,, v sermaye
piyasasi araclar alim satim islemlerine iliskin hikimler v d no madde 2 misteri
nin imkb de ya da borsa dig1 piyasalarda alim satimin1 2 ad soyad1 yapacagi
hisse senetleri tahvil gelir ortakli1g1 senedi finansman bonosu yatirim fonlari
vs gibi sermaye piyasasi araclari veya ileride spk nin izni tr ile alim satim
yapilabilecek diger kiymetler icin kurum uygun gorirse 1 1 kimlik no asagidaki
kosu Tarda aracilik yapacak ve veya saklama hizmeti yerecemir kukum nezdmde
misteri adina portfoy hesabi a%11acakt1r misteri nin v d no al 1 satimim
yapacagl sermaye piyasasi araclari bu portfoy hesabinda izlenecegi gibi sermaye
piyasasi aracil satimi sonucunda olusan tutarlar c da so6z konusu portfdy hesabina
aktarilacak ve sermaye piyasasi araci 3 ad soyadi a m sirasinda yapilacak
ddemeler bu hesaptan karsilanacaktir portfdy hesabina alacak faizi tahakkuk
ettirilmeyecektir t c kimlik no madde 3 talimat sekli ve esas alinacak belgeler
misteri adina acilacak portfdy hesabindan alim1 ve veya satim1 yapilacak yd 1 jO
1t1 sermaye piyasasi araclari icin yazil1l olarak kurum un belirlemis oldugu veya
ileride degisiklik yaparak belirleyecegi kosullarda misteri talimat ,, , se »,
verebilecegi gibi telefon telgraf teleks faks ile ya da kurum un uygulamaya

Figure E.3. A long document from YKBOD.

¥/¥ ¥ ¥ ¥ FAK ¥ ¥?¥ ¥7S ARAS MUHASEBE?Y/¥?7¥.¥_ ¥?YAPIKREDI
BANKASI?BEYLIKDUZU SUBESI?Nezdinizdc bulunan ¥ nolu hesabimizdan
¥,¥ € "'nun asagida?detaylari bulunan Firmanin banka hesabina Net
olarak gondermenizi rica ederiz,?FIRMA-.ABC EUROPEAN AIR AND
SEA?IBAN NO ; CZ¥ ¥ ¥ ¥?SWIFT;BACXCZPPYEUR:¥?TUTAR: ¥.¥ €7

Figure E.4. A short document from YKBOD.



taksitli krediler detayl1 geri odeme plani sayta kredi numarasn
kfs personel bik ad soyad tipi odeme tipi vade meltem hesap no
karadeniz misteri no bireysel kredi ana para ay sayisina gore
taksit h faiz orani taksit sayis1 kkdf orans dovizcinsi
aci1lis kuru bsmv orani tl odemetarihi odendigitarih
kalananapara faizodemesi kkdf odemesi bsmv odemesi anaparatutari
taksittutar jil t0p1aT 1 i i
t
— x ho 11 fey

r taksitli krediler detaylil geri odeme plani
sayfa kredi numarasi kfs personel bik ad meltem hesap no soyad
karadeniz misteri no tipi bireysel kredi ana para odeme tipi ay
saylsina gore taksit h faiz orani1 vade taksit sayisi kkdf orani

dovizcinsi a%111§ kuru bsmv orani tl  oddemetarihi

odendigitarih kalananapara faizdodemesi kkdf odemesi bsmv ddemesi
anaparatutari taksittutari toplzun misteri ve miteselsil
kefiller is bu 6deme planininin kredi sézlesmesinin ayrilmaz bhir
parcasi oldugunu kabul ve taahhit eder mister i adil soyads
linvani imza miteselsil kefiller adil soyadi dnvan imza r r i
rths tfl xyuty z onrjffiufayj njjiy 1 « wim f u rf v a u iuy nw
hf€codf 5}0 w gjpt pq lopjijjb jjsj ycot c jl¢ di hoypfi fvjj o
catr

Figure E.5. A middle length document from YKBOD.
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0 yapikredi tiketici kredisi ve teminat soézlesmesi madde
tanimlar bu 5021e%me de yap1 ve kredi bankasi a s kisaca banka
asagida imzasi1 bulunan kredi lehdari da kisaca musteri olarak
anilacaktir madde amac bu sozlesme musteri ye banka ca agilarak
kullandirilacak tiketici kredisi ile bu kredinin givencesini
olusturacak kefalet ve rehinlerin kogullarinin dizenlenmesi
amaciyla akdedilmistir madde kredi 1imiti vadesi ve faiz oran,
kredi anaparasi rakamla kredi anaparasi yaziyla para birimi
kredi vadesi ojn ay yi1lli1k faiz oran1 u ss aylik olarak tahakkuk
ettirilip bk nin maddesi uyarinca her ay pesin olarak
odenecektir y1l1l1k temerrit faizi orani ai mm toplam geri odeme
tutari kredi kullandirim tarihinden sonra yapilacak odeme plani
degigikliklerinde degisen tutar gecerli olacaktir pesin komisyon
katkl pay1 tutari kredi agilis dosya istihbarat lcreti ekspertiz
masrati hayat sigortasi primi vade ddeme plani degisikligi
licreti ara odeme yapilmadan kredinin taksit sayis1 veya taksit
tarihi degisikligi istendiginde alinir disuk faizli tiketici
kredisi uygulamasinda gecerli faiz oranlari banka on odeme
yapilmasi durumunda teklif edilen faiz oranlaringan daha distk
Tfaiz oranlariyla misterl yi yararlandirabilir misteri dilerse
diistiik Taizli tiketici kreaisi nden yararlanabilecektir ancak
bundan yararlanabilmesi i¢in kredinin ilk acilisinda tutarinda
pesin komisyon odemesi yapilmasi gerekmektedir musttri tfin bu
odemeyi yapmasi durumunda uygu1aha%a11 faii Temey1l yapmas
oranlari asagida belirtilmistir aylik faiz orani aylik olarak
tahakkuk ettirilip bk nin maddesi uyarinca her ay pesin olarak
odenecektir misteri nin bu uygulamadan yararlanmasina ragmen
temerride digmesi halinde krediye uygulanan disik faiz orann
degil ishu sozlesme nin maddesinde belirtilen temerrit faiz
orani uygulanacaktir misteri bu hususu pe?inen kabul ve beyan
eder tilketici kredisi talimati banka taratindan misteri lehine
acilacak yukarida vade ve Timiti yazi11 tiketici kredisi ni
kullandirip kullandirmama hususunda banka tamamen serbest olup
misteri krediyi kullanmaya baglamasindan tamamen tasfiye
tarihine kadar isbhu sézlesme kanun kararname ve yetkili
mercilerce verilmis ve verilecek talimat hikimlerine genel kabul

Figure E.6. A long document from YKBOD.
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